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Abstract Functional Link Artiﬁcial Neural Networks (FLANNs) have been extensively used for tasks of audio and speech classiﬁcation, due to their combination
of universal approximation capabilities and fast training. The performance of a
FLANN, however, is known to be dependent on the speciﬁc functional link (FL)
expansion that is used. In this paper, we provide an extensive benchmark of multiple
FL expansions on several audio classiﬁcation problems, including speech discrimination, genre classiﬁcation, and artist recognition. Our experimental results show
that a random-vector expansion is well suited for classiﬁcation tasks, achieving the
best accuracy in two out of three tasks.
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1 Introduction
Music information retrieval (MIR) aims at eﬃciently retrieving songs of interest
from a large database, based on the user’s requirements [5]. One of the most important tasks in MIR is automatic music classiﬁcation (AMC), i.e. the capability of
automatically assigning one or more labels of interest to a song, depending on its
audio characteristics. Examples of labels are the genre, artist, or the perceived mood.
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Clearly, being able to classify a song in a suﬃciently large number of categories is
extremely helpful in answering a speciﬁc user’s query.
The problem of AMC can be divided in two components, namely, the choice
of a suitable musical feature extraction procedure, and of an appropriate classiﬁer.
This latter choice is worsened by the intrinsic diﬃculties associated to AMC, among
which we can list a generally large number of features (to provide a comprehensive
overview of the audio content of a signal), an equally large number of class labels,
and the necessary subjectivity in assigning such labels to each song. In the literature,
classical choices for music classiﬁcation include support vector machines (SVM) [5],
gaussian mixture models (GMM) [16], and multilayer perceptrons (MLP) [11].
A particularly promising line of research stems for the use of functional-link (FL)
networks [8]. These are two-layered networks, where the ﬁrst layer, known as the
expansion block, is composed of a given number of fixed non-linearities [2, 3, 8].
Due to this, the overall learning problem of an FL network can be cast as a standard linear least-square problem, which can be solved eﬃciently even in the case
of very large datasets. FL-like networks have been shown to achieve comparable
results to standard MLP, while requiring a smaller computational time [11, 13, 15].
It is known, however, that the performance of an FL network is dependent on the
choice of the expansion block [8]. This in turn depends on the speciﬁc application
and on the audio signals involved in the processing. Generally speaking, basis functions must satisfy universal approximation constraints and may be a subset of orthogonal polynomials, such as Chebyshev, Legendre and trigonometric polynomials, or
just approximating functions, such as sigmoid and Gaussian functions. In this last
case, the parameters of the approximating functions are generally assigned stochastically from a predeﬁned probability distribution, and equivalent models have been
popularized under the name of extreme learning machine (ELM) [12].
In this paper, we investigate the problem of choosing a suitable expansion block
in the case of music classiﬁcation. To this end, we compare four standard non-linear
expansions when applying FL network to three music classiﬁcation tasks, including
genre and artist classiﬁcation, and music/speech discrimination. This extends and
complements our previous work, in which we performed a similar analysis in the case
of audio quality enhancement subject to non-linear distortions of a reference signal
[1]. Diﬀerently from the results analyzed in [1], our experiments show that, in the
case of audio classiﬁcation, random vector expansions provide the best performance,
obtaining the lowest classiﬁcation error in two out of three tasks, and a comparable
performance in the last case.
The rest of the paper is organized as follows. Section 2 details the basic mathematical formulation of FL networks. Section 3 presents the 4 functional expansions
considered in this work. Then, Sect. 4 introduces the datasets that are used for comparison, together with the basic parameter optimization procedure for the networks.
Results are discussed in Sect. 5, while Sect. 6 concludes the paper.
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2 Functional Link Neural Networks
Given an input vector 𝐱 ∈ ℝd , the output of an FL network is computed as:
f (𝐱) =

