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from speech signals are conducted on the WaSeP® dataset. Compared with established techniques, the 77 -ESN
yields the highest recognition accuracies, and shows interesting clustering and SSL capabilities.
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1. Introduction

Emotional communication in human-to-human interaction is in-
defeasible and often crucial. It may convey information that would
be missed otherwise (e.g., on the speaker’s unspoken thoughts, or on
the underlying context in which a dialogue is taking place), infor-
mation that could grant its real meaning to what is factually spoken.
Therefore, in order to render human-computer interaction (HCI) more
natural and efficient, machines are sought that can recognize, under-
stand, and express emotional states. In fact, although HCI has been
taking a more and more relevant place in our everyday lives, the sci-
ence of emotion modeling and recognition from audio or video signals
is still in its infancy.

On the other hand, several pioneering approaches to emotion
recognition from speech signals can be found in the literature.
Vlasenko et al. [ 1] apply Gaussian mixture models (GMM) and hidden
Markov models (HMM) defined at both the frame- and turn-level rep-
resentations of the audio signals, while Wagner et al. [2] thoroughly
analyze the behavior of HMMs and support vector machines (SVM)
using Mel-cepstra [3] and energy-based features. Schwenker et al. [4]
investigate the use of the SVM-GMM Supervector approach relying on
PLP and ModSpec features [5]. Dellaert et al. [6] classify speech signals
into 4 broad classes of emotions by applying a mixture of k-nearest
neighbor [7] experts (with k = 11) estimated on different subsets of
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acoustic features. Depending on the method and on the dataset, these
studies observed recognition accuracies ranging mostly between 60%
and 85%.

This paper introduces and investigates a novel approach to emo-
tion recognition and clustering from speech signals, the probabilis-
tic echo state network (-ESN). This article is the journal version
of a workshop communication [8], and introduces new algorithms,
faces new setups (unsupervised, semi-supervised), reports on a much
wider and deeper experimental investigation, and offers an in-depth
discussion of the key findings.

The 7r-ESN realizes a parametric model of the probability density
function (pdf) underlying the distribution of a sample of variable-
length sequences of real-valued, multivariate random vectors. The
model relies on the hybridization between an echo state network
(ESN) [9] and a constrained radial basis function (RBF)-like network
[10].

While RBFs are feed-forward networks known to realize linear
combinations of Gaussian kernels evaluated on a fixed-dimensional,
real-valued vector space, ESNs are a particular subclass of the broad
family of recurrent neural networks (RNN). A schematic represen-
tation of an ESN is shown in Fig. 1. The most important part of the
network is its recurrent reservoir. It is a large collection of units that
are loosely and randomly connected to each other. The probability of
a connection holding between a generic pair of units a;, g; is a decreas-
ing function of the reservoir size, and lies typically in the (0.02,0.1)
range [9]. The connection weights W of the reservoir are drawn at ran-
dom, as well. Additive-sigmoid transfer functions (.) are associated
with the units. The input layer is fully connected with the reservoir
via connections having weight matrix Wi, The reservoir, in turn, is
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Fig. 1. Schematics of an ESN. Inputs and outputs are fully connected to the reservoir
via Win and WeUt, respectively. Connections of the reservoir and their weights W are
random.

fully connected (with weight matrix W°Ut) to the linear output layer.
The loose connectivity of the reservoir leads to the formation of small
cycles of units that are recursively connected to each other. These
cycles are sensitive to certain dynamic phenomena in the signal re-
ceived through the input units and from other adjacent neurons in the
reservoir. Since there are feed-backward and recursive connections
within the reservoir, the output at any given time t is a function of
the current input pattern and of the state (i.e., the value yielded by
the corresponding transfer function) of each of the other units in the
reservoir at time t (which can be thought of as a non-linearly filtered
history of all the inputs up to time t — 1).

ESNs found application to such different tasks as classification, pat-
tern generation, and control [9,11-13]. They offer advantages with re-
spect to traditional RNNSs, e.g. their stability toward noisy inputs [11]
and the efficient weight adaptation method [13]. Moreover, ESNs pos-
sess the universal computation property, i.e. they can approximate ar-
bitrarily well any non linear filter having bounded memory [14]. Since
there is no backpropagation of partial derivatives through the reser-
voir (albeit there are bounds on the ESN memory [15] in the general
case), ESNs do not suffer from major learning problems that affect
classic RNNs [16]. This is utterly relevant to our purposes, making
the ESN a viable candidate for encoding multivariate time sequences,
including the modeling of typical dynamics found in the speech sig-
nals such as the prosody of emotional expressions. The expectation is
corroborated by the empirical evidence reported in [8,12].

