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Abstract

Echo State Networks, a type of neural network commonly
used on time series task, has the special feature that it only
need to train a small portion of its neurons without the
trade off of losing precision or generalization. This feature
could be used on other type of tasks to leverage training
times and memory usage. This works presents the theoreti-
cal background for implementing this type of network, and
also touches on the consideration for using it on the image
classification task. As a result a TensorFlow model was im-
plemented and a series of experiments were conducted to
asses its performance on this type of task.

1. Introduction

Among computer vision one of the most studied task
is image classification. Convolutional Neural Networks
(CNN) [13] has been widely studied for this task. With
many popular models implementing this paradigm [ 1] [3],
[20] [14]. Their success can be attributed to it’s ability to
extract relevant features of an image thought different type
of kernels. As such, in most cases they serve as a feature ex-
tractor stage with its output being passed to a classification
head, which can be of different type of architectures.

On the other hand, to solve task related to time-series
analysis recurrent neural networks, (RNN) are among the
most used. Their main idea consist of implementing a mem-
ory of past data through recurrent connections. This al-
lows a high dimensional representation of the data. One
big challenge for RNNss is their training, given that a gradi-
ent based procedure results in the vanishing gradient prob-
lem [1]. Regularization techniques have been proposed [2]
to alleviate training, which impose constraints for training
or limitations to the architecture itself. One of such con-
strains proposes that a random initialization of the network
has a bias towards a finite memory and good generaliza-
tion properties [2], which implies that training of RNN
can be simplified. With that idea, a Echo State Network
(ESN) [5] [15] is proposed as a model that maintains fi-

nite memory and generalization. Under these conditions, it
is sufficient to reduce training complexity to only a single
linear output layer. This layer is therefore trained to fit the
state (feature space projection) of the ESN to its target. This
approach used on time-series data has already been demon-
strated [6] [12] [18].

This work aims to combine the two paradigms previ-
ously discussed for the task on image classification. More
specifically, use a CNN as a preprocessing and feature ex-
traction stage of images and a ESN as a feature map and
classification head. The main objective of the work is to as-
sess if such architecture can be implemented effectively to
solve the image classification task. For that purpose these
specific objectives have been identified:

* Implementation of ESN on TensorFlow.

* Implementation of the proposed architecture for image
classification.

* Hyper parameter optimization.

» Experimentation on different datasets.

2. Related Works

Classification of images thought ESN have already been
studied on different publication [10] [9]. Also on a phisical
sense as Liquid State Machine ! has been implemented for
this task [4]. These works didn’t considered a prepossessing
stage, thus the raw pixel values were feed to the network.
A preprocessing stage was proposed by [16] which con-
sisted of applying different transformations (re framing and
re scaling) to images. Finally a preprocessing stage based
on CNN was proposed by [19].

In this work we will implement the preprocessing stage
proposed by [19] and combine it with the ESN architec-
ture and procedure proposed by [16]. The reason behind

'Echo State networks and Liquid state machines both belong to the
same paradigm known as reservoir computing. The former is used more
on the machine learning realm, while the latter is used more in opto elec-
tronics and neuroscience.



this decision, is attributed to the fact that the former author
didn’t emphasize on the details of the ESN implementation,
thus the procedure of feeding the features extracted from the
CNN to the ESN are unclear. In contrast the latter author
enters in great detail on this procedure and also proposed
some optimization which were not considered by the other
author.

It’s also worth noting that on all the works mentioned the
dataset used corresponds to MNIST. It’s believed that this
dataset is used given that this approach to solve the image
classification task is still on an early stage. More challeng-
ing datasets will required a well consolidated architecture.
This work will try to use a more challenging dataset.

