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Abstract. Transformer-based models have revolutionized NLP. But in
general, these models are highly resource consuming. Based on this con-
sideration, several reservoir computing approaches to NLP have shown
promising results. In this context, we propose EsnTorch, a library that
implements echo state networks (ESNs) with transformer-based embed-
dings for text classification. EsnTorch is developed in PyTorch, optimized
to work on GPU, and compatible with the transformers and datasets

libraries from Hugging Face: the major data science platform for NLP.
Accordingly, our library can make use of all the models and datasets
available from Hugging Face. A transformer-based ESN implemented in
EsnTorch consists of four building blocks: (1) An embedding layer, which
uses a transformer-based model to embed the input texts; (2) A reservoir
layer, which can implements three kinds of reservoirs: recurrent, linear
or null; (3) A pooling layer, which offers three kinds of pooling strate-
gies: mean, last, or None; (4) And a learning algorithm block, which
provides six different supervised learning algorithms. Overall, this work
falls within the context of sustainable models for NLP.

Keywords: reservoir computing · echo state networks · natural lan-
guage processing (NLP) · text classification · transformers · BERT ·
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1 Introduction

In 2017, the transformer model opened the way for a new generation of language
models [29]. A transformer consists of encoder-decoder blocks augmented with
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a self-attention mechanism. This architecture solves parallelization and long-
term dependency issues encountered by classical recurrent neural networks (like
LSTMs, GRUs, etc.). The transformer gave rise to a multitude of models that
broke the barriers of NLP. In particular, the BERT model, which is composed of
several encoder blocks, achieves impressive performance on most common NLP
tasks [3]. In its pre-trained form, BERT can be used as a powerful word or sen-
tence dynamic embedding, taking over several previous pre-trained embeddings,
like word2vec, GloVe, FastText, and ELMo.

But the transformer-based models are highly resource consuming. For in-
stance, BERT contains from 110M to 340M parameters. And while the pre-
trained model is available off-the-shelf, the fine-tuning process remains compu-
tationally expensive. In an effort to address these drawbacks, lighter and faster
versions of BERT have been proposed [20,26].

The issues of high model complexity and expensive fine-tuning process have
been addressed from the perspective of reservoir computing (RC), and more
particularly, using echo state networks (ESNs) [12–15]. An ESN is composed of
an inputs layer, a random recurrent reservoir on neurons, and a output layer.
During training, the input and reservoir weights are kept fixed, and only the
output weights are learned, usually via simple regression methods. The recur-
rent architecture of the reservoir provides the memory necessary to the handling
of textual data. Their fast and light training process counterbalances the high
computational cost of transformer-based models. ESNs have been applied suc-
cessfully to a large variety of machine learning problems [17,18]. Recently, deep
ESNs have been introduced [6].

In the context of NLP, several studies based on echo state networks have
already been conducted (see [1] for further details on these related works). For
instance, a biologically inspired reservoir computing approach to grammatical in-
ference, semantic representation, and language acquisition with applications in
human-robot interaction has been proposed [5,8–11,27]. On the machine learn-
ing side, ESNs have been considered for automatic speech recognition, showing
that decoders can be replaced by ESNs without performance drop [24]. ESNs
have also been applied to named entity recognition (NER) [19] and authorship
attribution [22]. Attention-based ESNs with FastText embedding as inputs have
been proposed and successfully applied to question classification [4]. ESNs have
also been considered in the general context of text classification, using either
static GloVe or dynamic BERT embedding as inputs [1,2]. These ESNs achieve
good accuracy with particularly fast training times. Besides, ESNs have been
considered as one among other fast methods for computing sentence representa-
tions, using the pre-trained word embeddings FastText and GloVe as inputs [30].
This work shows that the quality of the pre-trained word embedding plays a
crucial role in the performance of the subsequent encoder that builds upon it.
Finally, a different reservoir computing approach to transformers has also been
proposed [23]. In this work, the so-called reservoir transformers achieve better
performance-efficiency trade-offs than classical transformers.
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Based on these considerations as well as on recent studies from ours [1, 2],
we propose EsnTorch, a library that implements echo state networks (ESNs)
with transformer-based embeddings as inputs, in the context of text classifica-
tion. EsnTorch is developed in PyTorch and optimized to work on GPU in a
parallelized way. EsnTorch operates in conjunction with the transformers and
datasets libraries from Hugging Face: the major data science platform for NLP.
Accordingly, it can make use of the 60K models and 7K datasets available from
this platform. A transformer-based ESN implemented in EsnTorch consists of
four building blocks: (1) An embedding layer which uses a transformer-based
model to embed the input texts; (2) A reservoir layer which implements three
kinds of reservoirs: recurrent, linear or null; (3) A pooling layer which offers three
kinds of pooling strategies: mean, last, or None; (4) And a learning algorithm
block which provides six different supervised learning algorithms. We believe
that the combined transformer-ESN approach to NLP proposed in this work
offers major advantages in terms of computational efficiency. Overall, this study
falls within the context of sustainable models for NLP. EsnTorch is available on
GitHub at the following address: https://github.com/PlaytikaResearch/esntorch.

2 Related works

Several Python libraries targeted to the implementation of ESNs already exist,
but to the best of our knowledge, none of them possess the combined features
of being implemented in PyTorch, optimized to operate on GPU, specifically
targeted for NLP, and compatible with Hugging Face.

In particular, ReservoirPy is a complete, well designed and user-friendly li-
brary for reservoir computing implemented in numpy [28]. The library contains
several attractive features: offline and online training, parallel implementation,
sparse matrix computation, advanced learning rules, and compatibility with
hyperopt for hyperparameter tuning. DeepESN, PyRCN and easyesn are three
libraries for deep ESNs and ESNs, respectively, also implemented in numpy. The
two last ones are compatible with scikit-learn [25]. In addition, EchoTorch is
a very complete library for ESNs implemented in PyTorch [21]. It has been used
for an NLP application [22]. PyTorch-ESN is a well-designed PyTorch module
implementing Echo State Networks. The readout is trainable by ridge regression
or by PyTorch’s optimizers. Implementation of deep ESNs is also possible.

