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Language involves several levels of abstraction, from small sound units like
phonemes to contextual sentence-level understanding. Large Language Models
(LLMs) have shown an impressive ability to predict human brain recordings. For
instance, while a subject is listening to a book chapter from Harry Potter, LLMs can
predict parts of brain imaging activity (recorded by functional Magnetic Resonance
Imaging or Electroencephalography) at the phoneme or word level. These striking
results are likely due to their hierarchical architectures and massive training data.
Despite these feats, they differ significantly from how our brains work and provide
little insight into the brain’s language processing. We will see how simple Recurrent
Neural Networks like Reservoir Computing can model language acquisition from
limited and ambiguous contextual data better than LSTMs.

My work includes modeling language comprehension, language acquisition from
a robotic perspective, sensorimotor models, and extended models of Reservoir Com-
puting to model working memory and hierarchical processing. I propose creating a
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new generation of neural-based computational models of language processing and
production, utilizing biologically plausible learning mechanisms that rely on recur-
rent neural networks. This approach involves developing novel sensorimotor mecha-
nisms to account for the shaping of action-perception, building hierarchical models
from the sensorimotor to the sentence level, and embodying these models in robots.

I aim to model general hierarchical sensorimotor processes; thus, our models are
not only relevant to language or vocal learning, but are interesting for a larger set
of sensorimotor tasks.

1.1 Introduction and Insights

Let’s make an experiment. I call it the "Repeat after me" or "Would I be able to
reproduce these sounds?" challenge. Open the radio or TV on a random channel,
listen to the first sentence you hear, wait five seconds, and try to repeat it entirely.
You probably managed to repeat nearly the same sentence, at least it had the
same meaning. Now switch to a channel speaking in a totally unkown language
to you, and do the same. You will probably need to make an arbitrary guess of
when a sentence begins and ends. In the end, you may be able to imitate a few
syllables, but not much more... Why is it so difficult? Because you already struggle
to imitate all the different syllables separately and cannot represent them clearly in
your mind. Moreover, you are not able to properly distinguish the different words in
the sentence, thus you have no chance to access a glimpse of the sentence’ meaning.
Unless you help yourself by guessing part of it from the context of the TV broadcast.
After this unsuccessful trial, you take a walk outside. You listen to the birds singing,
and then you think again about this challenge: "Would I be able to reproduce these
sounds"? You can try to wisle a bit, but you know you will need quite some time
to learn it (if you ever manage to do so).

Maybe, this is probably not very friendly to start with an impossible challenge.
Let me comfort you for a moment. . . after all, your brain remains significantly more
capable than present-day Artificial Intelligence (AI) while handling such challengin
tasks. Indeed, your brain is able to catch a lot of information on the fly ! This
may not sound impressive at start, but most wellknown AI systems today (e.g.
ChatGPT, Gemini, ...) can’t do it. As you can see on Figure 1.1, your brain has
to first process sounds into phonemes, into words, into sentences, and so on, while
understanding the context in the utterance. It’s extraordinary to pull this off in real
time!

Why is it difficult for AI? First, it is still extremely hard for AI systems to do
these kind of operations while adapting to the current context. When using an
AI to transcribe a meeting about a particular technical topic, you’ll notice that
many words (more or less similar in sound, but quite different in meaning) are being
recognized instead of the ones you actually said. This is because speech is often
ambiguous without context, but that doesn’t matter for our brains because we are
able to cope with it most of the time. In case we didn’t understood one word we
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Figure 1.1: Abstraction levels that your brain needs to go through to understand
an utterance (starting from the center). Image from Wikimedia.

are able to interrupt the speaker to make it repeat the word we didn’t understood
quickly to let him continue. Second, understanding a sentence before it ends and
interrupting on the fly is also very hard for AIs, mostly because they are made to
build full parse of sentences or are trained on well formed written texts1. More
generally, most AI systems are not built to be able to answer partially at any time2:
they often need to wait until the end of an utterance to start process and generate
the adequate answer. This is a fundamental difference with how your brain is built:
if it detects an imminent danger, your brain is able to activate your muscles (to fight,
flight, or freeze) in few hundreads milliseconds even before you may be conscious
of what is exactly going on. Hence, on the fly is the default mode of our brains.
AI machines doesn’t process and produce language as we do, because they are not
built to fight, flight, or freeze.

Another key reason why AI and brains differ is the amount of data used for
learning. Nowadays, the most impressive quantity of data is used for Large Lan-
guage Models (LLM): e.g. Llama 3 was trained 15 trillion tokens (15 followed by
twelve zeros) [Grattafiori et al. 2024]. A token could be a word, a part of word or
sometimes a character: there are the input and output elementary units that LLM
process and produce. In average it corresponds to 0.75 of a word [OpenAI 2026].
Assuming a human is reading 250 words a minute in average, one would need more
than 100.000 years to read these 15 trillions tokens, not counting the essential breaks

1Some AI labs like Kyutai (Paris, France) working specifically on these challenges are making
great progress in the last years, but they don’t take inspiration from the brain to do so.

2In computer science, an anytime algorithm (also reffered as anytime process) is an algorithm
designed to return a valid solution to a problem even if it’s interrupted before it finishes running.
Most algorithms in AI are not built that way.

https://kyutai.org/
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a human needs. These numbers seem inconceivable to the human mind. On the
contrary, children are able to speak fluently within just a few years—despite be-
ing exposed to far less data than LLMs—and they acquire a deeper, more intuitive
understanding of the real world. The aim of this chapter is to explore potential
cognitive and developmental models that could help explain the underlying mecha-
nisms of this rapid acquisition. This remarkable efficiency in learning remains poorly
understood. However, one of the answers may lie in another key difference between
AI and human babies: unlike AI, children learn in a developmental way, progressing
through distinct stages [Thelen & Smith 1994] (see Fig. 1.2). Some early models
had been already developed [Oudeyer et al. 2007], but in Machine Learning (ML)
in general such learning by successive stages is reffered to as curriculum learning.
In practice, curriculum learning is often implemented as a scheduling of training
samples from easy to difficult [Bengio et al. 2009]. This is markedly different from
developmental learning in children, which involves changes in cognitive and per-
ceptual abilities, and in internal representations, rather than only changes in the
order of presented data. In children, each developmental stage builds on previously
acquired abilities: each new stage is bootstrapped from a set of prerequisite skills.
This bootstrapping mechanism is crucial because it strongly constrains the space
and actions that must be explored at each stage, thereby drastically reducing the
effective learning complexity. This progressive accumulation of competencies pro-
vides a powerful source of sample efficiency and explains how complex behaviors
and representations can emerge from limited experience. In contrast, most current
AI/ML systems lack such explicit mechanisms for developmental bootstrapping, and
therefore cannot leverage previously acquired internal structures as prerequisites for
the acquisition of more advanced skills.