The basic idea pursued in the paper is that the recurrent reservoir
of the ESN realizes an encoding of an input sequence by means of the
pattern of activation of its state units. The trainable state-to-output
weights and the linear output layer of the ESN are replaced by an RBF
architecture. The RBF is trained in order to estimate the pdf underlying
the distribution of these patterns of activation within the encoding
space. Training is realized according to a constrained gradient-ascent
algorithm, presented in Section 2, aimed at the maximization of the
likelihood of the parameters of the model given the input sequence.
Constraints are required to ensure that the estimated model satisfies
the axioms of probability. The training scheme is inherently unsuper-
vised and non-discriminative, along the line of statistical parametric
pdf estimation techniques that rely on the maximum-likelihood (ML)
criterion [7]. Nonetheless, it can be applied in classification tasks by
using a separate 7-ESN to estimate the class-conditional pdf [7] for
each of the classes wn, ..., wc involved in the problem, and by apply-
ing Bayes decision rule.

The algorithm has been introduced in the framework of sequence
classification, assuming that class-labels of specific emotions are asso-
ciated with all the acoustic observation sequences in the training set.
Unfortunately, there are two major issues with this assumption: (1)
the categorization of emotions into classes is intrinsically ill-defined,

possibly overlapping, and even subjective; (2) emotion processing in
real-world scenarios (i.e., not relying on pseudo-emotions simulated
by actors) would require huge amounts of mostly unlabeled sponta-
neous speech data. These issues are faced in the paper by extending
the -ESN training algorithm to fit the unsupervised clustering and
the semi-supervised learning (SSL) setups [17] with adaptive num-
ber of clusters/classes. This is achieved in Section 3 by exploiting
the probabilistic nature of the 7r-ESN within a (quasi)cross-validated
likelihood model selection strategy [18].

Section 4 reports (and discusses in depth) experiments based on
a corpus containing pseudo-words spoken in six different emotional
prosodies, WaSeP® [19]. The behavior of the 7-ESN in supervised,
unsupervised, and semi-supervised tasks is analyzed and (favorably)
compared w.r.t. established techniques. Final remarks are drawn in
Section 5.

2. The probabilistic echo-state network

As we stated in the previous section, a separate, class-specific, and
independent 77-ESN is used for each emotion involved in the task.
Thence, in the following we will focus on a generic 7 -ESN, trained
over the corresponding emotion-specific training sample, with the
understanding that the algorithm has to be subsequently applied to
as many m-ESNs as the number of classes at hand. Albeit intrinsi-
cally unsupervised, the algorithm is foremost oriented to supervised
classification tasks.

Let 7 ={)1,..., Yn} be a random sample of N acoustic observa-
tion sequences, identically and independently drawn (iid) from the
unknown pdf p(Y). The -ESN is devised as a plausible paramet-
ric model of p()), namely p()'|0), determined uniquely by the value
of its parameters 6 = (04, ..., 6). A parameter learning algorithm is
pursued that maximizes the likelihood p(77|0) of € given 7. Relying
on the iid assumption, we can write p(76) = 1_[?]:1 p();|0). Before
proceeding, it is necessary to specify a well-defined form for p()’|0),
as follows. Let us assume the existence of an integer d and of two
functions, ¢ : {)} — %? (where {} is the universe of all possible ob-
servation sequences)and p : ¢ — %, s.t. p(’) can be decomposed as:

pQ)=p@@W)). (1)

It is seen that there exist (infinite) functions ¢ (.) and p(.) that satisfy
Equation (1), the most trivial being ¢ () = p(YV), p(x) = x. We call
¢(.) the encoding, while p(.) is simply referred to as the “likelihood”.
Again, we assume parametric models ¢(V[0y) and p(x|0;) for the
encoding and for the likelihood, respectively, and we set 6 = (04, 65)
and p(Y|0) = p(@(V16y)105)-

A hybrid two-block connectionist/statistical model is proposed for
p(V|0) as follows. The function ¢ (V|6 ) is realized via an ESN, suitable
to map sequences Y into real vectors x. Let 6y be the set of the ESN
weights. A RBF-like network is then used to model p(x|65), where
0 is the parameter vector of the RBF. In order to ensure that a pdf
is obtained, constraints have to be placed on the hidden-to-output
connection weights of the RBF (assuming that normalized Gaussian
kernels are used).