3 ESNs for text classification

Echo state networks. An leaky integrator echo state network (ESN) is a recur-
rent neural network composed of Nu input units, Nx hidden units referred to as
the reservoir, and Ny output units. The input units are linked to the reservoir
(weights Win), the reservoir is recurrently connected (weights Wres and bias
bres), and projects onto the output units (weights Wout and bias bout).

https://github.com/PlaytikaResearch/esntorch
https://github.com/reservoirpy/reservoirpy
https://github.com/lucapedrelli/DeepESN
https://github.com/TUD-STKS/PyRCN
https://github.com/kalekiu/easyesn
https://github.com/nschaetti/EchoTorch
https://github.com/stefanonardo/pytorch-esn
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The input, reservoir and output states of the network at time t > 0 are
denoted by u(t) ∈ RNu , x(t) ∈ RNx and y(t) ∈ RNy , respectively. The state x(0)
is the initial state. The dynamics of the network is governed by the following
equations:

x̃(t+ 1) = fres
(
Winu(t+ 1) + Wresx(t) + bres

)
(1)

x(t+ 1) = (1− α)x(t) + αx̃(t+ 1) (2)

y(t+ 1) = fout
(
Woutx(t+ 1) + bout

)
(3)

where fres and fout are the activation functions of the reservoir and output units
(applied component-wise), and α is the leaking rate (0 ≤ α ≤ 1).

The leaking rate α modulates the updating speed of the reservoir dynamics
(cf. Equation (2)) [17]. The input weights Win as well as the biases bres and
bout are initialized randomly from uniform distributions U(−a, a) and U(−b, b),
respectively, where a is the input scaling and b is the bias scaling. The input scal-
ing affects the non-linearity of the reservoir dynamics [17]. The reservoir weights
Wres are also initialized randomly from a uniform or a Gaussian distribution,
then modified to have a given sparsity r, and finally rescaled such that the spec-
tral radius5 of the matrix W := (1− α)I + αWres is equal to some given value
ρ. In practice, taking ρ < 1 ensures that the echo state property – an asymptotic
stability condition ensuring that a consistent learning can be achieved – is satis-
fied in most situations [7,14,17,18,32]. The spectral radius ρ regulates the effect
of past inputs on the reservoir states: larger spectral radii being associated with
longer input memories [17].

In an ESN, the input and reservoir weights Win and Wres are kept fixed, and
only the output weights Wout are trained. This feature render ESNs particularly
computationally efficient. Notice that an ESN with Nx reservoir units contains
only |Wout|+ |bout| = Ny× (Nx + 1) learning parameters (e.g., 2002 parameters
for an ESN with 1000 reservoir units and 2 output units). Usually, the output
weights Wout are computed by minimizing a loss function of the predictions and
labels by means of a Ridge regression. However, any other supervised learning
algorithm can be envisioned. In general, some initial transient of the ESN dy-
namics is used to warm up the reservoir, and the initial state of the reservoir
modified accordingly [17].

Training paradigm. ESNs have been successfully applied to text classification
tasks [1, 2]. In this framework, a transformer-based ESN consists of a 4-block
model of the form:

EMBEDDING + RESERVOIR + POOLING + LEARNING ALGO.

More specifically, the model takes a tokenized text as input. The EMBED-
DING layer embeds the successive tokens into corresponding input vectors. The

5 The spectral radius of a matrix W, denoted by ρ(W), is the largest absolute value
of the eigenvalues of W.
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RESERVOIR layer then passes the embedded inputs into a reservoir, produc-
ing a sequence of reservoir states (cf. Equations (1)-(2)). The POOLING layer
merges the reservoir states into a single vector, which constitutes the text em-
bedding per se. After all texts have been processed in this way, the LEARNING
ALGO block takes all text embeddings together with their corresponding labels
and fed them to a supervised learning algorithm, in order to learn the association
between them. The whole process is illustrated in Figure 1.

The EsnTorch library implements the above mentioned model and training
paradigm in an optimized way.
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X⌧3

Nx

<latexit sha1_base64="KrXsuXIYcFv075XkUM+wBo+qY0k=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CbaCp7JbKnosePEkFdxaaJeSTbNtaDZZkqxYlv4GLx4U8eoP8ua/MW33oK0PBh7vzTAzL0w408Z1v53C2vrG5lZxu7Szu7d/UD48amuZKkJ9IrlUnRBrypmgvmGG006iKI5DTh/C8fXMf3ikSjMp7s0koUGMh4JFjGBjJb9623+q9ssVt+bOgVaJl5MK5Gj1y1+9gSRpTIUhHGvd9dzEBBlWhhFOp6VeqmmCyRgPaddSgWOqg2x+7BSdWWWAIqlsCYPm6u+JDMdaT+LQdsbYjPSyNxP/87qpia6CjIkkNVSQxaIo5chINPscDZiixPCJJZgoZm9FZIQVJsbmU7IheMsvr5J2veY1ahd39UqzkcdRhBM4hXPw4BKacAMt8IEAg2d4hTdHOC/Ou/OxaC04+cwx/IHz+QPtuY4R</latexit>

<latexit sha1_base64="5CAYHGeSBVuCaGS+appuE6OA/5Q=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM9gKrkpS8LEsuHFZwT6gCWEynbRDJw9mboQSAv6KGxeKuPU73Pk3TtostPXAwOGce7lnjp8IrsCyvo3K2vrG5lZ1u7azu7d/YB4e9VScSsq6NBaxHPhEMcEj1gUOgg0SyUjoC9b3p7eF339kUvE4eoBZwtyQjCMecEpAS5550nBCAhM/yAa5lzlAUq+VNzyzbjWtOfAqsUtSRyU6nvnljGKahiwCKohSQ9tKwM2IBE4Fy2tOqlhC6JSM2VDTiIRMudk8fo7PtTLCQSz1iwDP1d8bGQmVmoW+niyyqmWvEP/zhikEN27GoyQFFtHFoSAVGGJcdIFHXDIKYqYJoZLrrJhOiCQUdGM1XYK9/OVV0ms17cumdd+qt6/KOqroFJ2hC2Sja9RGd6iDuoiiDD2jV/RmPBkvxrvxsRitGOXOMfoD4/MH6AyVZw==</latexit>