We are not yet done with the differences between our brains and AIs. The fact
that LLMs require so much data can be seen as a consequence of the remaining
differences. First, they learn by predicting the next token (∼0.75 word) in billions
of sentences. They started to generate qualitative enough language (that enable
human-level discussions) only after they were trained on such amount of data. This
is because they need to store huge amount of statistics on language to be able
to generate these qualitative interactions that seem natural to humans. But why
storing complex statistics? Because, when answering, to select the next token to
generate, they need to produce probabilities for all possible tokens3. In other words,
in order to produce natural sentences with the contrain of generating it token by
token – because that’s how they were trained – they don’t have the choice but to
very precisely imitate the statistics of our language. Of course, humans produce
also sentences by articulated chunks of phonemes, but they have a global idea of
the sentence they want to produce instead of computing statistical relations at the

3More precisely, the selection of the next token is done through a stochastic (i.e. random)
process, which favor most probable tokens, but doesn’t take always the most probable, otherwise
the sentences would not look natural, and the LLMs would be often stuck in loops such as “the cat
that sees the mouse eaten by the cat that sees the mouse eaten ...”. The full process is repeated
once again for each token.
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Figure 1.2: There are common vocal developmental stages for both songbirds and
humans, here shown for the first year. In green we see the perceptual stages and
in pink the production stages. Both songbirds and humans have critical periods
for sensory learning, and a babbling phases (called subsong for songbirds. This
means there are probably common mechanisms that lead to these common devel-
opmental stages. Modified from our review on vocal sensorimotor learning models
[Pagliarini et al. 2021]. Inspired from [Kuhl 2004] and [Doupe & Kuhl 1999]. Baby
image: Wikimedia. Bird image: generated with AI.
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Figure 1.3: Attention mechanism in Transformers/LLMs needs to process all words
at all times. For each word in a sentence (and more generally in its context window)
it needs to compute how this word is “attending” to all other words. This is repre-
sented by a matrix, meaning that for n words in the context window, n ∗ n = n2

operations will be performed at each time. Image generated with AI.
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sub-word level.

Secondly, our brain process one word after another, whereas LLMs process all
tokens of a given discussion at once, and they have to do it again for each token
they produce! This is due to the attention mechanism [Vaswani et al. 2017] (see
Fig. 1.3): in order to predict the next token, they have to read all previous tokens in
their context window... all the time. This sounds technical but it has a huge impact.
For instance, if you ask for a summary of what Hermion did in one of Harry Potter
book chapter (giving a copy of this chapter book along with your question), a LLM
will need to read all the chapter again and again for each token it is generating! In
no way this is similar to the way our brain is working, and this represents a huge
amount of computations and energy consumption. This is one of the reason why our
brain is way more efficient than LLMs and only consumes about 20 watts (similar
to two energy-saving light bulbs).

To put it in perspectives of theories in cognitive sciences on the predictive brain,
I do not believe the brain is learning by predicting the next input as LLMs do.
First because, in order to process on the fly the brain is probably doing something
else4 [Christiansen & Chater 2016, Christiansen et al. 2016] than just trying to pre-
cisely predict the next input. Secondly, the fact that LLMs require massive amounts
of data suggests that next token prediction is not an efficient learning strategy. By
contrast brains likely relies on fundamentally more efficient learning mechanism
since they learn from very limited data in comparison.

Building on these ideas, in this chapter I introduce models of human language
acquisition and processing by focusing on important brain features that we have
discussed above. Our models have several aims: (1) process inputs on the fly, (2)
learn with as little data as possible, (3) use biologically plausible algorithms, (4)
learn in interaction with the world in order to learn within a sensori-motor loop
enabling an agent to imitate and correct itself autonomously. An advantage of such
features is that they ease the implementation of such models in robots in order to
perform experiments on language grounding and embodiement.

4Christiansen Chater propose that the brain is in the Now or Never Bottleneck prob-
lem [Christiansen & Chater 2016] when processing a stimulus (e.g. an utterance): it is forced
to extract the necessary information as soon as possible, otherwise the information will be lost.
Thus, the rich perceptual input needs to be recoded as it arrives in order to capture the key
elements of the sensory information [Christiansen et al. 2016]. These compressed (or chunked)
representations are abstractions of inputs (filtering out the details) rather than predictions encod-
ing all the fluctuations of fast incoming inputs. Memory limitations also apply to these recoded
representations; hence the brain needs to chunk the compressed representations into “multiple levels
of representation of increasing abstraction in perception, and decreasing levels of abstraction in ac-
tion” [Christiansen et al. 2016]. Therefore, each sequence of chunks at one level will be encoded as
a single chunk to a higher level. In summary, they suggest the brain must implement a hierarchical
“Chunk and Pass” mechanism to solve the “Now or Never Bottleneck” problem.
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1.2 Need for bio-plausible models of language processing
and acquisition

In this section, we argue that current language models, despite their performance,
fail to capture key biological principles of language processing and acquisition, moti-
vating the need for grounded, hierarchical, and action–perception–based neurocom-
putational architectures.

For less than a decade, deep learning networks have been shifting the
limits of benchmark performance in natural language processing (NLP) (e.g.
[Devlin et al. 2018, Brown et al. 2020, Achiam et al. 2023]), motivating the cre-
ation of new types of evaluation frameworks such as the ARC-AGI chal-
lenge [Chollet 2019]. These breakthroughs have been enabled by new kinds
of representations and mechanisms (e.g. context-dependent word embed-
dings [Devlin et al. 2018], attention [Vaswani et al. 2017], etc.), which are in-
tegrated into increasingly complex architectures [Jiang et al. 2024], and, for
some models, combined with reinforcement learning from human feedback
(RLHF) [Hejna et al. 2023].

However, the brain must parse and learn from incoming stimuli incrementally;
it cannot unfold time in the way required by the back-propagation through time
(BPTT) algorithm. As a result, we still lack the key neuronal mechanisms needed to
properly model the hierarchies of functions involved in language perception and pro-
duction. Other models of language processing that aim to reproduce brain dynam-
ics, such as Event-Related Potentials (ERPs) [Brouwer & Hoeks 2013] or functional
Magnetic Resonance Imaging (fMRI) [Garagnani et al. 2008], have been developed.
Nevertheless, these models often lack explanatory power regarding the causes of the
observed dynamics, that is, what is computed, why it is computed, and for what
purpose. We therefore need more biologically plausible learning mechanisms that
can also provide causal explanations of the experimental data being modelled.