First, let us focus on the ESN-based model for ¢ (|6 ). The topol-
ogy and the weight matrix W of the reservoir are generated at random.
W is normalized s.t. its spectral radius is < 1[13]. This scaling of the
weight matrix is accomplished so that the maximal eigenvalue Amax
of W satisfies |Amax| < 1. The encoding of Y =y, ...,yr (Where T is
not fixed, but sequence-specific) is accomplished as follows:

1. initialize the state X of the reservoir at random
2. feed the ESN with the first L acoustic feature vectors! yy, ..., \/)
3. save the resulting state X of the ESN at time L as the starting state

1 This is done to minimize the influence of the random initial conditions [13].
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4, set the ESN in Xg, and sequentially feed the ESN with inputs

Vi...., yr

5. let x; denote the reservoir state at time ¢, fort =1,..., T

6. let the encoding x of Y be the state xr of the reservoir at time T,
i.e.X =Xy

where the generic state x; of the reservoir is the real-valued vector
of the output values from its units at time t, according to the system
equation x; = v (Wihy; + Wx,_1). Once the encoding of ) is accom-
plished, x is fed to the RBF. Since the weights 6, of the ESN are not
optimized, we focus on the ML estimation of the RBF parameters 0
given 7, maximizing the quantity

N
p(T105) = [ [ D@ (il6)16)- (2)

i=1

A hill-climbing algorithm for maximizing p(7|65) w.r.t. 65 is
obtained in two steps. (1) Initialization: Start with some initial,
e.g. random, assignment of values to the RBF parameters. (2)
Gradient-ascent: Repeatedly apply a learning rule in the form Af; =
nVeﬁ {1‘[?’1l (P (Vil0p)10)} with 1y € 5™, This is a batch learning rule.
In practice, neural network learning may be simplified, yet even im-
proved, with the adoption of an on-line training scheme that pre-
scribes Afp = r]V@ﬁ {D(@(V104)105)} upon presentation of each indi-
vidual training sequence ). The gradient is calculated w.r.t. two dis-
tinct families of adaptive parameters.

(1) Mixing parameters ¢y, ..., Cp, i.e. the hidden-to-output weights of
the RBF network. A constrained ML estimation process is required
to ensure that ¢; € (0,1) for j=1,...,n, and that Z}L] ¢=1.To
satisfy the constraints we introduce n latent parameters y1, . .., Vn,
which are unconstrained, and we let

s 1 3
Ty T )

where ¢(x) = 1/(1 4+ e ). Each y; is then treated as an unknown
parameter to be estimated via ML.

(2) d-dimensional mean vector u; and d x d covariance matrix X; for
each of the Gaussian kernels K;(x) = G(x; i, X;), i=1,...,n of
the RBF, where G(X; i;, X;) denotes a multivariate Gaussian pdf
having mean vector j;, covariance matrix X;, and evaluated over
the random vector x. A common (yet effective) simplification is to
consider diagonal covariance matrices, i.e. independence among
the components of the input vector x. This assumption leads to
the following three major consequences: (i) modeling properties
are not affected significantly, according to [20]; (ii) generalization
capabilities of the overall model may turn out to be improved,
since the number of free parameters is reduced; (iii) ith multi-
variate kernel K; may be expressed in the form of a product of d
univariate Gaussian pdfs as:

0T ! — Kij
1<l<x)_gﬁ%exp{—2( - )} )

i.e, the free parameters to be estimated are the means p;; and the
standard deviations oj;, for each kerneli =1, ..., n and for each com-
ponent j=1,...,d of the input space. Recapitulating, the RBF sys-
tem equation can thus be expressed in the concise form p(x|6;) =
YL GG i, X).

