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Abstract— We show that real valued continuous functions
can be recognized in a reliable way, with good generalization
ability using an adapted version of the Liquid State Machine
(LSM) that receives direct real valued input. Furthermore this
system works without the necessity of preliminary extraction
of signal processing features. This avoids the necessity of
discretization and encoding that has plagued earlier attempts
on this process. We show this is effective on a simulated signal
designed to have the properties of a physical trace of human
speech. The main changes to the basic liquid state machine
paradigm are (i) external stimulation to neurons by
normalized real values and (ii) adaptation of the integrate and
fire neurons in the liquid to have a history dependent sliding
threshold (iii) topological constraints on the network
connectivity.
Index Terms—Liquid State Machine (LSM), Classification,
Signal Processing, Temporal Networks.

I. INTRODUCTION
Recently, we showed that liquid state machines can be
adapted to give robust pattern recognition of temporal
patterns [1], [2]. However, under this idea, complex
continuous real valued patterns seem to require a
discretization and digital encoding in order to input them to
the liquid. In attempting to apply this technique to signal
processing on phoneme recognition from a continuous voice
signal, we found this to be intractable; because of problems
in both making the system accurate while maintaining good
generalizability properties. It seems that the combination of
the separability of the liquid with the digital encoding
conflict with the generalizability.
In this paper, we show how to rectify this problem, by
making three fundamental changes in the system. (i) We
input the signal directly to the neurons as normalized real
values (instead of already encoded discrete "firings"). (ii) We
modify the integrate and fire neurons in the liquid to have
history dependent sliding thresholds. (iii) We maintain the
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small world topology constraints as described in [1], [2] in
order to get more diverse activity in the firing patterns of the
neurons.
A. The Liquid State Machine
The liquid state machine is a recurrent neural network. In
its usual format [3], [4], each neuron is a biologically
inspired artificial neuron such as an "integrate and fire" (LIF)
neuron, Hodgkin-Huxley [5] an "Izhikevich" style neuron
[6]. The connections between neurons define the dynamical
process, and the recurrence connections define what we call
the "topology" in this paper. The properties of the artificial
neurons, together with these recurrences, results in any
sequence of history input being transformed into a spatiotemporal pattern activation of the liquid. In this work we
used uncorrelated Scale Free networks [7] that have small
world properties [8], [9] to create an architecture of the
recurrent connections between neurons.
Its nomenclature comes from the fact that one can
intuitively look at the network as if it was a "liquid" such as
a pond of water, the stimuli are rocks thrown into the water,
and the ripples on the pond are the spatio-temporal patterns.
The "detectors" (see Stage 4 in Fig 1) are classifier systems
that receive as input a state (or in large systems a sample of
the elements of the liquid) and are trained to recognize
patterns that evolve from a given class of inputs. Thus a
detector could be an SVM [10] or an adaline [11], percepton
[12], or back propagation neural networks, etc.
As Maass et al. postulate [13], [14] the recurrent network
serves as a kind of “kernel” to separate spatio-temporal
patterns and in addition serves as a memory for spatiotemporal information. Thus the standard detector has no
need to transform time to space, the liquid itself serve as a
memory for temporal information in a natural way.

2012 IEEE 27-th Convention of Electrical and Electronics Engineers in Israel

Liquid
Reservoir Neurons
Network

n
tio
iva
Act

Stage 1

Machine

Refactor periods

State(t1) . . . . . . State(tk)

S(n)

State

Stage 2

Stage 3

NN Classifier

Soft Decision

∑

Majority Vote
Mechanism

n
ter
Pat

Stage 4

Stage 5

Fig 1. Diagram of the setup Liquid / Echo State Machine as used in the paper. The real valued temporal signal input into the liquid, and the classifier uses the digital
firing patterns of the reservoir with consecutive iteration times (synchronized to the neuron refactor period) to classify the signal. Thus each "state" in Stage 3 has a
single row (liquid state), which is a snapshot of the reservoir. Thus entry to the classifier is consecutive snapshots of the reservoirs firing pattern. Eventually the final
classification of the signal S(n) is done by a weighted voting between all the soft decisions over time.

For comparison the traditional methods of actual signal
classification schemes, usually consist of the following basic
parts as shown in Fig 2: (1) Resampling and Quantization, (2)
Windowing, (3) Feature Extraction, (4) applying classification
algorithm, and then decision algorithm may applied. The goal
of the first and the third steps are to reduce the data explosion
that is derived from real life signals.
The second part, signal windowing, is used to attack the
issue of global and local field of view on the data; in other
words to incorporate time as a feature. A short window will be
able to look on short temporal issues while a long period
window can catch long period tendencies. However, in both
cases the perception of time in this way is somewhat artificial
and will never be accurate enough. In addition, the windows
always need to be adjusted to a specific task. Furthermore, the
process of windowing itself eliminates the option to look on
all the possibilities of cross window events while trying to
pass through all the possibilities of window size. Part of the
problem can be solved using overlapping windows, but this
has its computational cost.
The feature extraction part will always be dependent on the
window size selection. Moreover it requires substantial
experience with the specific data task and the success of
finding good features can be affected by personal experience,
extensive analysis of the data and time-frequency
manipulations as described in [15]. All of these are time
demanding processes, and usually computationally ineffective
and somewhat not natural [16]. Their main goal is data
dimensionality reduction for the classification algorithms.
The last part, the classification strictly depends on the
previous one. Successful feature extraction process will result
in efficient and fast learning, affect its accuracy and
generalization (and the problems in achieving this goal as
stated above). Moreover, as mentioned, the windowing
process restricts the classifier's ability to use time as a feature.