X⌧2

Nx

<latexit sha1_base64="KrXsuXIYcFv075XkUM+wBo+qY0k=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CbaCp7JbKnosePEkFdxaaJeSTbNtaDZZkqxYlv4GLx4U8eoP8ua/MW33oK0PBh7vzTAzL0w408Z1v53C2vrG5lZxu7Szu7d/UD48amuZKkJ9IrlUnRBrypmgvmGG006iKI5DTh/C8fXMf3ikSjMp7s0koUGMh4JFjGBjJb9623+q9ssVt+bOgVaJl5MK5Gj1y1+9gSRpTIUhHGvd9dzEBBlWhhFOp6VeqmmCyRgPaddSgWOqg2x+7BSdWWWAIqlsCYPm6u+JDMdaT+LQdsbYjPSyNxP/87qpia6CjIkkNVSQxaIo5chINPscDZiixPCJJZgoZm9FZIQVJsbmU7IheMsvr5J2veY1ahd39UqzkcdRhBM4hXPw4BKacAMt8IEAg2d4hTdHOC/Ou/OxaC04+cwx/IHz+QPtuY4R</latexit>

<latexit sha1_base64="BJ7JgSJYFQE4d1vok4WTSKJg30Q=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAVXJWk4GNZcOOygn1AE8JkOmmHTh7MTIQSAv6KGxeKuPU73Pk3TtostPXAwOGce7lnjp9wJpVlfRuVtfWNza3qdm1nd2//wDw86sk4FYR2ScxjMfCxpJxFtKuY4nSQCIpDn9O+P70t/P4jFZLF0YOaJdQN8ThiASNYackzTxpOiNXED7JB7mWOwqln5w3PrFtNaw60SuyS1KFExzO/nFFM0pBGinAs5dC2EuVmWChGOM1rTippgskUj+lQ0wiHVLrZPH6OzrUyQkEs9IsUmqu/NzIcSjkLfT1ZZJXLXiH+5w1TFdy4GYuSVNGILA4FKUcqRkUXaMQEJYrPNMFEMJ0VkQkWmCjdWE2XYC9/eZX0Wk37smndt+rtq7KOKpzCGVyADdfQhjvoQBcIZPAMr/BmPBkvxrvxsRitGOXOMfyB8fkD5oaVZg==</latexit>

X⌧1

…

<latexit sha1_base64="iZGfG2LrPlrwJmF/Qn9wTawnV+k=">AAACFXicbVDLSsNAFJ3UV42vqks3g0VwISUpoi4LbnRXwT6gCWUyuW2HTiZhZiKW0J9w46+4caGIW8Gdf+OkLaKtBwYO59zLnXOChDOlHefLKiwtr6yuFdftjc2t7Z3S7l5Txamk0KAxj2U7IAo4E9DQTHNoJxJIFHBoBcPL3G/dgVQsFrd6lIAfkb5gPUaJNlK3dOIF0GcioyA0yLF9LZJUK+x5toZ7rWwPRPhjdktlp+JMgBeJOyNlNEO9W/r0wpimkdmnnCjVcZ1E+xmRmlEOY9tLFSSEDkkfOoYKEoHys0mqMT4ySoh7sTRPaDxRf29kJFJqFAVmMiJ6oOa9XPzP66S6d+FnLE8Kgk4P9VKOdYzzinDIJFDNR4YQKpn5K6YDIgk1Jai8BHc+8iJpVivuWaV6Uy3XTmd1FNEBOkTHyEXnqIauUB01EEUP6Am9oFfr0Xq23qz36WjBmu3soz+wPr4Bg2me+w==</latexit>

Inputs
texts

<latexit sha1_base64="CDfAO44yD0C5qhfWVAF+G2zcNCs=">AAACDHicbVDLSsNAFJ34rPFVdelmsAiuSlKKuiy4ceGign1AG8pkctMOnUzCzEQooR/gxl9x40IRt36AO//GSRtEWw8MHM45lzv3+AlnSjvOl7Wyura+sVnasrd3dvf2yweHbRWnkkKLxjyWXZ8o4ExASzPNoZtIIJHPoeOPr3K/cw9SsVjc6UkCXkSGgoWMEm2kQbnS92HIREZBaJBT+4b4wJXdBxH8aCblVJ0Z8DJxC1JBBZqD8mc/iGkamXnKiVI910m0lxGpGeUwtfupgoTQMRlCz1BBIlBeNjtmik+NEuAwluYJjWfq74mMREpNIt8kI6JHatHLxf+8XqrDSy9jIkk1CDpfFKYc6xjnzeCASaCaTwwhVDLzV0xHRBJqSlB5Ce7iycukXau659X6ba3SqBd1lNAxOkFnyEUXqIGuURO1EEUP6Am9oFfr0Xq23qz3eXTFKmaO0B9YH9+zUptZ</latexit>

Labels

Nx

<latexit sha1_base64="KrXsuXIYcFv075XkUM+wBo+qY0k=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CbaCp7JbKnosePEkFdxaaJeSTbNtaDZZkqxYlv4GLx4U8eoP8ua/MW33oK0PBh7vzTAzL0w408Z1v53C2vrG5lZxu7Szu7d/UD48amuZKkJ9IrlUnRBrypmgvmGG006iKI5DTh/C8fXMf3ikSjMp7s0koUGMh4JFjGBjJb9623+q9ssVt+bOgVaJl5MK5Gj1y1+9gSRpTIUhHGvd9dzEBBlWhhFOp6VeqmmCyRgPaddSgWOqg2x+7BSdWWWAIqlsCYPm6u+JDMdaT+LQdsbYjPSyNxP/87qpia6CjIkkNVSQxaIo5chINPscDZiixPCJJZgoZm9FZIQVJsbmU7IheMsvr5J2veY1ahd39UqzkcdRhBM4hXPw4BKacAMt8IEAg2d4hTdHOC/Ou/OxaC04+cwx/IHz+QPtuY4R</latexit>