An explicit form for A6j is now obtained by calculating the partial
derivatives of p(¢(V|0)|605) w.r.t. the two families of free parameters
in the model. For a generic mixing parameter ¢;,i=1,...,n, from

Equation (3) and since p(V|0) = Y p_

PP OV16p)165) _ z": ap(10) d¢;
8)/,- = 8cj 8]/,

1 Ky (%) we have

s)
B ZK’(X)BM (ZL] g(n))

S e SWS ()
s~ 2O P

)
Zkg(y){Kl(X) p(v]0)}. (5)

As for the means j;; and the standard deviations oj; we proceed as

follows. Let §;; denote the free parameter, i.e. u;; or oy, to be estimated.

BOO0p)I05) _ aK (x)
30;

= Ki(x)

It is seen that , where the calculation of aK (x)
]

is accomplished as follows. Flrst let us observe that for any real—
valued, differentiable function f(.) this property holds true: % =

f(.)%. Thence, from Equation (4) we can write

9K ) dlogki (x)
a6, ~ M5

d N2
- 1<i(x)a%j kz {; [log(zna,.ﬁn ("";%) “ . (6)
=1

aK; (x)

= KL,

i
For the covariances, i.e. 0j; = oy, Equation (6) takes the form 85 (j‘)
Ki®) 55~ 3log@ma}) - § (51 ), thatis ag;(,gf = S
1} which completes the calculation of A6;. The training algorithm is
guaranteed to increase the likelihood up to a (possibly local) max-
imum. Due to the universal approximation properties of both ESNs
[14] and RBFs [10] it is seen that, under the same mild conditions
assumed therein, the -ESN is a universal model of any continuous
and bounded pdf of multivariate sequences. In classification tasks,
at test time the output of the ith w-ESN is used as an estimate of
the ith class-conditional pdf in the right-hand side of Bayes theorem
[7] where it is combined with the class-prior probabilities, s.t. Bayes
decision rule can be applied.

For the means, i.e. 0; = py, Equation (6) yields =

Hij\2
5 )

3. Extension of the -ESN to unsupervised and semi-supervised
frameworks

The probabilistic nature of the 77-ESN can be exploited in an inter-
esting, yet rather straightforward manner to fully unsupervised and
semi-supervised frameworks by means of the cross-validated likeli-
hood criterion [ 18]. These extensions are suitable to generic problems
of clustering or SSL of sequential data.

In the unsupervised (clustering) case we rely on the w-ESN to
devise an algorithm for partitioning a collection &/ = {1, ..., W} of
unlabeled acoustic observation sequences into k clusters Cq, ..., Cy,
where a maximum cross-validated likelihood estimation of k is re-
alized. In other words, the algorithm discovers spontaneously the
optimal amount of “emotional clusters” according to a well-defined
probabilistic criterion. Algorithm 1 hands out the pseudo-code (the
notation is inherited from the previous section). It is seen that the al-
gorithm can be readily simplified to the case of a pre-defined number
k of clusters, if desired. While in the previous section each class w;
was modeled relying on a mixture of RBF kernels, in this setup (as in
k-means) each Gaussian kernel corresponds to an individual cluster,
and clusters do not necessarily correspond to “classes” (a class could
be made up of several clusters; or, certain unsupervised tasks could
not even involve explicit classes at all).
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Algorithm 1: Unsupervised clustering via 7 -ESN.

Algorithm 2: Semi-supervised training of 7 -ESNs.

Data: unsupervised dataset of sequences U/ = {)1, ..., v}
Result: the optimal number of clusters k and the
corresponding clusters Cq, ..., Cy

spliti/into 7 and Vst. TUV =U,T NV =g;
L <« 0;
Lmax < 0;
k<1,
while £ > Lmax do
initialize a 7w -ESN with k kernels;
train the 7-ESN on T;
L < p(V|m-ESN);
if £ > Lmax then
Lmax < L,
kmax < k;
k<—k+1;
end

end
initialize a 7w-ESN with kmax kernels;
train the w-ESN on /;
fori < 1to kmax do
‘ Ci < o,
end
forj < 1tov do
X < the ESN encoding of )j;
Pmax = 0;
fori < 1to kmax do
D <« K, (X):
if p > pmax then
C <1
Pmax < D;
end
end
Ce < CcU {)]j}v