3. Architecture Implementation
3.1. Echo State Network

A basic ESN as proposed by [5] generates a network
state x; at a given time step ¢; considering an activation
function g, the network input matrix Wjy,, input vector u.,
the reservoir matrix W' and previous state of the network
x¢—1. Formerly:

Tt :g(WinUt+WZ't_1), t= 17"'7T (1)

where z; € R+ representing the activation vector or state
at time ¢, with N, being the number of neurons on the reser-
voir. Then Wy, € RN=*Nu ig the transformation applied
to the input, with IV,, as the dimension of the input signal.
Finally, W € RNw XN
The model proposed in 1 can be extended to include a
bias:
Ty = Q(Winut + Wz 1+ Wbias) 2

with Wpias € RV, A common problem on ESN is that
the dynamics represented on previous states of the network
doesn’t adapt to the dynamics of the actual input. In other
words, previous states of the network don’t have a great in-
fluence on the current transformation of the input signal.
This problem can be approached using a leaking rate pro-
posed by [7]. Formely:

= a(zi—1) +a- G Winus + W1 + Whias) (3)

with a € [0, 1]. The leaking rate help regulate the influence
between these two dynamics. It also depends on the type of
signal, reason why it’s optimal value can vary depending on
the type of task and signal.

3.2. Readout

The output of the ESN consists of a readout layer (out-
put vector) which considers the state of the network at a
time step ¢t and makes a linear transformation with an out-
put matrix:

th = Wouto: (4)

where Woye € RYv*Ne with N, being the number of
readouts (output signals). The training phase of an ESN
consist in finding a Wy such that the generated output
¢ approximates a target signal y i.e. minimizing the error
between both.

In order to find the an optimal output matrix the training
procedure consists on collecting all the states of the network
X € RM=*Tand all the target signals Y € RYv*7T such
that:

WouX =Y, )

which can be expressed as:
Wout XXT = YXT.

To solve for the output matrix, the inverse matrix must be
first calculated:

Wous = (YXT)(XXT)™1,

Given that the output matrix is intended to be used be-
yond the training data, a regularization factor can be ap-
plied to overcome over-fitting and have a better generaliza-
tion. Regularization can applied using Ridge Regression
(Thikonov regularization). Thus the training equation be-
comes:

Wous = (YXT)(XXT + A1)~ (6)

where A is the regularization factor and I, the identity matrix
I € RN=xNe)

3.3. Method and conditions

The general methodology for an ESN as introduced by
[5] consists of:

1. Generate a random input and reservoir matrix
(Win, W), using a normalized distribution.

2. Initialize with zeros the first state (xp) and matrices
used on the read out (YX7T, XXT).

3. For each input signal ¢ to be analyzed (u;: 1 =
1,.., Ng), compute the reservoir states on each time
step, then collect all the states for each signal on matrix

X* € RNS X (N ><T).
4. Collect targets for each signal Y* € RNs*(NyxT),

5. Compute YX” and XX” for each signal then sum
over the signals.

N
YXT=>"vrx;t
=0

N,
XX" =3 Xix; "
1=0



6. Calculate the inverse using a preferred algorithm, and
compute the output matrix.

7. Use the trained network on new data.

A condition to ensure that the dynamics of previous
states remains thought new states (thus guaranteeing a
memory), is to ensure the echo state property of the net-
work. That is, making the spectral radius (maximum eigen-
value) of the reservoir weight matrix have a value below 1.
To apply this condition once generated the reservoir weight
matrix, it’s corresponding spectral radius is calculated and
then the matrix divided by this value.

Another condition that sometimes is required consists
of making the input and reservoir matrix sparse. That is,
removing connections between matrices and their corre-
sponding inputs. To achieve this, random columns and rows
are selected and their corresponding cells set to zero. Ac-
cordingly the percentage of dead connections is measured
as to correlate with a given connectivity percentage.

4. Application on Image Classification
4.1. Convolution as feature extractor

On [16] transformation to the original image were made
as a way to extract features and reduce the dimension of
the input signal to network. From the training perspective,
feeding the reservoir a signal with a low input dimension-
ality (IV,,) signifies less use of memory which can optimize
training. For the MNIST dataset, each image was reduced
from 28x28 dimension to a 15x15 dimension. In contrast by
using a multi layer CNN the output features can have even
lower dimensions and preserve important semantics of the
original image. On [19] the authors used a 3 layer CNN,
which consisted used a 3x3 kernel with stride of 1 and acti-
vation function of hyperbolic tangent. In addition between
the first and second layer a max pooling operation layers
was used; then between the second and third an average
polling layer was used, with kernel 3x3 and stride 2x2 ac-
cordingly. With this configuration a 28x28 image could be
reduced to a dimension of 2x2. As for the number for chan-
nels the authors set it to 84, but on this work that will be a
variable to be studied. This variable represents the length
of each image signal, which means that high values influ-
ence training time and memory usage as it will be explain
below. It is also worth noting that the convolution layers are
not trained and their value is initialized using a random dis-
tribution. According to the authors this is enough to obtain
relevant features to be interpreted by a ESN.

