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Abstract: Artificial Neural Networks are an established solution A simple implementation of ad/-dimensional hyper-
for classification. Many Neural Networks consist of perceptrons plane is the so-called Adaline-Element [3]. For the follow-
(e.g. Multi-Layer-Perceptron Networks). In this paper, we pro- ing, we approximate the Adaline by an Atrtificial Percep-
pose a concept to extract reliability information of a perceptron- tron [4]. The so-called weight vecta# of the perceptron

based Neural Networks decision. Therefore, we extend the con- is scalar-multiplied by the input vectdr,, 7o, ..., ra)7.
ventional perceptron and suggest a simple training strategy. The result is weighted by a user-defined activation function
Keyword: classification, neural network, perceptron, reliability, ~A. Thus, the output of the perceptron is givends - 7).
confidence, real-time constraint, signal-space Steingrimsson et al. have presented a method to extract

reliability information from a so-called Signal-Space De-

tector [5, 6]: An observed signal point, which is positioned
1 Introduction close to an admissible signal point, is assumed to repre-

sent a confident decision. On the other handigf located
Many classification problems can be solved by the use of close to a decision plane, then it marks an unreliable deci-
Artificial Neural Networks. On the other hand, conven- sion. That is, the distance from an observed signal point to
tional (non-adaptive) classifiers provide additional features, the admissible signal points is a measure for the reliability
particulary the extraction of so-called Soft-Information, a of the detector output [2].
measure of the reliability of a decision. Postprocessing al- The consideration of this distance allows the calculation
gorithms can profit from that extra information, as already of individual probabilities for each possible perceptron out-
discussed in the past [1, 2]. put: Generallyi can either be assigned to a certain class

Thus, we suggest a concept to enhance a conventional(7 € C) or not ¢ ¢ C). Assuming that the observed sig-

Multi-Layer-Perceptron-based Neural Network by compo- nal point is7, the reliability of the classification, which

nents that allow an on-the-fly confidence-estimation. is called L(i), can be calculated with the so-called log-
Thereto, the first section provides definitions and back- likelihood ratio [1]:
ground information. Afterwards, we present the concept of P(i = C|F)
. e ~ . . . . _ L - i l 1
reliability-estimation. Finally, we present experimental re (4) nip(i Z 07 (1)

sults and end with a conclusion.
Note, that a positive valug(:) indicates thaf is classi-

fied to belong toC while a negative value means thats

2 Backg round and Theory classifiednot to belong toC'. The absolute value df(i) is
the reliability of the decision.
For the following, an object is given by/ significant fea- Based on that approach, we developed a low-complexity

tures which can be measured (e.g. by sensors). Thus, amarchitecture with soft-outputs [2]. Now we show, how

observed object is represented by a so-called observed sig-this approach can be adapted to a generic Multi-Layer-

nalpoint 7 in the M-dimensional feature-space. If all Perceptron Network.

samples of the same class would be identical, all observed

objects would be represented by fixed poiditg¢so-called . . . .

admissible signal points) . 3 Classification with Confidence-
Eachg; represents a clags Therefore,S can be divided Estimation

into subspaces, such that each section is uniquely associated

to a certain clasé This partitioning can be done efficiently  For the following, we define a generic Single-Layer-

by hyperplanes that divid€ into Voronoi Regions. Perceptron Network (G-SLP) as a set ¥fperceptrons



in one layer. Each perceptron provid&s input-weights.
Thus, theM -dimensional signal-space is partitioned dy
decision-planes. Moreover, this G-SLP transforms the M-
dimensional feature-space intoyadimensional auxiliary
signal-space.

Further, a generic Multi-Layer-Perceptron (MLP) Net-
work consists ofA G-SLP’s which are connected among
each other.

There are two ways to apply Eq. 1 to the MLP in order Figure 1: Low complexity implementation of a modified
to estimate the confidence of its classifications. If it is used P&rceptron in order to compute reliability-information.
in the \M'th layer, then it is applied to the,-dimensional
space only. This keeps the implementation costs low. On bounding hyperplanes are needed to extract the confidence
the other hand, unreliable decisions in the fidst 1) layers information. Thus, we normalizé” to |«7*| = 1 after each
does not affect the computation of the overall confidence. training step. Then, the distance frafto H* can be com-

Thus, we suggest to apply Eq. 1 to every perceptron of puted by applying the inverse functiot* (p*):
the MLP. Obviously, this way is of higher complexity but
a higher accuracy of the computed confidence can be ex- A7Vt st — 1 n ((pk)fl —1) (5)
pected. ¢

The hyperplanes that partition the signal-space are given In practical implementations, it is unreasonable to calcu-
by their normal vectorsi* — which are multiplied by the late the distance by applying Eq. (5) since the computation
input vector”— and a biag”, which represents the distance of A—! demands costly operations. Instead, the perceptron
to 0 if || = 1: structure should be modified as illustrated in Fig. 1: The

- (n’f,n’g, o ,n’&)T e db—0 @) confidence-informatiorL.(i*) should be calculated simul-
taneously to the perceptrons outpliti*). The use of the

Such a hyperplane can be modeled by a conventional per-auxiliary value
ceptronp®: The weight vectori® = (wf, w5, ... wh,)T

is dot-multiplied by the input vector and a biaf{,H is . oy

added. If7is used as input vector, the®* can be inter- L=1L":=wk. < ) ) (6)
preted as the normal vector of a bounding hyperplahe

H(7) is weighted by an activation functioA. Thus, the which is calculatedeforeapplyingA - helps to avoid the
perceptron’s outpuP := p*(7) is given by application ofA~!. Thus, the entire classification including

reliability estimation is done in one processing step of the
neural network.