There is converging evidence that language production and comprehension
are not separate processes within a modular mind; rather, they are interwoven,
and this interweaving enables individuals to predict both themselves and oth-
ers [Pickering & Garrod 2013]. The interweaving of action and perception is crucial
because it allows an agent (or a baby) to learn from its own actions, for instance
by learning the perceptual consequences (e.g. the sounds heard) of its own be-
haviours (e.g. vocal productions) during babbling [Schwartz et al. 2012]. In this
way, the agent learns in a self-supervised manner rather than relying solely on
supervised learning, which, by contrast, presupposes non-biological teacher sig-
nals explicitly designed by the modeller. However, we still lack neuronal models
that causally explain how these perceptuo-motor units emerge and are shaped over
development. More specifically, the existence of sensorimotor (i.e. mirror) neu-
rons at abstract representational levels (often referred to as action-perception cir-
cuits [Pulvermüller & Fadiga 2010]), together with the perceptuo-motor shaping of
sensorimotor gestures [Schwartz et al. 2012], suggests the presence of similar action-
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perception mechanisms implemented at different hierarchical levels. How can we
move towards such hierarchical architectures grounded in action-perception mecha-
nisms?

Taken together, these observations suggest that biologically plausible models of
language must integrate hierarchical action–perception mechanisms with grounded
semantic learning. More generally, this concern can be framed within the Symbol
Grounding Problem, originally formulated by Harnad [Harnad 1990], which high-
lights the requirement that systems manipulating symbols must ultimately “anchor”
their meanings in “raw” perceptual experience. Importantly, a language processing
model requires a mechanism to acquire the semantics of (symbolic) perceptuo-motor
gestures as well as of more abstract representations; otherwise, it would be limited
to morphosyntactic and prosodic features of language. These symbolic gesturesneed
to be grounded in the mental concepts they represent, namely the signified. Several
theories and robotic experiments provide examples of how symbols may be grounded
or how they may emerge [Taniguchi et al. 2016]. These are important conceptual
questions for AI (Artificial Intelligence) in robotics, and, from a neuroscientific per-
spective, for understanding how the brain solves these problems. However, current
neurocomputational models that aim to explain brain processes generally lack such
grounding. Robotics can play an important role in this respect, as it enables the
grounding of semantics through direct interaction with the physical world and with
humans. To this end, mechanisms that start from raw sensory inputs and raw motor
commands are required, allowing plausible representations to emerge through devel-
opment rather than relying on arbitrary or engineered ones (e.g. word embeddings).

More recently, the field has also delved [Juzek & Ward 2024]5 into the develop-
ment of large language models (LLMs), which provide new methodological tools. For
instance, models such as Centaur [Binz et al. 2024] enable the modelling of human
behaviour in cognitive science experiments, while several toolboxes allow the anal-
ysis, or controlled activation, of complex concepts in LLMs [Templeton et al. 2024,
Paulo et al. 2024, Lindsey et al. 2025]. In parallel, we are actively exploring archi-
tectures that aim to bridge the gap between neurocomputational models and LLMs,
for example by proposing recurrent–transformer hybrids that require less training
data [Bendi-Ouis & Hinaut 2024, Bendi-Ouis & Hinaut 2026]. However, this line
of research is still under development and therefore falls outside the scope of the
present chapter. In future work, we aim to integrate this approach with the one
presented in Section 1.4.

1.3 Random projections are cheap and yet powerfull

In the previous sections, we have shown that modern AI systems, such as large lan-
guage models, do not provide reliable models of human learning or brain processes.

5The use of the verb delved here deliberately echoes the title of [Juzek & Ward 2024]: “Why
Does ChatGPT ‘Delve’ So Much? Exploring the Sources of Lexical Overrepresentation in Large
Language Models”.
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In light of the challenges discussed above, you may be wondering which architectures
could bring us closer to possible solutions. Although a definitive solution is still out
of reach, there are promising directions to explore. We believe that one particularly
promising direction lies in a specific class of neural architectures known as Reservoir
Computing. Together with colleagues, we have already conducted several compu-
tational experiments that demonstrate the strong potential of this approach, while
remaining well aligned with the challenges discussed above.

In short, Reservoir Computing is a paradigm to train Recurrent Neural Networks
(RNN) without training all connections. RNNs are used to process time series or
sequences. They have cycles (i.e. recurrent connections) between neurons inside
their internal layer, which enable them to store contextual information and to have
some memory of past inputs. Conceptually, they can be contrasted to Feed-Forward
Networks (FNN), which do not have such cycles and therefore no recurrent internal
state. For instance, LLMs are based on complex and huge FNN architectures (e.g.
about 675 billion parameters6 for Mistral 3 [Mistral AI 2025]). As a consequence,
they do not rely on recurrent connections to store past information; instead, they
handle context through attention over previously processed tokens (and their cached
internal representations), rather than through cycles as in RNNs.

Before explaining how the reservoir computing paradigm emerged, let me first
share a striking experience from the first edition of the Hack1robo hackathon7

that we organised in 2023. At the beginning of the weekend, one team set them-
selves the challenge of generating melodies using a completely random RNN. That
is, without training it at all. In less than two days, using the ReservoirPy li-
brary [Trouvain et al. 2026], they managed to build random RNNs capable of pro-
ducing what they called “proto-melodies”. They developed a graphical interface
and connected it to a MIDI keyboard, which allowed users to control several meta-
parameters8 that altered the dynamics of the random network and, as a result, trans-
formed the generated melodies. One of these meta-parameters, called the spectral
radius, makes it possible to control the network dynamics, and one could clearly hear
the effect of regular versus more chaotic regimes on the melodies. In this way, they
had created a kind of creative DJ interface based solely on the random projections
implemented in the network itself. This experience made a strong impression on me,
because it was the first time I could directly see and “hear” the activity of a reservoir
in real time. Since their final presentation was also particularly entertaining, they
won the first prize of the hackathon. A couple of year later, they continued this
project by creating a startup. In a nutshell, random networks can generate fasci-
nating dynamics, and reservoir computing exploits the natural dynamics of random
networks.

6A parameter can be approximated as a weighted connection between two neurons.
7A contraction of marathon and hack ; a hackathon is an event, usually lasting a few days,

during which teams work on challenging projects.
8Meta-parameters modify several parameters at the same time.
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Random weights

Learned weights

Activation through time

Inputs Outputs

Figure 1.4: The Reservoir Computing (RC) paradigm to train Recurrent Neural
Networks (RNNs). Input and recurrent weights are fixed and random while output
weights are trained. Time series provided as input generate a non-linear combination
of dynamics inside the reservoir (the recurrent part in the middle). The output layer
linearly reads out some of these dynamical combinations: it makes a weighted sum
of reservoir states. Image from [Juven & Hinaut 2020].

