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Abstract: - This paper describes a simple tactile probe for identifying error signal in Multilayer. In multilayer having the
number of hidden layers error signal can be process as irrespective manner so difficult to find out the error signal. The
multilayer perceptron having the number of hidden layers with one output layer. This networks are fully connected i.e. a neuron
in any layer of this network is connected to all the nodes/neuronsin the previous layer signal flow through the network progress
in a forward direction from left to right and on a layer by layer. In this networks we can identify the two kinds of networks. First
oneis Function Signal-A function signal is an input signal that comesin at the Input end of the network. Second oneis Error
Signal- an error signal originates at an output neuron of the network and propagates backward i.e. layer by layer through the

network. In this paper, we adapt a multilayer perceptron algorithm for label ranking. We focus on the adaptation of the Back-

Propagation (BP) mechanism.

Keywords: Label Ranking, back-propagation, multilayer perceptron.

1 INTRODUCTION
This class of networks consists of multiple layers of
computational units, usually interconnected in a feed-forward
way. Each neuron in one layer has directed connections to the
neurons of the subsequent layer [11][18]. In many applications
the units of these networks apply a sigmoid function as an
activation function.
Multilayer Perceptron. The term "multilayer perceptron” often

causes confusion. It is argued the model is not a single
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perceptron that has multiple layers. Rather, it contains many
perceptrons that are organized into layers, leading some to
believe that a more fitting term might therefore be "multilayer
perceptron network”. Moreover, these "perceptrons' are not
really perceptrons in the dtrictest possible sense, as true
perceptrons are a special case of artificial neurons that use a
threshold activation function such as theHeaviside step
function, whereas the artificia neurons in a multilayer

perceptron are free to take on any arbitrary activation
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function[16][18]. Conseguently, whereas a true perceptron
performs binary classification, a neuron in a multilayer
perceptron is free to either perform classification or regression,
depending upon its activation function. The two arguments
raised above can be reconciled with the name "multilayer
perceptron” if "perceptron” is simply interpreted to mean a
binary classifier, independent of the specific mechanistic
implementation of a classical perceptron. In this case, the
entire network can indeed be considered to be a binary
classifier with multiple layerg/11][12]. Furthermore, the term
"multilayer perceptron” now does not specify the nature of the
layers; the layers are free to be composed of general artificial
neurons, and not perceptrons specifically. Thisinterpretation of
the term "multilayer perceptron” avoids the loosening of the
definition of "perceptron" to mean an artificial neuron in
general.
1.1. ARCHITECTURE

The network topology used in this study is based on fully
connected feed-forward ANNs. The number of nodes in the
input layer is equal to the number of features presented by the
data, while the number of nodes in the output layer (L) is equal
to the number of classes that this data map to. At least one
hidden layer must be added to the architecture in order to treat
the non-linear separation among classes. Several networks with
one and two hidden layers, with different number of nodes in
each hidden layer, have been used[11][12][15]. The architecture

for amultilayer perceptron with two hidden layers.
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Fig 1. Artificial neural network, Three layers MLP
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The fig.2. Depicts a portion of the multilayer perceptron. Two

kinds of signals are identifies in this network.
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i). Function signal

A function signal is an input signal that comesin at the
input end of the network, propagates forward through the
network, and emerges at the out put end if the network as ab
output signal[11]. We refer to such a signal as a function signal
for two reasons. First, it is presumed to perform a useful
function at the output of the network. Second, at each neuron of
the network through which a function signal passes, the signal is
calculated as a function of the input and associated weights
applied to that neuron. The function signal is also referred to as
theinput signal.

ii). Error signal.
An error signal originates at an output neuron of the

network, and propagates backward(layer by layer) through the
network. We refer to it as an error signal because its
computation by every neuron of the network involves an error-
dependent function in one form or another[11]. The output
neurons congtitute the output layers of the network. The
remaining neurons constitute hidden layer of the network. Thus
the hidden units are not part of the output or input of the
network hence their designation as “hidden”[15] The first
hidden layer is fed from the input layer made up of sensory
units, the resulting outputs of the first hidden layer are in turn
applied to the next hidden layer and so on for the rest of the
network[11][12][15]. Each hidden or output neuron of a

multilayer perceprton is designed to perform two computations:

1. The computation of the function signal appearing at the
output of a neuron, which is expressed as a continuous
nonlinear function of the input signal and synaptic weights

associated with that neuron.
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2. The computation of an estimate of the gradient vector.
Gradient of

connected to the inputs of a neuron. Which is needed for the

error surface with respect to the weights

backward pass through the network.