In this work we show that using the LSM setup, a somewhat
more natural way of temporal dependent data classification
can be done. In addition this setup, can successfully replace all
those processes of traditional classification scheme, such as
windowing, feature extraction and finding sufficient
classification algorithms. We also show that this task can be
done with a relatively small amount of neurons. We believe it
may be more suitable for real-time applications (where
windowing and feature extraction can’t be properly
implemented). Moreover we show that our network has the
ability to convert a human dependent task of the selection of
signal processing features into an automated computational
task of finding LSM parameters (which in turn can be
optimized using parallel programming).
II. METHODS
A. Liquid state configuration
Our configuration of the liquid state mechanism is
illustrated in Fig 1. The Liquid network used twenty five LIF
(leaky integrate and fire) neurons with 20% connectivity
between neurons, arranged with a topology of uncorrelated
Scale Free network [7]. Two of the neurons were inhibitory
neurons and the rest (23 neurons) were excitatory neurons.
The weights between neurons were set to a constant value of
0.25. The Liquid was configured to have four input neurons
from Stage 1 to Stage 2 dedicated for signal transition into the
network, as shown in Fig 1. All the remaining 21 neurons
were considered as output neurons. The input neurons were
fed by the input value and those neurons were not taken in
account during the snapshot that was exported to the detectors
(see activation pattern in Fig 1). The input to the liquid in our
configuration was real numbers between 0 to 95 volts. The
input neurons converted this current into binary firing
sequences that in turn were propagated in the liquid.

However, under the standard LSM arrangement, the
"neurons" of the liquid receive input by external “spikes".
Thus to apply this method to real continuous signals (such as
speech), one has to first discretize and encode the signal.
This creates a conflict between the separability and the
generalizability properties of the network. We indicate further
the needed changes to avoid this problem by directly inputting
normalized real values to the liquid.
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Fig 2. A general diagram of a traditional classification algorithm, where the
dashed area is performed for every input window generated by the
windowing procedure. In case that there is more than one classifier used a
decision making algorithm can be applied.

As a show-case of this method we present an example of
such a network that successfully classifies synthetically
generated auditory data having relatively similar signal
processing properties as human speech without any of the
steps needed for the traditional classification algorithm (i.e.
windowing, preliminary data analysis and features seeking and
selection of classification algorithm).
Each neuron has resting state of -65mv, threshold of 30mv,
refectory period after spike is -95mv and decay rate of 60%.
Each individual neuron has its own sliding threshold factor,
initially set randomly between zero and one, which decreases
the threshold after each iteration that the neuron hasn’t fired.
Once a neuron fires, the threshold is reset to 30mv. The
detector received all consecutive snapshots of liquid activations
as input (a single row in Fig. 1. Stage 3), where the multiple
snapshots were chosen to be synchronized with the average
neuron refactor period (see the division into activation
windows in stage 3 in Fig. 1.), in order to maintain proper
activation level of the signal input to the classifier. For long
signals input, this procedure is repeated until the signal length
is exhausted and the ultimate classification is a voting result of

those separate classifications for each snapshot (as depicted in
stage 5 of Fig. 1.).
B. Data analysis
We built up our results gradually. Starting by training the
network using signals that passed through various encoded
binary (spike or not spike) sequences as described in [1], [2].
This was somewhat not successful for this type of data,
because despite very extensive experimentation with methods
of encoding the continuous real valued signal into a discrete
binary one, such as translation of signal magnitude into its
matching firings number sequence, convolutional filtering and
division of the signal into its sub-bands (logarithmically scaled)
description of activations in each of the sub-bands separately.
But we could not reach acceptable levels of generalization.
We then decided to eliminate the encoding and
discretization problem on the input by modifying the network
to receive its input as normalized real values (as opposed to
spikes).
While this solved the encoding problem, as a result of using
real values in the input instead of spikes, the activation in the
liquid was very scarce. We then decided to introduce to each
neuron a sliding threshold mechanism [17] to make the neuron
more sensitive to the input by change the sensitivity of the
neuron according to his history of firing, if a neuron fire more
than 60% of its capability the threshold grow by constant
value, make the neuron less sensitive to inputs, if the neuron
didn’t fire long time his threshold get lower by constant value,
making the neuron become more sensitivity to future inputs.
The initial threshold of all neurons was set randomly between
zero to 30mv.
We then continued with three tests on different variations
of real valued continuous signals, each one designed to
approximate more closely natural human speech signals:
1. Long harmonic signals composed of 7 base frequencies
with 5% random noise. Each of the two classes has
disjoint frequencies.
2. Long harmonic and 5% random noised with 5 of the 7
frequencies mutual in both sets.
3. Step (2) + all the signals had random length and
random phase shift
The last test has similar properties of voiced phonemes in
English.
Since we eventually succeeded in all these tasks, we report
here only on the last and most interesting one.
In order to test the network, each time four hundred (400)
samples from each of the two groups were generated, where
50% of the dataset randomly selected as the training set (both
groups had equal representation in the training set) and the rest
used as testing set. Each time the data is cross-validated 30
times and confusion matrices were calculated similar to Table I
to perform the True Positive (TP) and True Negative (TN)
analysis (the bold marked diagonal in Table I).
In order to show the effect of the sliding threshold, we
display the results with and without the sliding threshold (as
show in TABLE II) on the most successful topology
(uncorrelated scale free network).

TABLE I. CONFUSION MATRIX OF THE 3 EXPERIMENT
Classified as group 1 Classified as group 2
Group 1
0.09%
0.91± 0.03
Group 2
0.06%
0.92± 0.08
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 Threshold of each was set randomly between zero
to 30mv
Configuration 2:
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to all neurons a sliding threshold as described
above.
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