B
∑

𝛽i hi (𝐱) = 𝜷 T 𝐡(𝐱) ,

(1)

i=1

where each hi (⋅) is a ﬁxed non-linear term, denoted as functional-link or base,
[
]T
𝜷 = 𝛽1 , … , 𝛽B , while the overall vector 𝐡(⋅) is denoted as expansion block. Possible choices for 𝐡(⋅) are detailed in the subsequent section. In a music classiﬁcation task, the input 𝐱 is a suitable representation of a music signal, which may
include descriptions of its temporal behavior, frequency and cepstral terms, or metainformation deriving from a user’s labeling
( given
) a dataset of N pairs
( [5].) We are
song/class for training, denoted as T = { 𝐱1 , y1 , … , 𝐱L , yN }. Let:
⎡ h1 (𝐱1 ) ⋯ hB (𝐱1 ) ⎤
𝐇=⎢ ⋮ ⋱ ⋮ ⎥
⎢
⎥
⎣h1 (𝐱N ) ⋯ hB (𝐱N )⎦

(2)

]T
[
and 𝐲 = y1 , y2 , … , yN be the hidden matrix and the output vector respectively.
The optimal weights 𝜷 ∗ of the FL are obtained as the solution of the overdetermined
regularized least-squares problem:
𝜆
1
min ‖𝐇𝜷 − 𝐲‖2 + ‖𝜷‖2 ,
𝜷 2
2

(3)

where 𝜆 > 0 is a regularization factor. Solution to Eq. (3) can be expressed in closed
form as:
𝜷 ∗ = (𝐇T 𝐇 + 𝜆𝐈)−1 𝐇T 𝐲 .

(4)

The previous discussion extends straightforwardly to the case of multiple outputs
[14]. This is necessary for classiﬁcation with K classes, where we adopt the standard
1-of-K encoding, associating a K-dimensional binary vector 𝐲i to each pattern, where
yij = 1 if the pattern i is of class j, 0 otherwise. In this case, the predicted class can
be extracted from the K-dimensional FL output 𝐟 (𝐱i ) as:
g(𝐱i ) = arg max 𝐟 (𝐱i ) .
i∈{1,…,K}

(5)
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3 Functional Link Expansions
In this section we introduce the most commonly used functional link expansions,
that we subsequently compare in our experiments. The ﬁrst three are deterministic
expansions computed from each element of the input, while the fourth is composed
of stochastic sigmoid expansions.

3.1 Chebyshev Polynomial Expansion
The Chebyshev polynomial expansion for a single feature xj of the pattern 𝐱 is computed recursively as [8]:
( )
( )
( )
hk xj = 2xj hk−1 xj − hk−2 xj ,

(6)

for k = 0, … , P − 1, where P is the expansion order. The overall expansion block is
then obtained by concatenating the expansions for each element of the input vector.
In (6), initial values (i.e., for k = 0) are:
( )
h−1 xj = xj ,
( )
h−2 xj = 1.

(7)

The Chebyshev expansion is based on a power series expansion, which is able to
eﬃciently approximate a nonlinear function with a very small error near the point
of expansion. However, far from it, the error may increases rapidly. With reference
to diﬀerent power series of the same degree, Chebyshev polynomials are computationally cheap and more eﬃcient although, when the power series converges slowly,
the computational cost dramatically increases.

3.2 Legendre Polynomial Expansion
The Legendre polynomial expansion is deﬁned for a single feature xj as:
( ) 1{
( )
( )}
hk xj =
(2k − 1) xj hk−1 xj − (k − 1) hk−2 xj
k

(8)

for k = 0, … , P − 1. Initial values in Eq. (8) are set as (7). In the case of signal
processing, the Legendre functional links provide computational advantage with
respect to the Chebyshev polynomial expansion, while promising better performance [9].
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3.3 Trigonometric Series Expansion
Trigonometric polynomials provide the best compact representation of any nonlinear function in the mean square sense [10]. Additionally, they are computationally
cheaper than power series-based polynomials. The trigonometric basis expansion is
given by:
{ (
)
sin p𝜋xj , k = 2p − 2
)
(
,
(9)
hk (xj ) =
cos p𝜋xj , k = 2p − 1
where k = 0, … , B is the functional link index and p = 1, … , P is the expansion
index, being P the expansion order. Note that the expansion order for the trigonometric series is diﬀerent from the order of both Chebyshev and Legendre polynomials.
Cross-products between elements of the pattern 𝐱 can also be considered, as detailed
in [3].