In many real-world applications, assigning a single label
to an example is not enough. For instance, when trading in the
stock market based on recommendations from financial
analysts, predicting who is the best analyst does not suffice
because 1) he/she may not make a recommendation in the near
future and 2) we may prefer to take into account
recommendations of multiple analysts, to be on the safe
side[1][2][3][5]. Hence, to support this approach, a model
should predict a ranking of analysts rather than suggesting a
single one. Such a situation can be modeled as a Label Ranking
(LR) problem: aform of preference learning, aiming to predict a
mapping from examples to rankings of a finite set of labels.
Recently, quite some solutions have been proposed for the label
ranking problem. including one based on the Multilayer
Perceptron algorithm (MLP). MLP is a type of neural network
architecture, which has been applied in a supervised learning
context using the error back-propagation (BP) learning
algorithm. In this paper, we try a different approach to the
simple adaptation proposed earlier[1][8][9]. We adapt the BP
learning mechanism to LR. More specifically, we investigate
how the error signal explored by BP can use information from
the LR loss function. We introduce six approaches and evaluate
their (relative) performance. We also show some preliminary
experimental results that indicate whether our new method

could compete with state-of-the-art L R methods.
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2. PRELIMINARIES

Throughout this paper, we assume a training set T ={X,,
M} consisting oft examples x, and their associated label
rankings m,. Such a ranking is a permutation of a finite set of
labels L={A4,...,A}, given k, taken from the permutation space
Q, .Each example x, consists of m attributes x,, = {&,,...,an} and
is taken from the example space X. The position of A, in a
rankingmnis denoted by m.(a) and assumes a value in the
set{1,...,k}

2.1  Back-Propagation Algorithm.

The Back Propagation network to be the quintessential

Neural Net. Actually, Back Propagation is the training or

Inputs

Targets

01

10

(the ouput vou
wint for ench pattern)

Fig. 5. Back Propagation training set.
So, if we put in the first pattern to the network, we would

like the output to be 0 1 as shown in figure 6. (a black pixdl is
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learning algorithm rather than the network itself. The network
used isgenerally of the simple type shown in figure 4
[11][16][17][18].

A Back Propagation network learns by example. Y ou give
the algorithm examples of what you want the network to do and
it changes the network’s weights so that, when training is
finished, it will give you the required output for a particular
input. Back Propagation networks are ideal for simple Pattern
Recognition and Mapping Tasks 4[12][15]. As just mentioned,
to train the network you need to give it examples of what you
want — the output you want (called the Target) for a particular

input as shown in Figure 5.

Far this
particular
inpit
pattcrn o
11
network, we
would like
to get this

] l a— pelhientils

represented by 1 and awhite by 0 asin the previous examples).

Theinput and its corresponding target are called a Training Pair.
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Input 4 NG

Fig. 6. applying atraining pair to a network
The network is first initialised by setting up al its
weights to be small random numbers — say between -1 and +1.
Next, the input pattern is applied and the output calculated (this
is called the forward pass). The calculation gives an output
which is completely different to what you want (the Target),
since all the weights are random. We then calculate the Error of
each neuron, which is essentially: Target - Actua Output (i.e.
What you want — What you actually get). This error is then used
mathematically to change the weights in such a way that the
error will get smaller. In other words, the Output of each neuron
will get closer to its Target(this part is called the reverse pass).
The process is repeated again and again until the error is
minimal Let's do an example with an actual network to see how
the process workg 11][15]. We’ll just look at one connection
initially, between a neuron in the output layer and one in the
hidden layer infig. 7.
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We'd hke thia
neuron o give &
“0" out.

Wie'd like this

neuron to give &
17 out.
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| Targels |
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Fig. 7. single connection learning in a Back Propagation
network.
The connection we’re interested in is between neuron A
(a hidden layer neuron) and neuron B (an output neuron)and has
the weight WAB. The diagram aso shows another connection,

between neuron A and C, but we’ll return to that later[10][14].
2.2. The algorithm works:

Sep 1. First apply the inputs to the network and work out the
output — remember this initial output could be anything, as the

initial weights were random numbers.
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Sep 2. Next work out the error for neuron B. The error is What

you want — What you actually get, in other words:
Errorg = Outputg(1-Outputg)(Targets— Outputg)

The “Output(1-Output)” term is necessary in the
equation because of the Sigmoid Function — if we were only

using athreshold neuron it would just be (Target —Output).

Sep 3. Change the weight. Let W*ag be the new (trained)
weight and Wag be the initial weight. W ag= Wag + (Errorgx
Output,).Notice that it is the output of the connecting neuron
(neuron A) we use (not B). We update al the weights in the

output layer in this way.