<latexit sha1_base64="yKR3mvXlvY1KSripHDVCDgQXTRk=">AAAB/nicbVDLSsNAFJ34rPUVFVdugq3gqiQFH8uCG5cV7AOaECbTSTt0MgkzN2IJAX/FjQtF3Pod7vwbJ20W2npg4HDOvdwzJ0g4U2Db38bK6tr6xmZlq7q9s7u3bx4cdlWcSkI7JOax7AdYUc4E7QADTvuJpDgKOO0Fk5vC7z1QqVgs7mGaUC/CI8FCRjBoyTeP626EYRyE2WPuZy7g1Hfyum/W7IY9g7VMnJLUUIm2b365w5ikERVAOFZq4NgJeBmWwAinedVNFU0wmeARHWgqcESVl83i59aZVoZWGEv9BFgz9fdGhiOlplGgJ4usatErxP+8QQrhtZcxkaRABZkfClNuQWwVXVhDJikBPtUEE8l0VouMscQEdGNVXYKz+OVl0m02nIuGfdestS7LOiroBJ2ic+SgK9RCt6iNOoigDD2jV/RmPBkvxrvxMR9dMcqdI/QHxucPGHWVhg==</latexit>x⌧1

Nx

<latexit sha1_base64="KrXsuXIYcFv075XkUM+wBo+qY0k=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CbaCp7JbKnosePEkFdxaaJeSTbNtaDZZkqxYlv4GLx4U8eoP8ua/MW33oK0PBh7vzTAzL0w408Z1v53C2vrG5lZxu7Szu7d/UD48amuZKkJ9IrlUnRBrypmgvmGG006iKI5DTh/C8fXMf3ikSjMp7s0koUGMh4JFjGBjJb9623+q9ssVt+bOgVaJl5MK5Gj1y1+9gSRpTIUhHGvd9dzEBBlWhhFOp6VeqmmCyRgPaddSgWOqg2x+7BSdWWWAIqlsCYPm6u+JDMdaT+LQdsbYjPSyNxP/87qpia6CjIkkNVSQxaIo5chINPscDZiixPCJJZgoZm9FZIQVJsbmU7IheMsvr5J2veY1ahd39UqzkcdRhBM4hXPw4BKacAMt8IEAg2d4hTdHOC/Ou/OxaC04+cwx/IHz+QPtuY4R</latexit>

<latexit sha1_base64="eC+YkswfZp9HCJFIFvU3bI/FoAw=">AAAB/nicbVDLSsNAFJ34rPUVFVdugq3gqiQFH8uCG5cV7AOaECbTSTt0MgkzN2IJAX/FjQtF3Pod7vwbJ20W2npg4HDOvdwzJ0g4U2Db38bK6tr6xmZlq7q9s7u3bx4cdlWcSkI7JOax7AdYUc4E7QADTvuJpDgKOO0Fk5vC7z1QqVgs7mGaUC/CI8FCRjBoyTeP626EYRyE2WPuZy7g1G/mdd+s2Q17BmuZOCWpoRJt3/xyhzFJIyqAcKzUwLET8DIsgRFO86qbKppgMsEjOtBU4IgqL5vFz60zrQytMJb6CbBm6u+NDEdKTaNATxZZ1aJXiP95gxTCay9jIkmBCjI/FKbcgtgqurCGTFICfKoJJpLprBYZY4kJ6MaqugRn8cvLpNtsOBcN+65Za12WdVTQCTpF58hBV6iFblEbdRBBGXpGr+jNeDJejHfjYz66YpQ7R+gPjM8fGfuVhw==</latexit>x⌧2

Nx

<latexit sha1_base64="KrXsuXIYcFv075XkUM+wBo+qY0k=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CbaCp7JbKnosePEkFdxaaJeSTbNtaDZZkqxYlv4GLx4U8eoP8ua/MW33oK0PBh7vzTAzL0w408Z1v53C2vrG5lZxu7Szu7d/UD48amuZKkJ9IrlUnRBrypmgvmGG006iKI5DTh/C8fXMf3ikSjMp7s0koUGMh4JFjGBjJb9623+q9ssVt+bOgVaJl5MK5Gj1y1+9gSRpTIUhHGvd9dzEBBlWhhFOp6VeqmmCyRgPaddSgWOqg2x+7BSdWWWAIqlsCYPm6u+JDMdaT+LQdsbYjPSyNxP/87qpia6CjIkkNVSQxaIo5chINPscDZiixPCJJZgoZm9FZIQVJsbmU7IheMsvr5J2veY1ahd39UqzkcdRhBM4hXPw4BKacAMt8IEAg2d4hTdHOC/Ou/OxaC04+cwx/IHz+QPtuY4R</latexit>

<latexit sha1_base64="H7Td+2pJERbrwq6s53JIONckepQ=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAVXJWk4mNZcOOygn1AE8JkOmmHTh7MTMQSAv6KGxeKuPU73Pk3TtsstPXAwOGce7lnjp9wJpVlfRulldW19Y3yZmVre2d3z9w/6Mg4FYS2Scxj0fOxpJxFtK2Y4rSXCIpDn9OuP76Z+t0HKiSLo3s1Sagb4mHEAkaw0pJnHtWcEKuRH2SPuZc5CqfeeV7zzKpVt2ZAy8QuSBUKtDzzyxnEJA1ppAjHUvZtK1FuhoVihNO84qSSJpiM8ZD2NY1wSKWbzeLn6FQrAxTEQr9IoZn6eyPDoZST0NeT06xy0ZuK/3n9VAXXbsaiJFU0IvNDQcqRitG0CzRgghLFJ5pgIpjOisgIC0yUbqyiS7AXv7xMOo26fVG37hrV5mVRRxmO4QTOwIYraMIttKANBDJ4hld4M56MF+Pd+JiPloxi5xD+wPj8ARuBlYg=</latexit>x⌧3 …

…
<latexit sha1_base64="b58NrIEjv0TZ96txTPikDQB3JDk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURY8FL56kgqmFNpTNdtMu3eyG3Y0QQn+DFw+KePUHefPfuG1z0NYHA4/3ZpiZFyacaeO6305pbX1jc6u8XdnZ3ds/qB4edbRMFaE+kVyqbog15UxQ3zDDaTdRFMchp4/h5GbmPz5RpZkUDyZLaBDjkWARI9hYya/fDbL6oFpzG+4caJV4BalBgfag+tUfSpLGVBjCsdY9z01MkGNlGOF0WumnmiaYTPCI9iwVOKY6yOfHTtGZVYYoksqWMGiu/p7Icax1Foe2M8ZmrJe9mfif10tNdB3kTCSpoYIsFkUpR0ai2edoyBQlhmeWYKKYvRWRMVaYGJtPxYbgLb+8SjrNhnfZcO+btdZFEUcZTuAUzsGDK2jBLbTBBwIMnuEV3hzhvDjvzseiteQUM8fwB87nD+34jg4=</latexit>