1.3.1 Reservoir Computing insights

To begin, let us introduce reservoir computing through a simple example shown in
Figure 1.4. Inputs are fed into a recurrent layer of neurons, called the reservoir.
The reservoir states combine the incoming inputs with their previous states through
recurrent connections. These reservoir states are then transmitted to an output
layer, called the read-out. The input and recurrent connections are typically fixed
and randomly generated. In practice, only the connections of the output layer are
trained, in a supervised manner, using a variant of linear regression. We will later
describe in more detail how this mechanism works. For now, let us first turn to the
context in which this approach emerged.

An intuition for why this paradigm is called Reservoir Computing is as follows.
The terms “reservoir” for the recurrent layer and “read-out” for the output layer
originate from the fact that many combinations of the inputs are generated within
the recurrent layer (through random projections). The “reservoir” is thus literally
a reservoir of nonlinear computations (hence “reservoir computing”). From this
reservoir, one linearly decodes (i.e., “reads out”) the combinations that are useful for
the task to be solved. Reservoirs can be implemented on a wide range of physical
substrates [Tanaka et al. 2019] (e.g., electronic, photonic, mechanical, chemical and
even with bacteria [Ahavi et al. 2026a, Ahavi et al. 2026b]).

A convenient way to understand how reservoir computing operates is to view it
as a temporal Support Vector Machine (SVM) [Verstraeten 2009]. SVMs work as
follows: as illustrated in Figure 1.5, suppose that you want to separate blue dots from
red dots, but that in the original two-dimensional space they cannot be separated
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Figure 1.5: Projection of inputs in a higher dimensional space. Image from Wiki-
media.

by a line. With a SVM [Vapnik 1999], these inputs (i.e., the dots) are projected
into a higher-dimensional space. In this high-dimensional space, it becomes possible
to find a hyperplane (the analogue of a line in higher dimensions) that separates
the blue dots from the red dots. In practice, this corresponds to learning a linear
decision function in the projected space. This principle corresponds to the so-called
kernel trick in SVMs. Different kernel functions can be used with SVMs; in reservoir
computing, this kernel is random.

Figure 1.6: Intuition about the effect of the spectral radius hyperparameter. Increas-
ing the spectral radius in a reservoir is loosely analogous to increasing the strength
of the internal dynamics of the reservoir. For instance, when the temperature of
heated water is increased, the water dynamics progressively intensify, until a point
at which the water spills out of the pot. In general, the optimal spectral radius lies
at the edge of chaos (or edge of stability, i.e., between stable and chaotic regimes).
Images generated with AI.
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But you may wonder why random projections should work at all. Let us consider
an example from everyday life. Imagine that you are cooking potatoes in a frying
pan with a wooden spatula. Making a few random stirring gestures from time to
time is sufficient to cook them properly, as illustrated in the upper middle image
of Figure 1.6. However, if one day you are too focused on the notifications on your
phone, you will probably make movements that are too shallow or too infrequent,
and the potatoes will burn (upper left). On the contrary, on days when you have
drunk too much coffee, you will probably make overly vigorous stirring motions and
throw some potatoes out of the frying pan (upper right). These different stirring
dynamics are comparable to the effect of the spectral radius hyperparameter on the
dynamics of the reservoir. In Figure 1.7, we can see the effect of different spectral
radius on the dynamics of the reservoir.

Figure 1.7: Comparison of the effect of various spectral radius (sr) values on the
dynamics of the reservoir. From a reservoir of 100 neurons, a subset of 20 are plotted.
Each colored curve represents the activity of one of these neurons across time. (top)
regular dynamics for sr = 0.1. (middle) edge of chaos dynamics. (bottom) chaotic
dynamics.

1.3.2 Context and Biology of Reservoir Computing

Reservoir Computing has emerged on several occasions in the literature. It is often
stated that RC emerged independently in 1995 in two laboratories from the compu-
tational neuroscience community [Buonomano & Merzenich 1995, Dominey 1995].
However, it can be argued that related forms had already appeared earlier (see
the references collected by Herbert Jaeger on Scholarpedia9 [Jaeger 2007]). RC

9http://www.scholarpedia.org/article/Echo_state_network

http://www.scholarpedia.org/article/Echo_state_network
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therefore appeared only a few years after the well-known SRN! (SRN!) (Simple
Recurrent Network) introduced by Elman in 1990. RC re-emerged in the early
2000s with the Echo State Network (ESN) proposed by Jaeger [Jaeger 2001] and
with the Liquid State Machine (LSM) introduced by Wolfgang Maass and col-
leagues [Maass et al. 2002]. Subsequently, an RC community began to take shape:
the machine learning community focused more on ESNs, whereas the computational
neuroscience community mainly emphasized LSMs10. This development was proba-
bly reinforced by the strong performance reported by Jaeger on chaotic time series
prediction [Jaeger & Haas 2004].

Reservoirs are of interest for neuroscience because they can be seen as “a canon-
ical computational unit” [Haeusler & Maass 2007]; they can also be used to model
“a cortical column”, which computational neuroscientists often consider as a generic
unit of computation. Since 1995 [Dominey 1995], my former PhD supervisor, Pe-
ter Dominey, has used this framework to model the cortico-basal network, with
the reservoir playing the role of the (prefrontal) cortex and the output layer play-
ing the role of the striatum (the input of the basal ganglia from the cortex).
Dominey [Dominey et al. 1995] showed that, even with random networks (which
were not yet called reservoirs), it was possible to observe neuronal activation pat-
terns similar to those reported in studies of sequence processing in the monkey
prefrontal cortex [Barone & Joseph 1989]. RC developed much more rapidly in the
machine learning community from the 2000s onward, but in the 2010s it also became
increasingly popular among experimental neuroscientists. Neuroscientists started to
adopt the idea of high-dimensional and nonlinear representations that can be de-
coded by a linear classifier. This provided a new way to interpret electrophysiological
recordings from monkeys [Machens et al. 2010, Rigotti et al. 2013, Enel et al. 2016]:
the goal was no longer to identify specific sequential patterns in neural activity
(as in [Barone & Joseph 1989]), but rather to determine, through linear decoding,
whether particular information was present in the neural population activity.

1.4 Towards Modelling Cross Situational Learning

Now that we have gained insights and intuitions about Reservoir Computing, we
investigate how this framework can help us understand how children acquire lan-
guage from co-occurrences and noisy supervision. As discussed earlier, another key
challenge is to explain how the brain can rapidly learn a language from very limited
data, in contrast with Large Language Models.