4.2. From Images to temporal signals

The first mayor clarification that the authors in [16] men-
tion is how to interpret images as signals to the reservoir. It

t t+28 t+56

Figure 1. Image as inputs u,, and one hot outputs y;, image cour-
tesy of [16]

can be considered that each image is a signal to the reser-
voir, with N, being the total amount of signals. Then this
will imply that for each signal, a reservoir states is calcu-
lated. The first suggestion of the authors is to consider these
signals as joined horizontally as seen on Fig. 1. Thus for
each signal we don’t calculate a new reservoir state, instead
the last state of a signal becomes the initial on the next one,
i.e the reservoir states are not reset for new signals. With
this approach the reservoir is capable of capturing more dy-
namics given that it processes a long signal.

This approach combined with the CNN features will im-
ply first, that the input dimension of the signal (/V,) will
be determined by the convolution operations. For a 28x28
image this is reduced to 2x2, which can be flattened to a
dimension of 4. Second, the length of each image signal
will correspond to the number of output channels generated
by the convolutions N.;. This has the consequence that
the total number of times steps (1°) for the whole training
will depend on the number of images (IV;) an the number of
channels (N,p,). If working with a dataset with great num-
ber of images, having an elevated number of channels will
increase training time and usage of memory.

4.3. Readout

In order to train the output matrix the target matrix (Y")
must be composed of different output channels (N,) for
each time step. For the task of image classification each
of these channels can correspond to a particular class, with
N, being the number of classes. On that sense, the tar-
get signal for each image ¢ can be interpreted as a matrix
y; € RNvxNen composed of repeated one hot vectors for
a particular label. And as a hole, the collection of image
signals Y € RYv*T with T = N; x N,,. A representation
of the output can be observed in Fig. 1.

An optimization proposed by [ 6] suggest that instead of
training the network to predict a repeated signal of one hot
vectors thought the time frame of each image; to predict a
single one hot vector by joining the states of the reservoir
for such time frame. This implies the collection of reservoir
states will expand its dimension X € R(NexNen)xNi  Thig
approach will be evaluated on the following sections.



One last consideration for the readout, given that ridge
regression is performed throughout the hole collection of
target signals. The output vector g will not necessarily have
a predominant channel with value 1 as the one hot target.
In order to evaluate the correctly guessed classes a softmax
operation is performed on this vector as to extract the pre-
dominant class, given that the dataset used in this work only
have one class per image.

4.4. Committee

Given that an ESN is initialized with random weights it
is highly possible that the results obtained on different net-
works with same parameters differs. As such [16] suggests
the implementation of committees which consists running
the training and prediction of the network a specified num-
ber of times (/NV.), on each run collecting the predictions
of the network (Y). Then for each image it is calculated
the probability that its prediction belongs to a certain class.
Formally:

N,

) 1 .

Py(C =1i) = WZP%(C =1)
€ =1

On this work we consider the highest probability for each
image.

5. TensorFlow implementation

In order to design the architecture proposed, the imple-
mentation consisted of generating a dataset, implementing a
CNN based feature extractor, implementing a custom ESN
which considers the optimizations exposed above and im-
plementing helping functions such as measurement in order
to conduct the experiments.

For the image datasets, fortunately the framework al-
ready has wrappers that help download and organize data
into training and testing. Further processing was made to
extract from training data a validation (corresponding to
20% of training data). Target data was transformed to one
hot vectors corresponding to each class. A dataset object
was generated which could be processed in batches. The
feature extractor based on CNN was relatively easy to im-
plement by using the keras library, given that it already
gives all the necessary operations. A sequential model was
used in which the convolution and polling operations were
staked. The CNN kernels and strides explained before were
used. The generated dataset was fed to the sequential model
which generates the features used in the ESN.