Sep 4. Caculate the Errors for the hidden layer neurons.
Unlike the

directly(because we don’t have a Target), so we Back Propagate

output layer we can’t calculate these
them from the output layer (hence the name of the algorithm).
This is done by taking the Errors from the output neurons and
running them back through the weights to get the hidden layer
errors. For example if neuron A is connected as shown to B and
C then we take the errors from B and C to generate an error for
A.
Errora= Outputa(1 - Outputs)(ErrorgWag + ErrorcWpc)
Again, the factor “Output (1 - Output )” is present

because of the sigmoid squashing function.

Sep 5. Having obtained the Error for the hidden layer neurons
now proceed asin Step 3 to change the hidden layer weights. By

repeating this method we can train a network of any number of

layers.

2.3. Calculation of Reverse pass of Back Propagation.
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let’s clear that up by explicitly showing all the calculations
for a full sized network with 2 inputs, 3 hidden layer neurons
and 2 output neurons as shown in figure. 8. W represents the
new, recalculated, weight, whereas W represents the old
weight[16][17][18].
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Fig. 8 Three layers full sized network
All the calculations for areverse pass of Back Propagation.
1. Calculate errors of output neurons
0q = OUty(1 - out,) (Target,- outy)
dp = outg(1 - outg) (Targets- outp)
2. Change output layer weights
W'aq = Wagt N3 0Uta W' ag = Wag+ N8p OULA
W'gy = Weet N3g OUts  W'gg = Wpg+ N3 OUts
W'eq = Wegt N8g OUte W'eg = Wept Ndp OUte
3. Calculate (back-propagate) hidden layer errors
da = outa(1 — outa) (BeWaq + 0Wap)
0g = outg(1 — outg) (0 Wy + 05Wagp)
¢ = oute(1 — outc) (0 Wea + 85Wep)
4. Change hidden layer weights
WA= Wya +NBain  Wiga = Wigat N4 ing
Whe = Wyg + g im W = Wget Ndg ing
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Whe =Wie +Ndcim W'ge = Wiact ndeing
The constant n (called the learning rate, and nominally
equal to one) is put in to speed up or slow down the learning if

required.
24. Example:
Consider the simple network below:
Lenprat 0.1 / x"l. i
A =I1l5E5 S _,.-". ".H __J"I-“‘x‘.‘-.,_\_ i
s =TT
a ; .
X, |:  huatpant
j__,./ *,.h"_q. 7 n\ _;ﬂ. ./.n'
o e
TN - L
H=14 0. |

Assume that the neurons have a Sigmoid activation function and
(i) Perform a forward pass on the network.
(i) Perform a reverse pass (training) once (target = 0.5).
(iii) Perform a further forward pass and comment on the result.
Answer:
(i) Input to top neuron

= (0.35x0.1)+(0.9x0.8) = 0.755. Out = 0.68.
Input to bottom neuron

= (0.9x0.6)+(0.35x0.4) = 0.68. Out = 0.6637.
Input to final neuron

=(0.3x0.68)+(0.9x0.6637) = 0.80133.0ut =0.69.
(ii) Output error
0=(t-0)(1-0)o = (0.5-0.69)(1-0.69)0.69 = -0.0406.
New weights for output layer
wl"= wl+(dx input) = 0.3 + (-0.0406x0.68)
= 0.272392.
w2"= w2+(8x input) = 0.9 + (-0.0406x0.6637)
= 0.87305.

Errorsfor hidden layers:
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01 = dx wl = -0.0406 x 0.272392 x (1-0)0
= -2.406x10°
02=dx w2 = -0.0406 x 0.87305 x (1-0)o
= -7.916x10°
New hidden layer weights:
w3'=0.1 + (-2.406 x 10°x 0.35) = 0.099186.
w4*= 0.8 + (-2.406 x 10°x 0.9) = 0.7978.
w5'= 0.4 + (-7.916 x 10°x 0.35) = 0.3972.
w6'= 0.6 + (-7.916 x 10°x 0.9) = 0.5928.
(iii) Old error was -0.19. New error is -0.18205. Therefore
error has reduced.
25. Tota Error in Network:
Error falls to some pre-determined low target value and

then it stops.
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Fig. 9. The network keepstraining all the patterns repeatedly
until the total
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Note that when calculating the final error used to stop the
network (which is the sum of all the individual neuron errors for
each pattern) you need to make all errors positive so that they
add up and do not subtract[11][16][17][18].