end
return kmax, C1, - - ., Chmax

First, the algorithm partitions ¢/ into a training set 7 and a valida-
tion set V. Next, the optimal k is searched for, iterating over increasing
values of k as long as the likelihood on V of the resulting 7 -ESN with
k kernels increases. Note that while limy._, | p(T'|-ESN) — oo (| T
Gaussian kernels, one per each encoding X;,j = 1, ..., |7, having null
covariance and the mean equal to x;; i.e., the kernels reduce to Dirac’s
deltas), p(V|m-ESN) is bounded and it increases (for k =1,2,...) up
to a (possibly local) maximum for k = kmax. Roughly speaking, the
quantity p(V|m-ESN) is a measure of the generalization capability
of the 7-ESN, and it is expected to worsen once the -ESN begins
(for k > kmax) to overfit the data. Note that the computation of the
likelihoods, e.g. p(V|-ESN), takes place via Equation (2). In the sec-
ond part of the algorithm, the kmnax clusters are finally created by
assuming (in a k-means fashion [7]) that ith cluster is identified by
the mean vector and the covariance matrix of the corresponding (ith)
RBF kernel. A generic sequence ) € U/ having encoding X = ¢ () is
assigned to cluster ¢; if Kj(@(V)) > Kj(@ (V) for all j=1,..., kmax,
Jj # 1. In practice, a maximum probability clustering technique is ob-
tained, while traditional algorithms (such as the k-means) use min-
imum distance criteria. As it happens with unsupervised clustering
algorithms, whose outcome (the data partitioning) may or may not
be in strict relation with the presence of classes of an underlying
classification problem, the unsupervised 7 -ESN is expected to par-
tition the speech signals into well-separated clusters, having high
internal cohesion; to which extent this clustering reflects emotion-
related properties of the speech signals is the matter of empirical
evaluation.

Data: ¢, k, T, S, U, Oi, Oout
Result: new c, the class-specific 7-ESNs ¢4, ..., ¢¢
fori < 1tocdo
| Si<{yIyes Vewl
end
fort < 1toTdo
if k > |U/| then
‘ k < |U];
end
if k = 0 then
| break;
end
V <« arandom subsample {), ..
letd < uU\vandv « Y7, |Sil;
fori < 1tocdo
P < |Sil/v;
Regular-Training(y;, S;);
end
X «— T,
forj < 1tokdo
let max < 0 and winner < 0;
fori < 1tocdo
Pipi (V) .
Yi ZL] lelj(yj) !
if y; > max then
| let winner < iand max < y;;
end
end
if Ywinner > 6in then
‘ Swinner < Swinner U {yj}v
else
| x=xu{yk
end

L V) of U

end
if ¥ # o then
letc < c+1and S; < &;
fori < 1tocdo
| P 1Sil/ + ISel);
end
Regular-Training(¢c, Sc);
end
fori < 1tocdo
X < S,
forj < 1to|X|do
X; < jthitemin &’;
Vi %)
! Y P X))’
ify, < 90ut then

Si < S\ {Xih
U —UuiX;
end
end
end
end
returnc, ¢y, ..., Q¢

The idea of exploiting the probabilistic output of 7-ESNs along
with a statistical criterion (the maximum a-posteriori criterion, in
this case) to account for the distribution of unlabeled data can be
contextualized to a semi-supervised learning setup. The pseudo-code
is shown in Algorithm 2. The basic idea goes as follows. Let us as-
sume we start with c classes of emotions wy, ..., w¢ and a collection
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of available acoustic sequences 7 =SUlU/, SNU = &, such that the
class labels are known for the sequences in S (supervised subset),
while ¢/ is unlabeled (unsupervised subset). At first, we train c class-
specific w-ESNs, say? ¢, ..., ¢, using the supervised training algo-
rithm presented in the previous section. The generic ith model g; is
trained using all and only the fraction of data in S that belongs to
class w;. Our aim is then twofold: (i) exploit the information under-
lying ¢ in order to improve @1, ..., ¢¢; (ii) if not all the sequences
in U can be explained in a probabilistically sound way by ¢, ..., ¢,
then a more suitable, increased value is determined for ¢, new emo-
tional “classes” are implicitly generated accordingly, along with the
corresponding 7t -ESNs. This is reminiscent of the cross-validated like-
lihood strategy we used in Algorithm 1, where the number of clus-
ters was increased iteratively as long as the resulting model yielded
a higher validation likelihood. In Algorithm 2, at each iteration we
increase ¢ and we generate and train a new m-ESN. Moreover, the
previous -ESNs are re-trained over refined class-specific datasets.
To this end, only a sub-sample V = {)1, ..., Y} of k sequences drawn
at random from ¢/ is used at each iteration. There are several rea-
sons for this sub-sampling. Its main rationale is computational, since
in real-world scenarios |/| may be huge, preventing us from using
the whole ¢/ at each iteration. Furthermore, working on V instead
of U is intended as representative of situations where an initial un-
supervised dataset V is collected from a real-life source ¢/ (e.g., the
Web) and is used for developing a first version of the classifier, which
will be improved at a later step once another set V of data has been
collected from ¢, and so on. Moreover, drawing V from ¢/ reminds
us of the random initialization of “experts” in mixtures or multiple
models, where the expert (i.e., the 77-ESN at hand) begins to special-
ize on a given, random region of its input domain (in fact, using the
whole ¢/ would result in a useless model spread across all classes
in a roughly uniform manner). Finally, although the in-depth inves-
tigation of the topic is beyond the scope of the paper, the random
sub-(re)sampling of ¢/ with partial re-insertion (see the final part of
Algorithm 2) is expected, to put it in qualitative terms, to increase the
statistical robustness of the model in the spirit of bootstrapping with
replacement [21].