Although the framework offers a RNN abstraction layer,
the ESN implementation did not used it, given that the train-
ing procedure differs from the one imposed by this abstrac-
tion layer. Either way, the convention of using call and build
methods was maintained. Throughout the network a same
datatype is used corresponding to float64. All the matrix

and vector operations are implemented using Einstein sum-
mation convention (einsum), as this convention simplifies
and makes it more clear the dimensions involved in an op-
eration.

To facilitate the training procedure a wrapper class (ES-
NFlow) was implemented. This receives the features from
the CNN, passes them to the reservoir and collects the
states. Training is done by preparing the readout (train) as
explained in step 5) of Sec. 3.3 and calculating the output
matrix (stop training). This wrapper also has a prediction
method (call) which prepares new data, calculates the states
and outputs a prediction considering softmax.

6. Experiments

Three types of experiments were held. The first one, uses
a chaotic time series function in order to prove if the ESN
architecture was correctly implemented. The next ones are
aimed for image classification, one uses the MNIST dataset
and the other the CIFAR-10.

6.1. Narma30

The 30th order narma function is a chaotic function in
which its output depend on past outputs an inputs. For-
mally:

n—1

Un =02y 1404y 1 Y i+ 15T 2020 1, (7)
1=n—30

with the input chosen randomly z = {zy, ..., 2, } €g R and
{90, ---, Y30} = 0. Given that in order to learn the dynamics
of the function it is necessary a memory, it is a good can-
didate to test if the ESN was correctly implemented. For
this experiment 10 different signals were used, 9 of them
for training and one for testing. For training, each signal
was feed to the network without using joined states and re-
setting the reservoir states after each signal was processed.
The reservoir parameter used are similar to the ones used
by [17]. The Normalized Mean Root Square Error was mea-
sured during training and testing.

6.2. MNIST

For this experiment the training and validation datasets
of MNIST is used to evaluate the impact of each hyper pa-
rameter on the network. A base configuration is set based on
the reviewed literature. From this configuration each new
experiment changes the values of one particular hyper pa-
rameter in order to assess the overall impact it caused. The
percentage of wrongly guesses classes is used as a measure.
A committee of 5 is used throughout all the experiments.
Finally the best configuration for each hyper parameter is
evaluated and used on a testing dataset.
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Figure 2. Approximation for the Narma30 function

6.3. CIFAR-10

Experiments on this dataset will not focus on hyper pa-
rameter optimization, the best configuration for MNIST will
be used. The same metrics used before will be employed for
testing and training data. The aim of these experiment is to
assess if there is any impact on the performance of the net-
work by changing from a gray scale image to a RGB one.
Considering that the features obtained from the CNN will
be equal for both dataset, it is believed it shouldn’t have a
great impact.

7. Results
7.1. Narma30

On Fig. 2 it can be shown a sample signal of the Narma30
function and how the ESN approximates on a training and
testing signals. The procedure for obtaining results con-
sisted on training the network, predicting on training and
test signal, measuring the NMRSE for both and repeating
the experiment 10 times. Then the mean NMRSE was mea-
sured across the 10 repetitions. The obtained error were
0.46 and 0.476 for training and testing respectively. These
results are similar to the ones obtained by [17] on the same
task, with similar parameter. This indicates that the imple-
mentation of the ESN was done correctly.

7.2. MNIST

An initial experiment considered the impact without
joining states, the model yielded an error of 0.80 and 0.82
respectively for training and validation. Then, using joined
states, the performance improved, reason why it was con-
sidered as part of the base experiment.

The parameters used in the base experiment are shown
Tab. 1. For each of these parameters variants where made,
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Figure 3. Grid search for sparsity between Win and W

Parameters Value
reservoir size | 200
input scaling | 0.05
win sparsity 0.0

W sparsity 0.0

leaky rate 0.0
channels 15
joined states | True

Table 1. Base parameters

Parameter Best Value Train error | Validation error
Reservoir size 100 0.651 0.680
Input scaling 0.6 0.64 0.533
Spectral Radius 0.99 0.66 0.62
Bias scaling 1 0.622 0.652
Sparsity win=0.1, w=0.9 0.675 0.562
Leaky rate 0.2 0.675 0.663
Channels 20 0.631 0.553

Table 2. Best parameters

Train Error | Test Error
Base 0.655 0.695
Optimized 0.576 0.528

Table 3. Comparison training and testing

Tab. 2 shows the best performance achieved (with respect
to validation error) for a particular variation and its corre-
sponding train and validation error. For the case of sparsity
a grid search of both variables was performed as it the lit-
erature points they have a strong correlation. A graph of
the grid search is shown in Fig. 3. Finally results for train-
ing and testing between the base and optimized network are
shown in Tab. 3. It can be observed that with hyper parame-
ter optimization there is improvement in comparison to the
base. Although the overall performance is poor.