Once the network has been trained, it should be able to
recognise not just the perfect patterns, but also corrupted In fact
if we deliberately add some noisy versions of the patterns into
the training set as we train the network (say onein five), we can
improve the network’s performance in this respect. The training
may also benefit from applying the patterns in a random order to
the network. There is a better way of working out when to stop
network training - which isto use a Validation Set[11][13][16].

L 3

Selwork
eer

: I".:Il'l"”ll‘il'illltfi:
' ot Liaining sel

This stops the network overtraining. It does this by having a
second set of patterns which are noisy versions of the training
set. Each time after the network has trained; this set (called the
Validation Set) is used to calculate an error. When the error
becomes low the network stops.

The following shows the use of validation set.

When the network has fully trained, the Validation Set error
reaches a minimum. When the network is overtraining
(becoming too accurate) the validation set error startsrising [7].
If the network overtrains, it won’t be able to handle noisy data

so well.

Frror msasired on
validation sel

>
Training cveles

Fig.10 Use of validation sets

3. MULTILAYER PERCEPTRON FOR LABEL RANKING

Our adaptation of MLP for LR essentially consists of 1) the
method to generate a ranking from the output layer and 2) the
error functions guiding the BP learning process. The output
layer contains k neurons (one for each label). The output y; of a
neuron j at the output layer does not represent a target value or
class but rather the score associated with alabel A. By ordering
al the scores, the predicted ranks m’,(j) of the label A; and, thus,
the predicted ranking[1][2].
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The tricky point of adapting an MLP for LR is the weight
corrections in the BP process. minimizing the individual errors
does not necessarily lead to minimizing the LR loss. We
propose six approaches to define the error signal ¢ at the output
layer[5][6]. The weight connection w;(n) is updated based on
the estimated ¢;(n) using the delta rule Aw;;(n)=nc;(n)y:(n).

Local Approach (LA). The error signal is the individual

error of each output neuron,
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ci(n)=g(n)=mn(j)—T"1(j), as in the original MLP. The LR
error, €, isonly used to evaluate the activation of the BP.

Global Approach (GA).The error signal is defined in terms
of the LR error. In thiscasg, it is simply given by ¢i(n)=e(n)

Combined Approach (CA). CA is a combination between
GA and LA, ¢(n)= g(n)e(n). We note that a neuron which
returns the correct position my(j)=1"s(j) (i.e.,g(n) = 0) is not
penalized even if e, >0.

Weight-Based Signed Global Approach (WSGA).The error
signal is defined in terms of the LR error and the incoming
weight connections of the output layer. We assume that a high
LR error means that some weights of neurons are too high and

other are too low. The output neurans are ranked according to

]

their average weights @; =-:'; ;= = wj resulting in a position

P.() € 1,....K. The error of the neurons with a position above

the mean is negative and it is positive otherwise:

(—er(n) if pai) > (> +05)
G=) e i pul) < (5 + 05)
0 if pu(i) = (5 +0.5) (1)

S:orke-Based Sgned Global Approach (SSGA).The
motivation for SSGA is the same as for WSGA. The difference
is that we rank the output neuron scores y; instead of the input
weights. The positions of the weights, p.(j) is replaced in eg. 1
with the positions of the scores, pq(j)

Weight-Based Sgned Global
(IWSGA). This assumes that all the weight connections at the

Individual Approach

Table 1. Datasets for LR
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output layer are important to define the error signal and are
considered independently of the neurons they connect to. The
error signal denoted c;(n) is associated with the weight of the
connection between output neuron i and hidden neuron j. Thisis
similar to WSGA but we rank al

individually, rather than the average weights for each output

weight connections

neuron. The weight corrections are given by Aw;i(n)=nc;i(n)yi(n),
where:

—e(n), i Poulii) > &
Gi(n) =

e(n), it padins &

4. EXPERIMENTAL RESULTS

The goa is to compare the performance of the proposed
approaches on different datasets. The datasets used for the
evaluation. These datasets, which are commonly used for LR,
are presented in Table 1. Our approach starts

Our approach starts by normalizing all attributes, and
separating the dataset into a training and a test set. On each
dataset we tested the six approaches with h=3 hidden neurons,
n=0.2, using 5 epochs with 5 random restarts. The error
estimation methodology is 10-fold cross-validation. The results
are presented in terms of the similarity between the rankings mi;
and 1’; with the Kendall t coefficient.

