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Overview Results

The main aim of the experimentation was to systematically investigate which parameter setting works
best towards performance enhancement of the ESN.

*An Echo State Network ( ESN) is a type of three-layered recurrent network with sparse,
random, and crucially, untrained connections within the recurrent hidden layer. The scale of
the internal connections is set so that the networks possess the Echo State Property.
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*The echo state property [1], which expresses — informally stated — the fact that the influence

of inputs on reservoir states fades away gradually. Further, an upper and lower bound are 45 ]
defined for the echo state property that are very easy to compute and depend only on the
weight matrix of the reservoirs. 4 1

*The echo state network (ESN) is a recurrent neural network with a sparsely connected
hidden layer (with typically 1% connectivity). The connectivity and weights of hidden units 3 1
are randomly assigned and are fixed, once it is picked.

«The random connectivity and weights does not give a clear insight in what is going on in the 2 1
reservoir and how is it related to the performance of the ESN. The main aim of this research
is therefore

“ To systematically study the influence of the range of reservoir parameters 1| 4+ 4 £ £ ot 4 ol
on the learning performance of the ESN.”
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In order to fulfil the aim of the research following were the objectives of the research T

*To study the effect of different reservoir topologies on the performance of the ESN.
*To study the effect of different reservoir sizes on the performance of the ESN.
*To study the effect of linear and non-linear nodes types on the performance of the ESN.

Figure 3(a) Results for the Chain and
Cycle topology for Santa-Fe-Laser data.

The plot represents results for 4 different
reservoir size.

Experimental Methods For linear units weights on cycles (3(a))
. X . X and loops (3(b)) that are (in absolute
In order to systematically study the influence of the reservoir topology on the learning value) greater than 1 lead to instability
performance of the ESN, the research approach include following main steps. of the system, which was expected.

A. Connection Topologies: Six different reservoir topologies with increased level of
complexities were used to construct the reservoir. (fig. 2). To remove the effect of
random weighing, the experiments were repeated 30 times for each reservoir with
different assigned weights.

Figure 3(b) Results for the chain graph

with self loops The plot represents results .
for 10 different self loop weights for
reservoir size 30.

1. A combination of connections weights from a

[0.05,0.1,0.3,0.5,0.7,0.9,0.95, 1,1.2,1.5] was used to generate the 4 10° SantFe-Laser dataset (Non-Linear units) - Chain Graphs
reservoir —+—Res = 5
Res = 30 4
2. The reservoir was generated as in 1. The sign of some of the connection & Res = 60
weights was changed from positive to negative. 4| = & -~Res =100 b
3. The connection weights were randomly for each topology. The reservoir with non-linear units 35 1

outperformed the linear units

B. Three different datasets namely, Santa Fe Laser, Nonlinear Communication Channel reservoir( see fig.3(a)).

and NARMA System were used.

MSE

C. Reservoir Size : The experiments were repeated for different number of hidden units

’ hd Figure 3(c) Results for the cycle 2 1
or each dataset. topology for Santa-Fe-Laser data. The _, ;5 |
D. Connection nodes: All the experiments mentioned in A,B and C were repeated for plot represents results for 4 different
Linear as well as Non-linear hidden units. reservoir size. ! e |
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(MSE) was observed for different topologies. Forward Weights
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Reservoir Size

Two more complex architectures with cycle o “ﬁ:;n -
and self-loops (1) added onto the chain. ® ®io00 10006 Conclusion
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Cyele £0000)  Chain with self loops | ° 0 0 0 In the course of data analysis, the following observations were recorded:
T o
o S « Connection topologies
Third level of complexity with self-loops (I)
added onto the cycle and backward ‘:/ e A s The network shows decrease in the performance for the connection weights, for connection weights
connections added onto the cycle. 3¢ u o leading to 1.

The self loops weights close to 1 the network performance gets worse.

« Node complexity
The non-linear units perform better than the linear units.

Fourth level of complexity with self loops, and
backward connection onto the cycle.

E B « Reservoir size
f — forward connection weight

The experimentation showed that, network performance was improved with the increase in the size of
the reservoirs.

b — backward connection weight

Cycle with backWara and self connections

| — self-loop connection weight

Figure 2 The connection topologies with increased leve| of complexity
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