Ny

<latexit sha1_base64="+x14qyNcnTxpBturpb6mIiqXmVI=">AAACCXicbVC7TsMwFHXKq5RXgJHFokViqpIKFcZKLIxFog+pDZHjOq1Vx4lsBymKsrLwKywMIMTKH7DxNzhpBmg5kuWjc+7Vvfd4EaNSWda3UVlb39jcqm7Xdnb39g/Mw6O+DGOBSQ+HLBRDD0nCKCc9RRUjw0gQFHiMDLz5de4PHoiQNOR3KomIE6Appz7FSGnJNWFjHCA18/w0cdOxCKCd3Rc/Qx5hWdZwzbrVtArAVWKXpA5KdF3zazwJcRwQrjBDUo5sK1JOioSimJGsNo4liRCeoykZacpRQKSTFpdk8EwrE+iHQj+uYKH+7khRIGUSeLoyX1sue7n4nzeKlX/lpJRHsSIcLwb5MYMqhHkscEIFwYolmiAsqN4V4hkSCCsdXk2HYC+fvEr6rabdbl7ctuqddhlHFZyAU3AObHAJOuAGdEEPYPAInsEreDOejBfj3fhYlFaMsucY/IHx+QM6RpoB</latexit>

ylabel
1

<latexit sha1_base64="b58NrIEjv0TZ96txTPikDQB3JDk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURY8FL56kgqmFNpTNdtMu3eyG3Y0QQn+DFw+KePUHefPfuG1z0NYHA4/3ZpiZFyacaeO6305pbX1jc6u8XdnZ3ds/qB4edbRMFaE+kVyqbog15UxQ3zDDaTdRFMchp4/h5GbmPz5RpZkUDyZLaBDjkWARI9hYya/fDbL6oFpzG+4caJV4BalBgfag+tUfSpLGVBjCsdY9z01MkGNlGOF0WumnmiaYTPCI9iwVOKY6yOfHTtGZVYYoksqWMGiu/p7Icax1Foe2M8ZmrJe9mfif10tNdB3kTCSpoYIsFkUpR0ai2edoyBQlhmeWYKKYvRWRMVaYGJtPxYbgLb+8SjrNhnfZcO+btdZFEUcZTuAUzsGDK2jBLbTBBwIMnuEV3hzhvDjvzseiteQUM8fwB87nD+34jg4=</latexit>

Ny

<latexit sha1_base64="f5hRT90kpoTFc2E6Naj9TdkU2TI=">AAACCXicbVC7TsMwFHXKq5RXgJHFokViqpIKFcZKLIxFog+pDZHjOq1Vx4lsBymKsrLwKywMIMTKH7DxNzhpBmg5kuWjc+7Vvfd4EaNSWda3UVlb39jcqm7Xdnb39g/Mw6O+DGOBSQ+HLBRDD0nCKCc9RRUjw0gQFHiMDLz5de4PHoiQNOR3KomIE6Appz7FSGnJNWFjHCA18/w0cdOxCGAruy9+hjzCsqzhmnWraRWAq8QuSR2U6Lrm13gS4jggXGGGpBzZVqScFAlFMSNZbRxLEiE8R1My0pSjgEgnLS7J4JlWJtAPhX5cwUL93ZGiQMok8HRlvrZc9nLxP28UK//KSSmPYkU4XgzyYwZVCPNY4IQKghVLNEFYUL0rxDMkEFY6vJoOwV4+eZX0W0273by4bdU77TKOKjgBp+Ac2OASdMAN6IIewOARPINX8GY8GS/Gu/GxKK0YZc8x+APj8wc72ZoC</latexit>

ylabel
2

<latexit sha1_base64="b58NrIEjv0TZ96txTPikDQB3JDk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURY8FL56kgqmFNpTNdtMu3eyG3Y0QQn+DFw+KePUHefPfuG1z0NYHA4/3ZpiZFyacaeO6305pbX1jc6u8XdnZ3ds/qB4edbRMFaE+kVyqbog15UxQ3zDDaTdRFMchp4/h5GbmPz5RpZkUDyZLaBDjkWARI9hYya/fDbL6oFpzG+4caJV4BalBgfag+tUfSpLGVBjCsdY9z01MkGNlGOF0WumnmiaYTPCI9iwVOKY6yOfHTtGZVYYoksqWMGiu/p7Icax1Foe2M8ZmrJe9mfif10tNdB3kTCSpoYIsFkUpR0ai2edoyBQlhmeWYKKYvRWRMVaYGJtPxYbgLb+8SjrNhnfZcO+btdZFEUcZTuAUzsGDK2jBLbTBBwIMnuEV3hzhvDjvzseiteQUM8fwB87nD+34jg4=</latexit>

Ny

<latexit sha1_base64="+/hy+hoxgnrPH4+Jlihtv+IWk5I=">AAACCXicbVC7TsMwFHV4lvIKMLJYtEhMVVJQYazEwlgk+pDaEDmu01q1k8h2kKIoKwu/wsIAQqz8ARt/g5NmgJYjWT46517de48XMSqVZX0bK6tr6xubla3q9s7u3r55cNiTYSww6eKQhWLgIUkYDUhXUcXIIBIEcY+Rvje7zv3+AxGShsGdSiLicDQJqE8xUlpyTVgfcaSmnp8mbjoSHJ5n98XPkEdYltVds2Y1rAJwmdglqYESHdf8Go1DHHMSKMyQlEPbipSTIqEoZiSrjmJJIoRnaEKGmgaIE+mkxSUZPNXKGPqh0C9QsFB/d6SIS5lwT1fma8tFLxf/84ax8q+clAZRrEiA54P8mEEVwjwWOKaCYMUSTRAWVO8K8RQJhJUOr6pDsBdPXia9ZsNuNS5um7V2q4yjAo7BCTgDNrgEbXADOqALMHgEz+AVvBlPxovxbnzMS1eMsucI/IHx+QM9bJoD</latexit>