The core of the algorithm is the application of the reject op-
tion. Once trained, the w-ESNs are applied to the next unlabeled
sequence ); € V obtaining the outputs ¢;()}). ..., ¢c(3), which are
used in Bayes theorem to obtain an estimate of the corresponding
class-posterior probabilities (variables y1, ..., y¢ in Algorithm 2). Let
¢; be the winner w-ESN according to Bayes decision rule, that is
Yi = MaxXp=1._cym. If the highest class-posterior probability is s.t.
yi < 6 (the rejection threshold), then it is seen that ) is unlikely to
be drawn from any of the probability distributions modeled by the
7-ESNs, and )); is re-inserted in /. If, on the other hand, y; > 6 (the ith
probability distribution explains ); well, and the high output yielded
by ¢; expresses confidence in the Bayesian decision) then ) is as-
signed to the training set for ¢;. In practice, two distinct thresholds
are used: 6;, fixes the Bayesian confidence required of ¢; in order
to let it take responsibility over ), and Oout sets the bar for letting
go of )j and re-inserting it in /. Statistics on the distribution of the
estimated class-posterior probability values yy, ..., y. on the training
set may be used to find significant values for 6;, and oy (possibly,
varying with training time).

Let us spell out the pseudo-code in more detail. First, in addition
to ¢, S, and U, Algorithm 2 takes in input the maximum number of
allowed iterations T (which implicitly entails an upperbound on the
maximum value for c¢), the number k of sequences to be inserted in V,
and the real-valued rejection thresholds 6;, and 6. First, the algo-
rithm splits S into c class-specific sub-samples Sy, . . ., Sc. The body of
the algorithm is iterated until all the sequences in/ have been proba-

2 Technically, ¢;(.) is the function computed by ith 7 -ESN.

bilistically accounted for (¢/ is emptied, and k = 0), unless T is reached
(causing a sub-optimal termination where the whole information in
U has not been exploited). Next, V is drawn at random from /. For
i=1,...,c the class-priors P; are computed using the usual frequen-
tistapproach and g; is trained on S; using the learning rules outlined in
Section 2 (referred to as routine Regular-Training(p;, S;) in the pseudo-
code). The set X of unlabeled sequences that is possibly used as the
training set for the next, newly created 7 -ESN is initialized as X = .
In the following loop, the class-posteriors of the sequences in V are
computed via Bayes theorem (relying on the 7-ESNs trained so far,
and on the estimated class-priors). Sequences whose class-posteriors
y; are below the rejection threshold 6, (for all the classes) are set
into X. The remaining sequences, instead, are assigned (one by one)
to the training set Syinner Of the corresponding winner class (the class
with the highest class-posterior probability). Finally, if X # @, c is
increased and a new model is generated. This is accomplished by cre-
ating the new training set S, = X for the new “class” c, re-estimating
the class-priors, and training the new 7 -ESN ¢ as usual. Eventually,
fori=1,..., cand for all the sequences in S; (in the pseudo-code the
loop is on the items of X, having set X = S;, since the latter undergoes
modifications within the body of the loop itself), the posterior proba-
bility of ith class is estimated via Bayes, relying on ¢;. The sequences
for which the class-posterior turns out to rest below 0 are removed
from S; and set back into ¢/ (even if they were originally part of the
labeled portion of the dataset). Roughly speaking, the reject option
is used again (within a maximum a-posteriori strategy) as a test of
probabilistic suitability of the w-ESNs to individual sequences (and,
of confidence of the 77-ESNs). Note that, to avoid lengthy writing in
the pseudo-code, we do not check for the case of emptied training
sets, i.e. if S; turns up being @ (which would require removal of the
ith model and of S;, and ¢ «<- ¢ — 1), but the necessary modifications
to the code are fairly straightforward, if sought. At last, the whole
procedure is re-iterated over the new, refined values of ¢, Sy, ..., S,
and U.