1.4.1 Introduction

Infants rapidly acquire word-referent mappings by exploiting statistical regu-
larities across situations [Yu & Smith 2007, Smith & Yu 2008]. A large body

10Even if ESNs or equivalent (rate-coded RNNs) are also often used in computational neuro-
science nowadays.
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Figure 1.8: Full sentence Cross-Situational Learning paradigm. From a sentence,
the model must identify the correct objects and features. It learns the appropriate
mapping between words and their meanings solely from the co-occurrences of words
within the sentence. The scene is rich in objects and features, yet each sentence
describes only a subset of this scene. Consequently, the mapping cannot be estab-
lished in a single exposure; it must instead be acquired across multiple situations.
In particular, certain words such as “orange” cannot be reliably learned from a single
exposure, even when presented in isolation. Because “orange” is polysemous, only
the sentential context enables the model to disambiguate its meaning.

of experimental and modeling work in language acquisition aims to under-
stand how children learn language by observing their environment and inter-
acting with others [Chen & Mooney 2008, Tomasello 2009, Thomason et al. 2018,
Vanzo et al. 2020, Roembke et al. 2023]. Even before one year of age, infants are
able to segment words from continuous speech using statistical learning mecha-
nisms [Saffran et al. 1996, Yu & Smith 2007]. However, mapping words to meanings
remains highly ambiguous, as utterances typically co-occur with rich scenes contain-
ing multiple potential referents. For example, when hearing the phrase “The blue
glass is on the left.”, a learner must determine how words relate to visual concepts,
such as distinguishing a blue glass from a green one (see Fig. 1.8).

To resolve such ambiguity, children rely on repeated exposure to words
across different contexts, progressively accumulating evidence about their
meanings. This process is commonly referred to as cross-situational
learning (CSL) [Taniguchi et al. 2017, Juven & Hinaut 2020, Warren et al. 2020,
Dinh & Hinaut 2020, Variengien & Hinaut 2020, Roembke et al. 2023]. In the CSL
paradigm, learners are exposed to multiple words and multiple potential referents at
each learning episode, making it impossible to infer correct mappings from a single
observation. Instead, word meanings emerge gradually from statistical regularities
across situations.

In parallel, research on grounded language learning [Cangelosi 2010]
has investigated how artificial agents and robots can associate lin-
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guistic symbols with objects, attributes, and actions in the physi-
cal world [Chen & Mooney 2011, Matuszek et al. 2013, Tellex et al. 2011,
Thomason et al. 2016, Beinborn et al. 2018]. Several computational models have
explored CSL by tracking co-occurrences between word forms and perceptual refer-
ents to account for early word learning [Taniguchi et al. 2017, Roesler et al. 2018].
These approaches have provided valuable insights into how meaning can emerge
from ambiguous input, often under weak or noisy supervision.

Figure 1.9: CSL reservoir model after training. The reservoir processes the sentence
word by word and correctly activates the outputs (in black) corresponding to the
scene, i.e. the features cup and right of object 1, and no feature for the other object.
Some outputs (in gray) may exhibit subthreshold activity but are disregarded in the
final interpretation of the sentence. Image modified from [Juven & Hinaut 2020].

At the same time, many robotic implementations of language grounding fo-
cus on isolated words or on short, command-like utterances, which differ from the
richer and more continuous nature of everyday language. This motivates the study
of alternative computational frameworks that can learn from full sentences under
cross-situational ambiguity, using limited data and simple neural architectures, in
conditions closer to those faced by human learners.

1.4.2 Online Learning at Sentence Level

To address the challenges outlined above, we conducted modelling experi-
ments [Juven & Hinaut 2020, Variengien & Hinaut 2020, Oota et al. 2022] using a
learning agent that can represent either a child or a robot (see Figure 1.10). This
shared formulation allows the same model to be studied both in abstract simulations
and in experiments with a physical robot. Such a setup is particularly valuable for
investigating language learning in embodied and interactive contexts, where linguis-
tic symbols must be grounded in perception and action. Moreover, it ensures con-
tinuity with our previous work on robot language grounding. [Hinaut et al. 2014,
Hinaut et al. 2015a, Hinaut et al. 2015b, Twiefel et al. 2016a, Hinaut et al. 2016,
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Figure 1.10: Cross-situational learning framework during model training. From
a sentence, the model must learn the correct correspondence between words and
their referents (objects, features, or locations). This mapping is inferred solely from
the co-occurrences of words within the context of the sentence. Words are never
presented in isolation to facilitate their association with the corresponding referents,
and the model does not have prior knowledge of the meaning of any word at the
beginning of training. (1 - middle bottom) The visual scene observed by the agent is
transformed into a simple one-hot encoding (i.e. localist representation): each row
corresponds to an object, and each column to one of its features. (2 - middle top)
This symbolic representation of features (i.e. the teaching signal) is used to train the
readout layer of the reservoir. (3 - right) As there are generally more features in the
teaching signal than words in the sentence, the resulting supervision is ambiguous.
Image adapted from [Juven & Hinaut 2020].
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Twiefel et al. 2016b].
In Figure 1.8, we present the Cross-Situational Learning (CSL) task that the

model is trained to perform. Instead of focusing on isolated word-referent mappings,
as in several previous modelling approaches, we consider learning directly from full
sentences. In this setting, the model must infer the correspondence between words
and their referents (objects, features, or locations) solely from co-occurrence statis-
tics within sentential contexts. Words are never presented in isolation, and the
model starts with no prior knowledge of their meanings.

In order to control for the complexity of the corpus and include some particular
features (explained below), we are randomly generating the object scenes and corre-
sponding possible sentences. The former can describe 1 or 2 object. The grammar
is described in Figure 1.12 for the default dataset of size 4 objects. The task is chal-
lenging for several reasons: (1) each sentence describes only a subset of the visual
scene, which may contain multiple objects and features; (2) different words may
share the same referent (e.g., “middle” and “center”); (3) presence of the polysemous
word “orange” which can be disambiguated (i.e. noun or adjective) only from the
context; (4) the models are trained with only 1000 sentences, which is small given
the large number of possible combinations of objects, colors, and spatial relations
(> 40, 000).