3.4 Random Vector Expansion
The fourth functional expansion type that we consider is the random vector (RV)
functional link [6, 8]. The RV expansion is parametric with respect to a set of internal weights, that are stochastically assigned. A RV functional link (with sigmoid
nonlinearity) is given by:
1
hk (𝐱) =
,
(10)
1 + e(−𝐚𝐱+b)
where the parameters 𝐚 and b are randomly assigned at the beginning of the learning
process. It is worth noting that the sigmoid function is just one of the possible choices
to apply a nonlinearity to the vector 𝐱. Unlike the previous expansion types, the RV
expansion does not involve any expansion order. Additionally, the overall number B
of functional links is a free parameter in this case, while in the previous expansions
it depends on the expansion order. Convergence properties of the RVFL model are
analyzed in [6].

4 Experimental Setup
We tested the FL expansions described in the previous section on three standard
audio classiﬁcation benchmarks, whose characteristics are brieﬂy summarized in
Table 1. To compute the average misclassiﬁcation error, we perform a 3-fold crossvalidation on the available data. We optimize the models by performing a grid search
procedure, using an inner 3-fold cross-validation on the training data to compute the
validation performance. In particular, we search the following intervals:
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Table 1 General description of the datasets
Dataset name Features Instances Task
Garageband
Artist20
GTZAN

49
30
13

1856
1413
120

Genre recognition
Artist recognition
Speech/Music discrimination

Classes

Reference

9
20
2

[7]
[4]
[16]

∙ The exponential interval 2i , i ∈ {−5, −4, … , 4, 5} for the regularization coeﬃcient 𝜆 in Eq. (4).
∙ The set {1, 2, … , 8, 9} for the expansion order P in Eqs. (6)-(8)-(9).
∙ The set {50, 100, … , 300} for the expansion block size L when using the randomvector expansion.
Additionally, we extract the parameters 𝐚 and b from the uniform probability distribution in [−1, +1]. In all cases, input features were normalized between −1 and
+1 before the experiments. Finally, we repeat the 3-fold cross-validation 10 times to
average out statistical eﬀects due to the initialization of the partition and the randomvector expansion. The code is implemented using MATLAB R2013a on an Intel
Core2 Duo E7300, @2.66 GHz and 2 GB of RAM.

5 Results and Discussion
The average misclassiﬁcation error and training time are reported in Table 2, together
with one standard deviation. Best results in each dataset are highlighted in boldface. Out of three datasets, the Legendre expansion obtains a lower error in the

Table 2 Final misclassiﬁcation error and training time for the four functional expansions, together
with standard deviation
Dataset
Algorithm
Error
Time [s]
Garageband

Artist20

GTZAN

TRI-FL
CHEB-FL
LEG-FL
RV-FL
TRI-FL
CHEB-FL
LEG-FL
RV-FL
TRI-FL
CHEB-FL
LEG-FL
RV-FL

Best results are shown in boldface

0.415 ± 0.013
0.407 ± 0.0126
𝟎.𝟒𝟎𝟒 ± 𝟎.𝟎𝟏𝟒𝟎
0.411 ± 0.017
0.410 ± 0.016
0.401 ± 0.021
0.442 ± 0.020
𝟎.𝟑𝟕𝟓 ± 𝟎.𝟎𝟏𝟖
0.316 ± 0.073
0.317 ± 0.066
0.334 ± 0.071
𝟎.𝟐𝟐𝟐 ± 𝟎.𝟎𝟔𝟐