In Table 2, we show the resulting t-values for each
approach, and associated rank (lower is better) per dataset. The
bottom row shows the average rank for each approach, which
allows us to compare the relative performance of the approaches
using the Friedman test with post-hoc Nemenyi test [13].
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Dataset Type &k m Instances|Dataset Type & m Instances
Authorship A 4 70 841 Iris A 3 4 130
Bodyfat B T 7 252 |Pendigits A 1016 10992
Callwusing B 4 4 20640 |Segiueul A T 18 2310
Cpusmall B 5 6 8192 |Stock B &5 5 930
Elevators B 9 9 16599 |Vehicle A 4 1B o6
Fried B 5 9 40768 [Vowel A 111D 528
Glass A 69 214 |Wine A 313 178
Housing B 6 6 506 |Wisconsin B 16 16 194

Table 2.Experimental results of MLP-LR and their ranks

Dataset GA LA CA WSGA | SSGA | TWSGA

T rf T rf T rf T rf T rf T r;f"
Authorship|| 0.291 6 |0.889 1 |(0.829 2 |0.307 5 (0.528 4] 0.548 3
Bodyfat -0.004 50056 210,075 110,033 3 (0.022 4 |-0.006 &
Calhousing || 0.054 6 |0.083 3 |0.106 2 |0.078 4(0.130 1] 0.076 5
Cpu-small || 0.109 6 |0.295 2 |0.357 1]0.176 5(0.293 3| 0.181 4
Elevators 0.110 6 |0.687 1 (0.684 2(0.135 5(0.419 3] 0.1658 4
Fried -0.002 6 (0.532 2 |0.660 1 0.157 4 (0446 3| 0.133 5
Glass 0.317 5 |0.81% 1 (0.767 2|0.258 6 |0.475 4] 0.493 3
Housing 0.077 6]0.531 2 (0.574 1]0.290 3 |0.241 4] 0.094 5
Iris 0,178 6 |0.911 1 (0,800 2 (0.609 4 |0.693 3] 0.351 5
Pendigits 0.161 5|0.694 2 (0.752 1]0.122 6 |0.314 3| 0.257 4
Segment 0177 6|0.799 2 (0.842 1(0.341 4 |0.338 5] 0.346 3
Stock 0.032 6 |0.732 2 |0.745 1]0.303 40403 3] 0.197 5
Vehicle 0.106 6 |0.801 1 (0500 20452 40504 3] 0.339 5
Vowel 0.065 60474 2 (0.545 1(0.098 5 |0.130 3] 0.125 4
Wine 0.324 610.931 1 (0.874 2(0.503 4 |0.598 3] 0.341 5
Wisconsin || 0.007 6 (0.221 2 |0.235 1|0.066 3 |0.060 4| 0.028 5
R; D.8125 | 1.6870 | 1.4375 | 4.3125 | 3.3125 | 4.4375

implies that for each pair of approaches A and A, if R <

The Friedman test proves that the average ranks are R—CD, then A is significantly better than A;. Hence we can see
significantly unequal (with a=1% ).Then the Nemenyi test gives from the table that approaches LA and CA significantly
us a critical difference of CD=2.225 (with 0=1%). The test outperform all other approaches except for SSGA. However, at
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a= 10% the critical difference becomes CD=1.712, 0 at this
significance level CA significantly outperforms SSGA too.

These experiments are performed with a rather arbitrary set
of parameters. Varying parameters such as the number of hidden
neurons in the MLP, the number of epochs used when learning
the neural network, and the number of random restarts, could
benefit performance. To illustrate this, Figure 1b displays the
variation of t-values for the different approaches on the Iris

dataset, when varying the number of epochs. As we can see, we

can substantially improve the results when tweaking the number
of epochs. For some approaches using more epochsiis better, but
for others this monotonicity does not hold. We see similar
behavior when varying the number of stages and hidden
neurons. When the dataset at hand has relatively many
attributes, our approaches have relatively many input signals in
the MLP.

1%
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Fig. 9 Results of Kendall’s 1 correlation coefficient.

Hence there are many more connections with the hidden
layer, and much more interactions between the neurons in the
network.

5. CONCLUSIONS

In this paper, the most commonly used networks consist of
an input layer, a single hidden layer and an output layer. The
input layer size is set by the type of pattern or input you want
the network to process. And reducing the error signal in
multilayer perceptron neural network shown in example
Empirical results indicate that the two methods that directly
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incorporate the individual errors perform significantly better
than the methods that focus on the LR error. However, the best
results are obtained by combining both errors (CA). A
comparison with results published for other methods
additionally indicates that our method has the potential to
compete with other methods. This holds even though no
parameter tuning was carried out, which is known to be essential
for learning accurate networks. Our method becomes more
competitive when the data contains more attributes; this

increases the amount of input neurons, and the MLP-LR
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predictions benefit from the more complex network. As future
work, apart from parameter tuning we will investigate other
ways of combining the local and global errors and we will
investigate how to give more importance to higher ranks.
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