We trained the neural networks as follows. We used reservoirs
with 1000 recurrent units. They were trained using the RLS FORCE
learning algorithm [Sussillo & Abbott 2009], using the ReservoirPy li-
brary11 [Trouvain et al. 2020, Trouvain et al. 2026]. In order to have a point
of comparison, we another commonly used RNN: a LSTM (Long-Short Term
Memory) network [Hochreiter & Schmidhuber 1997]. LSTMs are still considered
state-of-the-art for various machine learning tasks given its relative simplicity
compared to Transformers, and probably one of the best alternative to Reservoir
Computing for small datasets12. In order to compare reservoirs with LSTM with
approximately the same number of trainable units, we took LSTM of recurrent
size 20 units13. In order to picture the lack of generalization of LSTMs with such
small training dataset, we also compared to LSTMs with 40 and 80 units. The
hyperparameters of reservoirs and LSTMs were optimized on the default corpus –
with an object vocabulary size of 4. Note that training reservoirs took much less
time computation time in comparison to LSTMs (x10 times faster for the 4-object
experiment), which among other things needed several epochs of training (from 15
to 50 depending on LSTM size); the reservoirs were only seeing the dataset once
(i.e. 1 epoch). For more details please refer to [Variengien & Hinaut 2020].

In Figure 1.9, we can see how the CSL reservoir model works after being trained
(on the default 4-object dataset). It processes a 1-object sentence word by word

11ReservoirPy repository: https://github.com/reservoirpy/reservoirpy
12Gated Recurrent Unit (GRU) network could also be considered as a comparable alternative.
13In LSTMs all the connections between units are trained: e.g. just in the recurrent layer there

are 20 ∗ 20 = 400 trainable parameters. Whereas, in reservoir computing only the output layer is
trained.

https://github.com/reservoirpy/reservoirpy
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Figure 1.11: Reservoir outputs obtained after training for a 2-object sentence. The
reservoir processed the following sentence word by word: “On the right there is
the blue orange and a[n] orange cup is on the right” and correctly activates the
corresponding outputs. Some outputs may exhibit subthreshold activity but are
disregarded in the final interpretation of the sentence. In particular, we can see that
the correct outputs are progressively found shortly after the onset of each signifi-
cant word. This is an emerging property not an engineered feature due to specific
training, as we didn’t give teacher signal on particular word onsets. Moreover, (top
left) we can see a particularly interesting emerging property due to the polysemous
nature of the word orange: for the second object, first recognized as a noun and just
after as an adjective. Image modified from [Variengien & Hinaut 2020].
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OBJ → cup | bowl | orange | glass

COL → red | orange |blue| green

POS → left | middle | right

THE → a | the

THIS → (this | that)

SENTENCE-1-OBJ → THIS is THE (COL)? OBJ

| THE OBJ (on the POS)? is COL

| THE (COL)? OBJ is on the POS

| there is THE (COL)? OBJ on the POS

| on the POS (there)? is THE (COL)? OBJ

SENTENCE → SENTENCE-1-OBJ

| SENTENCE-1-OBJ and SENTENCE-1-OBJ

Figure 1.12: Grammar used to generate the default corpus with vocabulary size
of 4 objects. The grammar can generates sentences describing one or two objects
depending on the scenario. Note that the polysemous word “orange” is used both
as a noun and as an adjective. The total number of different sentences that could
be generated is 473344 (= 6882). We randomly sample 1000 sentences from it: 300
1-object sentences and 700 2-object sentences. For extended experiments, the corpus
was extended by varying the number of objects from 4 to 50.

and correctly activates the outputs corresponding to the scene, i.e. some features
for object 1, and no feature for the object 2. In Figure 1.11, we can see the reservoir
outputs obtained after training for a 2-object sentence. The reservoir processed the
following sentence word by word: “On the right there is the blue orange and a[n]
orange cup is on the right” and correctly activates the corresponding outputs. In
particular, we can see that the correct outputs are progressively found shortly after
the onset of each significant word. This is an emerging property not an engineered
feature due to specific training, as we didn’t give teacher signal on particular word
onsets. Moreover, we see that the polysemoud word orange can be recognized as
noun or adjective depending on the context, and that this recognition activity can
be updated quickly, showing partial reinterpretation of the sentence.

In order to create different levels of difficulty we generated corpora of different
complexity, the easiest containing only 4 different objects and the harder one con-
taining 50 different objects (without changing the training size of 1000 sentences).
To evaluate the generalization abilities of the models we created two measures: the
valid error and the exact error which are explained in Figure 1.13. Surprisingly,
reservoirs demonstrate robust generalization when increasing the vocabulary size:
the error grows slowly compared to an LSTM of fixed size.
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Figure 1.13: Evaluations of different imagined scenes leading to two kinds of er-
ror measured. (a) is not valid or exact because the cup is not on the right.
(b) is not exact because the sentence does not mention the cup color. Image
from [Juven & Hinaut 2020].

1.4.3 Perspectives

Some further work [Variengien & Hinaut 2020] on this generalisation difference ca-
pabilities have shown that the internal states of LSTM seem very poor in terms
of diversity of states compared to reservoirs. LSTMs seem to encode precise infor-
mation in a fractal way, making extraction and generalisation of such information
difficult. On the contrary, the internal states of the reservoir are already rich at
start, and don’t change during training, which seems to facilitate generalization
with few examples. Moreover, we have shown that while changing slightly the en-
coding of outputs, we manage to make the CSL reservoir model generalise from
1-object sentence exposition only during training, to 2-object sentence during test-
ing [Dinh & Hinaut 2020]. Overall, this makes us think that reservoir computing
is an interesting candidate to bootstrap generalization from little data, and thus a
good model for developmental processes in general, not only for language.

In subsequent work, we also applied this model on two robot grounding datasets
of higher complexity and the reservoir kept its ability to generalise [Oota et al. 2022].
Importantly, we have already shown that this reservoir computing approach to
language processing is not limited to these particular setup and work in a va-
riety of conditions: (1) words can be coded using various word embedding rep-
resentations [Oota et al. 2022], there do not need to be one-hot-encoded; (2)
it is not limited to a particular language, as we provided a proof of con-
cept on 15 occidental and asian languages [Hinaut & Twiefel 2019], (3) can be
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Figure 1.14: Performance comparison of 5 models (1 reservoir + 3 LSTMs + the-
oretical) for datasets with a vocabulary size (i.e. nr. of objects) from 4 to 50. We
can see that the small LSTM (20 units) is not able to keep good performances when
the number of objects starts to increase. The medium LSTM (40 units) is able to
obtained good performances until 15 objects, but then the error degrades quickly.
The bigger LSTM (80 units) limits the increasing of the error compared to the other
LSTM, but is suprisingly less performing for ∼15-objects corpora. On the contrary,
the reservoir is suprinsingly able to keep an error below the theoretical model and
all the LSTMs, and the trend shows that it would stay below theoretical model
wathever the vocabulary size. Image from [Variengien & Hinaut 2020].
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trained as bilingual model [Hinaut et al. 2015a] and even to cope with code-
switched sentences [Detraz & Hinaut 2019]14 (4) it is not limited at the word
level itself, as we tested it at the phoneme level representation and it works
as well [Dinh & Hinaut 2020], (5) can use a variety of (output) semantic repre-
sentations, like predicate [Hinaut & Dominey 2013]15 or simple graph-like struc-
tures [Hinaut et al. 2016] that are usefull in robotics because they represents com-
mands (move(ball, left)); (6) can be integrated in a hierarchical reservoir architec-
ture, where various sequential reservoirs are trained to go from speech to phoneme,
to word, to Part-of-Speech, to Semantic Role Labelling [Pedrelli & Hinaut 2020,
Pedrelli & Hinaut 2022]: this shows that symbolic recognition can be done at sev-
eral levels of hierarchy in an online fashion.