ylabel
3

<latexit sha1_base64="As9PBBXx0m+b1/1SzjfL2+mJOHc=">AAACG3icbVBNS8NAEN3Urxq/qh69BIvgqSSlaI/FD9SDUsFaoQlls520SzebsLsRSsj/8OJf8eJBEU+CB/+N2xpErQ8GHu/NMDPPjxmVyrY/jMLM7Nz8QnHRXFpeWV0rrW9cyygRBFokYpG48bEERjm0FFUMbmIBOPQZtP3h4dhv34KQNOJXahSDF+I+pwElWGmpW6qmrh+Yrg99ylOF/YRhkaWEZObx+cHx0dHZxYnpAu99e2bWLZXtij2BNU2cnJRRjma39Ob2IpKEwBVhWMqOY8fKS7FQlDDITDeREGMyxH3oaMpxCNJLJ79l1o5WelYQCV1cWRP150SKQylHoa87Q6wG8q83Fv/zOokK6l5KeZwo4ORrUZAwS0XWOCirRwUQxUaaYCKovtUiAywwUTpOU4fg/H15mlxXK85epXZZKzfqeRxFtIW20S5y0D5qoFPURC1E0B16QE/o2bg3Ho0X4/WrtWDkM5voF4z3TyxToNk=</latexit>

EMBEDDING

<latexit sha1_base64="8Q/zYchPcjtDSV+J+tYefIYChJA=">AAACG3icbVDLSsNAFJ3UV42vqks3wSK4Kkkp2mVBCrqyVvuAppTJ9KYdOpmEmYlQQv7Djb/ixoUirgQX/o3TB6KtBy4czrmXe+/xIkalsu0vI7Oyura+kd00t7Z3dvdy+wdNGcaCQIOELBRtD0tglENDUcWgHQnAgceg5Y0uJn7rHoSkIb9T4wi6AR5w6lOClZZ6uWLier7pejCgPFHYixkWaUJIatart9V68/qqbrrA+z+emfZyebtgT2EtE2dO8miOWi/34fZDEgfAFWFYyo5jR6qbYKEoYZCabiwhwmSEB9DRlOMAZDeZ/pZaJ1rpW34odHFlTdXfEwkOpBwHnu4MsBrKRW8i/ud1YuWXuwnlUayAk9kiP2aWCq1JUFafCiCKjTXBRFB9q0WGWGCidJymDsFZfHmZNIsF56xQuinlK+V5HFl0hI7RKXLQOaqgS1RDDUTQA3pCL+jVeDSejTfjfdaaMeYzh+gPjM9vlYahGw==</latexit>

RESERVOIR

<latexit sha1_base64="KsvMjklXDaETmIFMorS3fiyIzBg=">AAACGXicbVDLSsNAFJ3UV42vqEs3wSK4KokU7bLgQgWxFewDmlIm05t26GQSZiZCCfkNN/6KGxeKuNSVf+P0gWjrgQuHc+7l3nv8mFGpHOfLyC0tr6yu5dfNjc2t7R1rd68ho0QQqJOIRaLlYwmMcqgrqhi0YgE49Bk0/eH52G/eg5A04ndqFEMnxH1OA0qw0lLXclLPD0zPhz7lqcJ+wrDIUkIys1atXl/dXJge8N6PY2Zdq+AUnQnsReLOSAHNUOtaH14vIkkIXBGGpWy7Tqw6KRaKEgaZ6SUSYkyGuA9tTTkOQXbSyWeZfaSVnh1EQhdX9kT9PZHiUMpR6OvOEKuBnPfG4n9eO1FBuZNSHicKOJkuChJmq8gex2T3qACi2EgTTATVt9pkgAUmSodp6hDc+ZcXSeOk6J4WS7elQqU8iyOPDtAhOkYuOkMVdIlqqI4IekBP6AW9Go/Gs/FmvE9bc8ZsZh/9gfH5DSgRoF4=</latexit>

POOLING

<latexit sha1_base64="ZEjF9+wMiqjePSOwyTH98eczmHY="></latexit>

LEARNING
ALGO

<latexit sha1_base64="xXEVZ0ZCC4j231cCS6xaXsozxgs="></latexit>

Ridge regression, logistic regression,
linear SVC, deep NN, etc.

<latexit sha1_base64="CRBup4eyqRMuR1Z987Ha3b8N2Cs="></latexit>

Assocication between
merged states and labels

<latexit sha1_base64="vHbwFlie4/oHjuFV5q8zwvocf3w=">AAACEnicbVDLSsNAFJ3UV42vqEs3g0XQTUlKUZcFN26ECvYBbSiTyW07dDIJMxOhhH6DG3/FjQtF3Lpy5984bSNo64GBwzn3cOeeIOFMadf9sgorq2vrG8VNe2t7Z3fP2T9oqjiVFBo05rFsB0QBZwIammkO7UQCiQIOrWB0NfVb9yAVi8WdHifgR2QgWJ9Roo3Uc866AQyYyCgIDXJi34AcQIiVJhqU3QUR/lg9p+SW3RnwMvFyUkI56j3nsxvGNI1MnHKiVMdzE+1nRGpGOUzsbqogIXREBtAxVJAIlJ/NTprgE6OEuB9L84TGM/V3IiORUuMoMJMR0UO16E3F/7xOqvuXfsZEkmoQdL6on3KsYzztB4dMAtV8bAihkpm/YjokklDTgbJNCd7iycukWSl75+XqbaVUq+Z1FNEROkanyEMXqIauUR01EEUP6Am9oFfr0Xq23qz3+WjByjOH6A+sj2/1fp5A</latexit>

Merged states

Fig. 1. Custom training paradigm of an ESN for a text classification task. Horizontal
rectangles represent vectors. Empty rectangles represent null padding vectors used
for batch parallelization. The ESN is composed of 4 blocks. EMBEDDING: each
raw input text is tokenized and embedded into a sequence of input vectors (green
rectangles). RESERVOIR: the input vectors (green rectangles) are passed through
the ESN with “warm” initial state (yellow rectangle), yielding corresponding reservoir
states (blue rectangles). POOLING: the reservoir states are merged into a single
merged state (blue rectangle). The process is repeated for all input texts. LEARNING
ALGO: a supervised learning algorithm is trained to learn the association between
the merged states (blue rectangles) and their corresponding labels (red rectangles).
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4 EsnTorch

The EsnTorch library is developed in PyTorch, optimized to work on GPU in
a parallelized way, and operates in conjunction with the transformers and
datasets libraries from Hugging Face [16, 31]. The required imports are the
following:

import torch

from data s e t s import l oad datase t , Dataset , c onca t ena t e da ta s e t s
from trans fo rmer s import AutoTokenizer
from trans fo rmer s . data . d a t a c o l l a t o r import DataCollatorWithPadding

import esntorch . esn as esn
import esntorch . l e a r n i n g a l g o as l a

As described in Section 3, a transformer-based ESN for text classification
consists of a 4-block model. EsnTorch implements each of these blocks (see
Sections 4.1-4.4 below). In particular:

• EsnTorch has access to the 7K datasets provided by Hugging Face.