7.3. CIFAR-10

For this experiment no hyper parameter optimization was
made, the network was trained using the best configuration
for MNIST. The errors obtained are 0.74 and 0.822 for train-
ing and testing respectively. It can be these errors have in-
creased in comparison of the results obtained for MNIST.
This may indicate that this type of dataset required further
preprocessing in order for the ESN to capture the dynamic
of their features. One possible solution can be to change
the CNN for this dataset, either by adding more layers or
changing the kernel and stride parameters. Or most likely,
increasing the number of channels.

8. Discussion

Based on the results presented on the previous sections,
it can be claimed that the implementation of the ESN for
a time series task was correct, but it’s implementation for
image classification didn’t yield expected results. For a time
series task, the ESN was able to approximate chaotic signals
and yield a similar results presented in the literature. This
indicates that the implemented ESN architecture works as
expected for this type of task.

The two main references [16] [19] for image classifica-
tion using ESN claim to obtain percentage errors below 8%.
For our case the lowest error was 52.3% which presents a
great difference. It is believed that the main cause of this
difference is caused by the number of channels used on the
feature extractor and the reservoir size. The authors that
implemented the CNN aprroach used 84 channels with a
reservoir size of 8000. In our case the maximum number
of channels were 30 and a reservoir size of 300. Increasing
these parameters further results in out of memory errors.
This can be attributed to the fact that the architecture was
designed considering the time series approach, in which the
number of signals rarely exceed 100. For image classifi-
cation, given that each image represents a signal, a dataset
of more than 10.000 entries (the case for MNIST and CI-
FAR10) represent a huge memory load. An architecture
which outputs states and updates the readout in batches is
a better and more wise approach.

Regardless of the memory usage it was also observed
that the time consumed for calculating all the reservoir
states and training the readout, took an average of 5 min
for a image signal composed of 15 channels. By increas-
ing the number of channels the time to compute increases
linearly. Further, if implementing the committee approach
the time consumed can increase exponentially. For this rea-
son using an output channel of 84 and a committee of 100
as the authors consulted did, could results on a training that
can last days.

A final observation considers the way the output signal
is interpreted. On this work a softmax transformation was

used in which the class with highest probability value is
used. Both authors don’t mention the way they interpret
the output of the network. Which leaves space to many in-
terpretations.

9. Future Work

The main optimization that will be implemented on fu-
ture work is the processing of reservoir and readout data
through batches. This will allow to increase the reservoir
size and the number of output channels of the CNN. Which
ultimately can lead to more precise results. Another opti-
mization entails parallelization given that the consumption
of cpu (or gpu) is very low during states calculation and only
high while calculating the output matrix (due to the inverse).
This could easily be achieved using queue jobs. In regards
to the hyper parameters, it was proven that they present an
influence on the performance on the network so future work
can consider finer hyper parameter optimization.

Other ideas consider, the use optimized ESN architec-
tures like intrinsic plasticity [ 1 7] or multi stage reservoir [&].
Trying other types of feature extractors, like deep CNNs or
auto encoders can also have promising results.

10. Conclusions

Throughout this work an overview the Echo State Net-
work has been presented. This reflect the consideration and
design details taken through the implementation of a Ten-
sorFlow model of this type of network. Further consider-
ations have been presented for implementing this type of
network on the task of image classification. Experiments
to test the performance of the network on the tasks of time
series prediction and image classification, were held.

Although the proposed objectives were completed, it
cannot be claimed that the main objective was completed
given that the results obtained show poor performance. The
main cause and possible solution have been discussed. Thus
it can be concluded, for now, that the architecture imple-
mented has the potential to solve the image classification
task. It has been proven that hyper parameter optimization
has an impact on the performance of the network, thus fur-
ther work needs to be done to completely assess the per-
formance of the implemented model on image classifica-
tion.
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