Going deeper in the analysis of the model presented in the previous sub-
section, we made several analyses the internal activation of reservoirs and
LSTMs [Variengien & Hinaut 2020]. We showed that LSTMs learn to create rel-
atively sparse representations, in particular internal unit activity change for few
words only, as some kind of “mixed selectivity” [Rigotti et al. 2013]. On the con-
trary, reservoir activity showed a highly diverse and distributed activity. In a con-
text where one agent has to learn a task from scratch with a small dataset, it
seems that the reservoir representations based on random projections are very use-
ful. This suggests that these random projections help to bootstrap generalization
quickly. This seems to be confirmed by two other recent experiments. First, we
showed [Léger et al. 2024] that adding a reservoir for preprocessing the inputs given
to a state-of-the-art reinforcement learning algorithm could reduce the training time
(which is usually in millions of training steps even for simple sensorimotor tasks like
OpenAI Gym ones) [Brockman et al. 2016]. Second, in a prediction of COVID-19
hospitalization with only about 400 days of data with 400 features, RC is the best
performing method compared several others [Ferté et al. 2024]. Thus, RC seems to
have the ability to create good abstraction of inputs with little data.

More generally, in order to observe the emergence of interesting proper-
ties of human cognition, the following features appear to be the most com-
pelling for making substantial progress in the development of neuro-plausible mod-
els: (1) seek for generic neural models that seeking for models able to code-
swtich [Detraz & Hinaut 2019], that is, having the flexibility to switch language
within a sentence; (2) seek for sensorimotor representations (e.g. commons in artic-
ulatory representations in bilingual models [Moore et al. 2025]) and self-supervision
thanks to the sensorimotor action-perception loop [Schwartz et al. 2012]; (3) seek
for new ways of generalization with little data, embrassing the less is more
paradigm [Cohen et al. 2025]. Surprisingly, although bilingual models were al-
ready developped since a while [Frank 2021, Moore et al. 2025], models experi-
menting code-switching seem to have emerge only recently [Detraz & Hinaut 2019,

14Code-switching refers to the alternation between two or more languages within a single con-
versation, sentence, or utterance.

15Originally the reservoir parser language model, called ResPars, was using predicates as output
representation.
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Tsoukala et al. 2021, Frank et al. 2022]. Whereas, this ability to flexibility stwitch
within a sentence is related to cognitive control, another ability of humans which is
explored in cognitive models [O’Reilly et al. 2010], an important cognitive function
that current AI systems lack for genuine flexibility.

1.5 Discussion

1.5.1 Conclusion

Grounded language acquisition relates to how linguistic symbols acquire meaning
through interaction with the environment, a central issue in both infant language
development and robotic learning [Chen & Mooney 2008, Thomason et al. 2018,
Juven & Hinaut 2020, Vanzo et al. 2020]. A key challenge in this context is learn-
ing under ambiguity, as utterances typically co-occur with rich perceptual scenes
containing multiple potential referents.

In this chapter, we investigated this problem using a cross-situational learn-
ing setup in which models must learn from full sentences under weak and noisy
supervision. Rather than focusing on isolated words or short, command-like utter-
ances, as is common in many robotic grounding approaches [Chen & Mooney 2011,
Matuszek et al. 2013, Tellex et al. 2011], we considered sentence-level learning in
ambiguous contexts, in closer alignment with developmental observations.

The proposed modeling framework emphasizes simple sequence-based architec-
tures, incremental processing, and dynamic memory, allowing efficient learning from
limited data. By relying on co-occurrence statistics rather than explicit disambiguat-
ing cues, the models capture key aspects of the learning conditions faced by human
learners, who must infer meaning without direct supervision.

While more complex neural architectures can achieve strong performance on
large-scale language tasks, they typically rely on extensive data and pretraining.
In contrast, the approach explored here highlights how lightweight and biologically
inspired models can generalize in low-data regimes, offering complementary insights
into the mechanisms that may support early language acquisition.

Finally, the present study deliberately focuses on textual input and symbolic
scene representations in order to isolate core learning mechanisms. Extending this
framework to richer perceptual modalities, such as vision and speech, represents an
important direction for future work and a necessary step toward more comprehensive
models of grounded language learning.

1.5.2 Why Reservoir Computing fits cross-situational learning

Beyond the empirical results presented in this chapter, several intrinsic properties of
Reservoir Computing help explain its suitability for cross-situational learning under
weak and noisy supervision.

Learning from limited data. Reservoir Computing can be interpreted as
a form of high-dimensional temporal projection followed by a simple linear read-
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out, an analogy sometimes drawn with kernel methods or support vector machines.
In such settings, learning does not require dense coverage of the input space, but
rather sufficient information near decision boundaries. This property helps ex-
plain why reservoir-based models can generalize from relatively small datasets, as
observed in this chapter and in previous work on audio and language processing
tasks [Trouvain & Hinaut 2021, Variengien & Hinaut 2020, Oota et al. 2022]. This
characteristic is particularly relevant for modeling language acquisition, where learn-
ers must infer structure from sparse and noisy observations.

Random projections as a generic computational principle. A central
ingredient of Reservoir Computing is the use of random projections to map se-
quential input into a high-dimensional dynamical space. Random projections are
known to preserve the geometric structure of data while enabling efficient dimen-
sionality expansion, as formalized by results such as the Johnson–Lindenstrauss
lemma [Johnson et al. 1984]. Similar principles underlie methods such as compres-
sive sensing, where sparse signals can be recovered from a limited number of incoher-
ent measurements [Duarte et al. 2006]. From this perspective, random projections
can be seen as a generic and low-cost computational mechanism for structuring
information and promoting abstraction, one that biological systems may plausibly
exploit.