Piios Al(whuh, e uk)" k] @)

The set ofk,,., hyperplanes is modelled by the same
amount of perceptrons. The input vector of each percep-
tron is given by a combination of inputs and other per-
ceptron outputg”. To build an efficient constellation of hy-  The concept of reliability-estimation is based on the work
perplanes, all weight vectors must be initialized and trained of Steingrimsson [5, 6]. It calculates the soft-outputs by
by a user-defined learning technique. We used the back-the geometric distance of the observed signal point to the
propagation algorithm [4]. This basic approach is easy to hounding hyperplanes. If a model for the distribution of
implement and a proper solution to train artificial neural observed objects in the feature-space is known, the position
networks. A sigmoid activation function as illustrated in  of all admissible signal pointg can be precalculated. With
Equation (4) should be used in order to simplify the learn- this information, an observed signal poifte S; can be
ing rule [4]: modelled by adding noisg (with the variancer2) to ¢;:

Az — 14 exp(e(t — )" (4)

3.2 Extraction of Reliability-Information

7=¢c; +nV kwith (7,¢) € S; @

3.1 Training Technigues of the MLP Then, the reliabilityL(i*) of the decision’* is given by

During the training phase, the weights are adjusted. Due to the normalized dot-product @fand the normal vectai®
that, the hyperplanes are rotated by modified normal vec- of the hyperplanegi* after Eq. (8) [2]. Note, that* indi-
tors and shifted by the changed bias’. The distances to the cates the distance frof to the hyperpland?”.
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In many cases, the exact position of the admissible sig-
nalpoints, and consequendy, will be unknown. To han-
dle this problem, we suggest to use the focal point of all )
observed signal points in the same subspack as an es- e
timate forc;. This methodology has already been success- R S /E‘/
fully applied to specific classification problems [7, 8]. 7 //

By using an estimated;, it is easy to calculate,?. * - a: : - - - - )
Thereto, we assuming a Gaussian Noise distribution. The pulse width (PWS0)
distanceb” to each adjacent hyperplaé" is given im- Figure 2: Performance of the suggested concept compared
plicitly by the dot-productz; - «* and can be calculated to a stationary WSSD-detector.
efficiently in the MLP-Network.

Some hyperplanes which does not influence the actual
decision [2]. Thus, we must distinguish between bounding
hyperplanes which contribute to the detector output (deci- First, we use the suggested classifier as detector of a read-
sive hyperplanes) and those who do not (non-decisive hy- channel in a magnetic recording (hard disk) environment.

SNR (dB)
X
o

4.1 Correctness of Classification

perplanes). We compared the accuracy of the suggested approach with
To find out, if a perceptron represents a decisive hyper- the performance of a conventional detector.

plane, we invert the result of the weight-functiph of the Thereto, we measure the performance of a so-called

previous perceptron by computirig— p*). Then,(1 — p*) Signal-Space Detector with Noise Whitening (WSSD) on

is propagated through the rest of the neural netivifrthe a magnetic channel. We measure the Signal-Noise-Ratio

final result changes, the hyperplane is claimed to be deci- (SNR) which is needed to obtain a Bit-Error-Rate (BER) of

sive. Only the decisive hyperplanes contribute to the calcu- 10~° for a varying pulse widtl2.75 < PWs, < 3.5.

lation of the soft-outputs. We observed, the WSSD reaches the illustrated lower
Finally, we have to merge all confidence information to bound (see Fig. 2), if the preprocessing unit - the so-called

an overall value. For our system it seems reasonable to ap-equalizer - is perfectly adjusted to the channel parameters.

ply the MIN-rule as suggested in [2]: We determine the Under the influence of parameter noise, the performance

confidence for each decisive perceptron. The overall con- of the WSSD worsens significantly (WSSD in illustration).

fidence is given by the minimum of all calculated reliabili-  On the other hand, the suggested approach compensates the

ties. Geometrically spoken, we use the shortest distance togdditional noise (MLP in Fig. 2).

a decisive hyperplane as overall-reliability information. An

implementation of this approach is illustrated in Figure 1. 4.2 Speed of Reliability-Extraction

. As already stated in the title - the reliability information can
4 EXpe“mental Results be extracted on-the-fly. The calculation is done by the dot-
multiplication with the weight vector of every perceptron.
To evaluate the performar']ce of the S”QQ?Sted approach, WeThereto, the weights must be normalized during the training
have to observe three major characteristic properties: phase, which slightly increases the training time compared
to conventional approaches.
Further, the calculation of the minimal reliability of all
2. speed of the reliability-extraction prior depending decisions is needed. As the reliability of
each decision is calculated simultaneously to the decision
itself, the overhead of the whole calculation is given by the
time for finding the minimum, which typically can be done
in real-time.
Third, the estimation whether a perceptron is decisive
*To avoid costly computation, we recommend the use of a look-up 1 the actual classification has to be done at runtime, too.
table. Without look-up tables, this slows down the classification

1. correctness of the classification

3. quality of the extracted reliability information

Therefore, the performance of the suggested approach is
evaluated by three different experiments.




Classificaton Hitrate variant impairments or heavy non-stationary noise. The
soft-information which is generated on-the-fly can be used
to build powerful applications.

Unfortunately, the suggested module requires the use of
large look-up tables. To equip small mobile devices with
such classifiers, a low complexity implementation is essen-
tial. Thus, our future work will concentrate on complexity
reduction in order to develop a classifier that can be used in
mobile devices, too.
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