• The EMBEDDING layer can access the 60K transformer-based models pro-
vided by Hugging Face to embed the input texts.

• The RESERVOIR layer can implements three kinds of reservoirs: recurrent,
linear or null.

• The POOLING layer offers three types of pooling strategies: mean, last, or
None.

• The LEARNING ALGO block provides six different learning algorithms.

The next sections describe the dataset creation, as well as the instantiation,
training and evaluation of a model in more details.

4.1 Dataset

The creation or download, tokenization, and preparation of a dataset and its
dataloaders are achieved by means of the datasets library [16]. The code be-
low illustrates the preparation of the TREC dataset (question classification).
Here, the bert-base-uncased tokenizer is used. For compatibility purposes with
our library, the label and length columns should be renamed by labels and
lengths, respectively. Sorting the data by length significantly increases their
processing speed. The batch size should be determined by the available memory.

# Load , token i z e and prepare datase t and data loade r s
t ok en i z e r = AutoTokenizer . f r om pre t ra ined ( ’ bert−base−uncased ’ )

de f t oken i z e ( sample ) :
sample = token i z e r ( sample [ ’ t ext ’ ] , t runcat i on=True ,

padding=False ,
r e tu rn l eng th=True )

re turn sample

datase t = load da ta s e t ( ’ t r e c ’ , s p l i t=None )
datase t = datase t .map( token ize , batched=True )

https://huggingface.co/
https://huggingface.co/datasets
https://huggingface.co/models
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datase t = datase t . rename column ( ’ l abe l−coar s e ’ , ’ l a b e l s ’ )
datase t = datase t . rename column ( ’ l ength ’ , ’ l eng ths ’ )
datase t = datase t . s o r t ( ’ l eng ths ’ )
datase t . s e t f o rmat ( type=’ torch ’ , columns=[ ’ i npu t i d s ’ , ’ at tent ion mask ’ ,

’ l a b e l s ’ , ’ l eng ths ’ ] )

data loader d = {}

f o r k , v in datase t . i tems ( ) :
data loader d [ k ] = torch . u t i l s . data . DataLoader (v , b a t ch s i z e =256 ,

c o l l a t e f n=DataCollatorWithPadding ( t ok en i z e r ) )

4.2 Model

The instantiation of a model is achieved in four steps:

1. Set the parameters of the model;

2. Define a pooling strategy;

3. Define a learning algorithm;

4. Warm up the model, if needed.

The code below provides an example of instantiation of an ESN.

# ESN parameters
dev i ce = torch . dev i ce ( ’ cuda ’ i f torch . cuda . i s a v a i l a b l e ( ) e l s e ’ cpu ’ )

esn params = {
’ embedding ’ : ’ bert−base−uncased ’ , # model name
’ input dim ’ : 768 , # embedding dim
’ d i s t r i b u t i o n ’ : ’ uniform ’ # ’ uniform ’ , ’ gauss ian ’
’ dim ’ : 1000 ,
’ s p a r s i t y ’ : 0 . 9 ,
’ s p e c t r a l r a d i u s ’ : 0 . 9 ,
’ l e a k i n g r a t e ’ : 0 . 5 ,
’ a c t i v a t i o n f un c t i o n ’ : ’ tanh ’ , # ’ tanh ’ , ’ r e l u ’
’ i n pu t s c a l i n g ’ : 0 . 1 ,
’ b i a s s c a l i n g ’ : 0 . 1 ,
’mean ’ : 0 . 0 ,
’ s td ’ : 1 . 0 ,
’ p o o l i n g s t r a t e gy ’ : ’mean ’ , # ’mean ’ , ’ l a s t ’ , None
’ l e a r n i n g a l g o ’ : None , # i n i t i a l i z e d below
’ c r i t e r i o n ’ : None , # i n i t i a l i z e d below
’ opt imize r ’ : None , # i n i t i a l i z e d below
’ b i d i r e c t i o n a l ’ : False , # True , Fa l se
’mode ’ : ’ r e c u r r e n t l a y e r ’ , # ’ no l aye r ’ ,

# ’ l i n e a r l a y e r ’ ,
# ’ r e c u r r e n t l a y e r ’

’ deep ’ : False , # f o r deep esn
’ nb l aye r s ’ : None , # i f deep , nb o f r e s e r v o i r s
’ dev i ce ’ : device ,
’ seed ’ : 42
}

# Step 1 : I n s t a n t i a t e the ESN
ESN = esn . EchoStateNetwork (∗∗ esn params )

# Step 2 : I n s t a n t i a t e the l e a rn i ng a lgo
ESN. l e a r n i n g a l g o = la . RidgeRegress ion ( alpha =10.0)

ESN = ESN. to ( esn params [ ’ dev i ce ’ ] ) # put model on dev i ce

# Step 3 : Warm up the ESN on 20 sentence s
ESN. warm up( datase t [ ’ t r a i n ’ ] . s e l e c t ( range (20) ) )
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Regarding step 1, most parameters are self-explanatory and more details can
be found in the documentation of the library. In particular, The embedding

parameter is the name of the Hugging Face model used to embed the input texts
(the list of all models can be found here). The input dim should correspond to
the dimension of this embedding. The next 10 parameters specify the reservoir
characteristics: size, distribution, weights, etc. The mean and std parameters are
only considered if distribution = "gaussian". The bidirection parameter
specifies whether the input texts are processed in a bidirectional way or not.

