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ABSTRACT

In sound source recognition, we use neural network
(NN) to recognize each timbre in a monaural sound
that is a mixture of several music instrument signal in
one chanal. Fist thing is to train the NN by input each
timbre and telling them what the instrument is. The
system will train them self several times (epoches) and
the output will converge closer to the training data.
The main work in this paper is to improve converting
of NN by applying a line search method and thorough
random. Futhermore, we consider how good of the re-
sult at difference epoches. Future work of this topic is
to use conjugate gradient descent instead of steepest
descent.

INTRODUCTION

Sevaral methods had been improoved for Timbre Recog-
nition. Some of them are physical interpretation or math-
ematical signal processing, but we use a machine learning
called neural network that has a good point in flexibility
of recognition.
Normally, NN is used for classifying 2 things from a

mixture such as to detect cancers from a large tissue, in-
dicate noise from a soundsignal.
To study how is NN, we use a papers that is Basheer

and Hajmeer (2000) after that we know how NN works
and construct an NN system to classify the colour zone
of a simple binary image. Then we aplly the system to
classify 2 timbres from a mixture.

THEORY

The basic idea of recurent neural network (RNN) is to
optimize a cost function that varies with weights in each
node (neuron) of the system. In each epoch, weights will

be adjusted by steepest descent method. that is
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where εl is the error or cost function from the of put
of lth layer weight of recieving data from the node i of a
niegbhor neural layer to the node j of considering layer l.
For each node
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and

oj = σ(ξj) = σ(
∑

i

xiwij), (4)

where oj and tj are some real scalar values that rep-
resent output and target, desired output, of the node j

respectively. σ is a sigmoid function that return values be-
tween some range. For example, σ(ξ) = 1

1+e−ξ or tanh(ξ)
returns (0,1) and (-1,1) respectively and t should be de-
fined coresponding to those range also. xi is the input
value for a considering neuron. It can be the output value
from a previous node i or an input value of the system if
the considring neuron is in the first or input layer of the
system.

METHODS

After the system was trained, we saw that the RMS error
over all samples was fluctuate over epoches and its trend
decayed slowly to a quite stable value. To improve the
convergent rate, we apply a line search method, i.e. a
procedure that varies the step length of weigth adaping
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to be smaller by deviding by 2 until the cost function is
smaller than that of the previos epoch.
Another work is to adapt the sampling method to be

thorough. In the former time, we just randomly selected a
sample from input data to train, but did not care whether
all input data would be selected in each epoch or not. For
example, if we had N input data, we just randomly select
the sample to train N times. It could be the same as some
selected data and some data was not selected. We have
change this to make sure that all input data are selected
randomly ones in each epoch.

RESULTS

In principle, line search method should improves the con-
vergent rate obviously, but in the calculation, we use very
small step lengths, so the line search effect is not so obvi-
ous because most of time when the system adapts them-
self, the cost function is lower than that of the previ-
ous epoch coresponding to the considering sample. Only
about 3 epochs from 2,000 epochs meet line search algo-
rithm. Figure 1 Figure 2
After we adapted the rule of selection, it is obvious that

the RMS error function is more fluctuate over epoch, but
the learning rate is better. It is resonable because the
more selection is thorough, the more againt sample would
be found and the weigth is adjusted. Figure 3 Figure 4
Then we investigate how are the result at each epochs,

i.e. 500, 1000, 1500,..., 4000 and 9000.

SUMMARY

It is common that RMS error can sometimes arise so much
because when the system adapts to serve the considering
sample, the overall error may larger than that of the pre-
vios epoch. Thorough randoming can improve the conver-
gent rate and cause more peak in RMS error. This prob-
lem has many local minima noticed from a lot of plateau
in RMS error. A lower RMS error may not give a good
contrast result.
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Figure 1: RMS error from old system

Figure 2: RMS error after line search was applied

Figure 3: RMS error after thorough randoming was ap-
plied

Figure 4: Classification result after 3000 epoch
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Figure 5: Old result after 500 epochs

Figure 6: Adapted result after 1000 epochs

Figure 7: Adapted result after 2000 epochs

Figure 8: Adapted result 9000 epochs