0.156 ± 0.030
𝟎.𝟎𝟓𝟓 ± 𝟎.𝟎𝟎𝟏
0.072 ± 0.026
0.090 ± 0.015
0.084 ± 0.013
𝟎.𝟎𝟑𝟕 ± 𝟎.𝟎𝟎𝟏
0.040 ± 0.001
0.070 ± 0.014
𝟎.𝟎𝟎𝟏 ± 𝟎.𝟎𝟎𝟐
0.004 ± 0.001
0.004 ± 0.001
0.005 ± 0.002
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Fig. 1 ROC curve for the
GTZAN dataset
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Garageband dataset, while the random-vector expansion has the the lowest error in
the remaining two datasets. It is interesting to note, however, that in the ﬁrst case
the diﬀerences between the four algorithms are small (roughly 1 % of error), while
in the second and third case RV-FL strongly outperforms the other two, with a 2.5 %
and 9 % decrease in error respectively, with respect to the second best. Additionally, despite its stochastic nature, the variance of RV-FL is always comparable to the
other three models. To comment more on this discrepancy, we show in Fig. 1 the
ROC curve for the GTZAN dataset, which is the only binary classiﬁcation dataset in
our experiments. It can be seen that RV-FL (shown with a green line) strongly dominates the other three curves, showing the superior performance of the random-vector
expansion in this case.
We show in Table 3 the optimal parameters found by the grid search procedure. As a rule of thumb, we can see that for large datasets (Garageband and
Artist20), the Legendre expansion requires a larger expansion order with respect
to the trigonometric and Chebyshev expansions. Similarly, the random vector FL
requires a large expansion block (around 250 hidden nodes), while for smaller
datasets (the GTZAN), the optimal expansion decreases to around 100 hidden nodes.
The trigonometric and Chebyshev expansions also requires a large regularization
coeﬃcient, which can be kept much smaller for the random-vector expansion (in the
larger datasets), and for the Legendre one.
With respect to training time, all four expansions are performing comparably. In
particular, the gap between the slowest algorithm and the fastest one never exceeded
more than 0.1 seconds. Generally speaking, the trigonometric expansion is the most
expensive one to compute, except for datasets with a low number of features, such
as GTZAN. In the other cases, the Chebyshev expansion is the fastest one, followed
closely by the Legendre expansion, with the random-vector in the middle.
Based on this analysis, we can conclude that, for audio classiﬁcation tasks, the
random expansion seems to outperform other common choices, such as the trigono-
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Table 3 Optimal parameters found by the grid search procedure, averaged across the runs
Dataset
Algorithm
Reg. Coeﬀ. 𝜆
Exp. ord. p / B
Garageband

Artist20

GTZAN

TRI-FL
CHEB-FL
LEG-FL
RV-FL
TRI-FL
CHEB-FL
LEG-FL
RV-FL
TRI-FL
CHEB-FL
LEG-FL
RV-FL

15.52
12.14
9.48
0.75
8.92
6.89
0.30
0.33
16.55
17.93
1.18
10.13

1.53
3
4.27
263.3
1
3
3.4
270
3.8
3.07
7.4
113.3

The value in the fourth column is the expansion order p for TRI-FL, CHEB-FL and LEG-FL, and
the hidden layer’s size B for RV-FL

metric one. This is an interesting result, since it shows a diﬀerence between the performance of FL networks with random vector expansions in dynamic audio modeling tasks [1], and static classiﬁcation tasks. We hypothesize this is due to its higher
capacity of extracting non-linear features from the original signal.

6 Conclusions
FL networks are common learning models when considering audio classiﬁcation
tasks. In this paper, we presented an analysis of several functional expansion blocks,
considering three diﬀerent tasks, including genre and artist recognition. Our experimental results suggest that the random vector expansion outperforms other common
choices, while requiring a comparable training time.
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