The mode parameter can take three different values

"recurrent layer", "no layer" or "linear layer"

which specifies the kind of reservoir to be considered. In the "recurrent layer"

mode, a recurrent reservoir is defined according to the previous parameters. In
this case, a “classical” ESN is implemented, as described in Section 3. In the
"no layer" mode, no reservoir is considered, meaning that the input layer is
directly fed to the learning algorithm. This feature allows to assess the proper
contribution of the reservoir to the results, by shutting down the whole reservoir.
In the "linear layer" mode, a linear (i.e., non-recurrent) reservoir is imple-
mented. This feature enables to evaluate the contribution of the recurrence of
the reservoir, by removing this characteristics.

For step 2, the pooling strategy parameter can take the three values

"mean", "last", or None

which correspond to three kinds of pooling layers. The "mean" and "last" pool-
ing define the merged state as the mean and last of the reservoir states, re-
spectively. The None pooling leaves the reservoir states unmerged (cf. [1, 2, 22]
for further details). In general, the "mean" pooling performs significantly better
than the others. Finally, the deep parameter implements a deep ESN and is
discussed in further details in Section 4.5.

Regarding step 3, six learning algorithms divided two families can be consid-
ered:

(i) The ones for which there exists a closed-form solution (e.g. Ridge regression),
or which are adapted from the scikit-learn library (e.g. Linear SVC):

RidgeRegression(...), RidgeRegression skl(...), LinearSVC(...) and
LogisticRegression skl(...).

In this case, only the algorithm is to be specified.

(ii) The ones that are trained via a gradient descent method implemented inside
the library (e.g. logistic regression):

LogisticRegression(...) and DeepNN(...).

In this case, in addition to the learning algorithm itself, a pytorch criterion
and optimizer need to be given.

Example of a learning algorithms of type (i) and (ii) are given in the code snippet
below. Custom learning algorithms can be added to the file learning alog.py.

https://huggingface.co/models
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# Type ( i ) l e a rn i ng a lgo
ESN. l e a r n i n g a l g o = la . LinearSVC (C=1.0)

# Type ( i i ) l e a rn i ng a lgo
ESN. l e a r n i n g a l g o = la . Log i s t i cReg r e s s i on ( input dim=768 , output dim=6)
ESN. c r i t e r i o n = torch . nn . CrossEntropyLoss ( )
ESN. opt imize r = torch . optim .Adam(ESN. l e a r n i n g a l g o . parameters ( ) , l r =0.01)

Once instantiated, the model is put on the required device (CPU or GPU) by
means of the .to(device) method.

In step 4, the model is warmed up by passing a certain number of texts from
the train set, and its initial state is modified accordingly. This is done by means
of the warm up() method.

4.3 Training

The training of the model is achieved via the fit() method. For training algo-
rithms of type (i), no additional parameter is required. For training algorithms
of type (ii), the number of epochs and number of steps after which the loss is
printed can be specified (otherwise default values are used). The training process
is illustrated in the code snippet below.

# For l e a rn i ng a lgo o f type ( i ) :
ESN. f i t ( data loader d [ ” t r a i n ” ] )

# For l e a rn i ng a lgo o f type ( i i ) :
ESN. f i t ( data loader d [ ” t r a i n ” ] , epochs=10, i t e r s t e p s =50)

4.4 Evaluation

After training, the predictions and accuracy on the train and test sets can be ob-
tained by means of the predict() method. The predictions can further be used
to compute the classification table of the model. These features are illustrated
in the following code snippet.

# Train p r ed i c t i o n s and accuracy
t ra in pred , t r a i n a c c = ESN. p r ed i c t ( data loader d [ ” t r a i n ” ] )
t ra in pred , t r a i n a c c

( array ( [ 0 , 3 , 0 , . . . , 1 , 1 , 0 ] ) , 92 .49816581071167)

# Test p r ed i c t i o n s and accuracy
t e s t p r ed , t e s t a c c = ESN. p r ed i c t ( data loader d [ ” t e s t ” ] )
t e s t p r ed , t e s t a c c

( array ( [ 0 , 0 , 0 , . . . , 3 , 1 , 1 ] ) , 9 3 . 2 )

# C l a s s i f i c a t i o n repor t
from sk l ea rn . metr i c s import c l a s s i f i c a t i o n r e p o r t

t e s t t r u t h = datase t d [ ’ t e s t ’ ] [ ’ l a b e l s ’ ]
p r i n t ( c l a s s i f i c a t i o n r e p o r t ( t e s t p r ed . t o l i s t ( ) , t e s t t r u t h . t o l i s t ( ) ) )

p r e c i s i o n r e c a l l f1−s co r e support
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0 0 .99 0 .91 0 .95 151
1 0 .79 0 .93 0 .85 80
2 0 .78 1 .00 0 .88 7
3 0 .95 0 .94 0 .95 66
4 0 .98 0 .97 0 .97 115
5 0 .93 0 .93 0 .93 81

accuracy 0 .93 500
macro avg 0 .90 0 .94 0 .92 500

weighted avg 0 .94 0 .93 0 .93 500

4.5 Deep ESNs

Deep ESNs can also be implemented. The instatiation, training and evaluation
of a deep ESN is similar to what has been described for a regular ESN (see
Sections 4.2–4.4). The only difference relies in the instantiation part, where a
group of reservoirs instead of a single one is instantiated. Towards this purpose,
the "deep" parameter is set to True and the "nb layers" to some integer P ∈ N
that represents the desired number of reservoirs. Each other parameter related
to the reservoir characteristics (like "dim", "sparsity", "spectral radius",
etc.) is given either as a list of values [v1,...,vP] or as a single value v. In the
former case, the successive reservoirs R1, . . . , RP of the deep ESN are built on
the basis of the successive parameter values of [v1,...,vP], respectively. In the
latter case, all reservoirs R1, . . . , RP are constructed with respect to the same
parameter value v.

5 Conclusion

We introduced EsnTorch, a user-friendly library that implements echo state
networks with transformer-based embeddings for NLP applications. EsnTorch is
developed in PyTorch, optimized to work on GPU, and operates in conjunction
with the transformers and datasets libraries from Hugging Face: the major
data science platform for NLP. The transformer-ESN model described in Sec-
tion 3 has already been implemented with a previous version of this library, and
shown promising results [1, 2].

We believe that the combined transformer-ESN approach to NLP proposed in
this work offers major advantages in terms of computational efficiency. Overall,
this study falls within the context of sustainable models for NLP.
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