Bootstrapping Poverty of the Stimulus Through Random Projections
The structuring and abstracting properties of Reservoir Computing could be in-
teresting to consider in debates surronding the Poverty of the Stimulus Hypothe-
sis [Chomsky 1965]. In a rational analysis of acquisition, what looks like “poverty
of the stimulus” can often be alleviated by domain-general inductive biases that
make learning from sparse data feasible [Prefors et al. 2006]. Consistently, recent
evidence from neural language models challenges the claim that innate syntax is
the only route to generalization, while suggesting that human-like data efficiency
requires inductive biases beyond those tested so far [Yang et al. 2026]. From this
viewpoint, it would be interesting to examine whether such inductive biases could
be instantiated as particular reservoir dynamics – with hyperparameters fixed a
priori or slowly modulated by changes in gene regulation – without committing to
explicitly innate linguistic constraints.

Reservoirs as substrates for computation. Beyond abstract models, Reser-
voir Computing highlights the idea that useful computation can emerge from a
wide variety of physical substrates [Tanaka et al. 2019, Ahavi et al. 2026b]. Instead
of carefully optimized networks, reservoirs rely on the intrinsic dynamics of com-
plex systems, with learning confined to a simple readout layer. This view suggests
that equivalents of random projections and rich dynamical transformations may
be readily available in physical, chemical, or biological systems. From a practical
standpoint, this also points toward more computationally efficient and potentially
energy-efficient alternatives to training deep networks with gradient-based methods.

Taken together, these properties help explain why Reservoir Computing provides
a compelling framework for studying (grounded) language acquisition from limited
data. Its combination of simplicity, expressive dynamics, and biological plausibility
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makes it well suited for investigating how structured linguistic representations can
emerge from sequential input under realistic learning constraints.

1.6 Appendix: Some Reservoir Formalism

There can be different kinds of units in a reservoir: spiking or non-spiking (average
firing rate) neurons. There are different kinds of equations for both. I will just
present the most popular version of reservoir: the Echo State Network (ESN). One
of the general ways to define ESN is by using the leaky version. The state transition
of the leaky-ESN is computed as follows:

x(t) = (1− α)x(t− 1) + α tanh(Winu(t) +Wx(t− 1)) (1.1)

where u(t) ∈ RNU is the input vector at time t, x(t) ∈ RNR is the reservoir state,
Win ∈ RNR×NU is the input matrix, W ∈ RNR×NR is the recurrent matrix, α ∈ [0, 1]

is the leaking rate – more often called the leak-rate – and tanh is the element-wise
hyperbolic tangent. NU is the number of input units and NR the number of units
in the reservoir. The leak-rate is equivalent to the inverse of a time constant, it is a
simplification of writing:

α =
dt

τ
(1.2)

with τ the time constant of neurons and dt the time step discretisation (which equals
1 by default)16.

The values of matrix W are randomly initialized, for instance using a uniform
distribution and then rescaled. This rescaling of W is done in order to obtain a
spectral radius17 ρ equal to the one set by the user as HP18. The values in matrix
Win are randomly initialized, for instance from a uniform distribution and then
rescaled in order to have an input scaling of σ, which is the one set by the user as
hyperparameter. Usually, W and Win matrices are sparse: my recommendation is
to use a percentage of non-zero connection of about 10− 20%, but the influence of
the sparseness on the performance is often weak. A sparse reservoir enables faster
computations.

The output of the ESN is computed as follows:

y(t) = Wout[1;x(t)] (1.3)

where y(t) ∈ RNY is the output at time t, Wout is the output matrix, and [.; .] stands
for the concatenation of two vectors. NY is the number of output (read-out) units.

The output weights are learned using an equivalent of linear regression. The
most common practice is to use a regularized version, like the ridge regression:

Wout = Y XT (XXT + βI)−1 (1.4)
16We showed in [Hinaut & Dominey 2013] that changing dt does not affect much the performance

on a language task as soon as the sampling rate of inputs are changed accordingly.
17The spectral radius is the maximum absolute eigenvalue of the matrix W .
18A hyperparameter is a parameter that need to be predefined and which is not optimized by

the learning algorithm.
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where X is the concatenation of the reservoir activities at all time steps with a bias
vector at 1, each row corresponding to a time step. Similarly, Y is the concate-
nation of desired outputs and β is the regularization parameter (often called ridge
parameter).
A few more details. The spectral radius ρ controls the internal dynamics: more
stable dynamics will be obtained for low values and more chaotic ones with high
values. I will not talk about the ESP as it is a theoretical recommendation from
Jaeger [Jaeger 2001] (derived from principles of linear networks) but not a rule that
should be followed blindly. In practice spectral radii higher than one should be al-
ways tried when exploring hyperparameters because an ESN is a non-linear system
that depends on its inputs. Especially, in the case of the leaky ESN where the effec-
tive spectral radius is different from the one defined by the user [Jaeger et al. 2007]19.

You can find a tutorial to explore the hyperparameters of reservoirs in the
GitHub repository of our ReservoirPy library20. We illustrate plots to show how
the internal dynamics of the network change with respect to the changes of hyper-
parameters such as the spectral radius, the input scaling and the leak-rate.

In most our studies, we are using ESNs as defined by Jaeger [Jaeger 2001,
Jaeger et al. 2007], where the state of each recurrent unit also corresponds to its
output (i.e. the activation function applies to the states directly). One may argue
that it is less biologically plausible, but it has the advantage of having bounded
states which prevents the states to take infinite values – which would stop the pro-
gram because NAN values are encountered. Of course bounded states are obtained
with a bounded activation function: e.g. tanh. This is one of the reasons why we
use Jaeger’s definition of ESNs. To my knowledge, they seem to be the most used
type of reservoir since two decades. Another reason is that it enables to compare
our models with many other published papers. For a detailed explanation of the
various version of ESNs, David Verstraeten provides a clear explanation in his PhD
thesis [Verstraeten 2009].

19I have unpublished results showing that one can have very high values of spectral radius (e.g. a
million) that still work for a given task as soon as one also decrease the leak-rate. Hyperparameters
such as the spectral radius, the leak-rate and the input scaling are linked, that is why we suggest
to fix at least one of them when doing hyperparameter exploration [Hinaut & Trouvain 2021].

20https://github.com/reservoirpy/reservoirpy/blob/master/tutorials/4-Understand_
and_optimize_hyperparameters.ipynb

https://github.com/reservoirpy/reservoirpy/blob/master/tutorials/4-Understand_and_optimize_hyperparameters.ipynb
https://github.com/reservoirpy/reservoirpy/blob/master/tutorials/4-Understand_and_optimize_hyperparameters.ipynb
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