The algorithm may be used either for clustering the data into an
adaptive number of variable shape clusters (easing the search for
emotional “classes”), or for regular sequence classification as follows.
Once training is completed, classification of the sequences in a test
set into the newly discovered c states of nature is accomplished, as
usual, via the r-ESNs and Bayes decision rule. If the application at
hand requires assignment of the sequences to the original classes w;,
only the corresponding 7w -ESNs ¢; are used (class-priors P(w;) require
re-estimation to account for the implicit removal of the newly gen-
erated states of nature). In so doing, although some of the trained
-ESNs are not actively involved in the classification task eventually
(which may look like a waste of computational resources), a signifi-
cant benefit is expected on the resulting classifier from their affecting
the training of their active siblings by adaptively re-balancing and
re-shaping the corresponding training sets. Furthermore, in the very
spirit of Algorithm 2, the scenario may suggest application of the re-
ject option at test time as well, e.g. relying on the rejection threshold
0in, farther reducing the amount of misclassifications. False rejections
may be accounted for by adopting some specific performance evalu-
ation criteria, in particular the equal error rate [22].

It is worth stressing two characteristics of Algorithm 2: (1) while
in the unsupervised case new clusters are assumed to have a Gaussian
distribution in the space of the encodings of the training sequences,
in this case the 7 -ESNs may model complex distributions of the data
(including non-convex, non-connected regions); (2) during the exe-
cution of the algorithm, a fraction of the original labeled sequences (as
defined by S) are moved to I/, i.e. they are treated as unlabeled data.
In other words, the knowledge of the human experts who defined the
minimal set of classes and the corresponding labeling of S is possibly
questioned by the machine. This may play a significant role in those
classification tasks, such as emotion recognition, that involve a fuzzy,
overlapping, and partially subjective notion of the classes.
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Table 1 Table 2
Static classifiers: Average recognition accuracy of 7-ESN: Average confusion matrix (%) on female speech signals.
female speech sequences from the WaSeP® dataset. 3
Neutral  Joy Sadness  Anger  Fear Disgust
Method Average accuracy (%) peutral 99.55 0.45 0.00 0.00 0.00 0.00
joy 2.27 85.00 0.91 0.00 11.36 0.45
Nearest neighbor 33.90 sadness 2.27 0.00 97.27 0.45 0.00 0.00
Multilayer perceptron ~ 39.32 anger 0.00 5.00 1.36 85.91 1.36 6.36
AdaBoost 45.87 fear 0.00 2.73 7.27 0.91 89.09 0.00
SVM 48.01 disgust 67.27 4.09 2.73 0.45 9.09 16.36
-ESN 86.39

4. Experimental evaluation

The experiments are accomplished on the pseudo-words of the
“Corpus of spoken words for studies of auditory speech and emotional
prosody processing” (WaSeP®) [19]. This subset of WaSeP® consists of
222 phonetically balanced words, repeatedly uttered by actors (male
and female) in six different emotional prosodies: neutral, joy, sadness,
anger, fear, and disgust. The average duration of the signals ranges
from 0.75 s (“neutral” prosody) to 1.70 s (“disgust”). The outcome of
a perception test conducted on these data involving 74 listeners was
an average emotion recognition accuracy of 78.53% [23]. It was also
observed that the most confused emotion is “disgust”. A set of 21
RASTA-PLP acoustic features was extracted [5].

Section 4.1 presents a first experimental round?® involving only
gender-dependent (namely, female) signals. An adequate supervised
7-ESN model (architecture and training parameters) is selected
which suits the nature of the present data. It is compared w.r.t. statis-
tical pattern recognizers and neural networks. Since these paradigms
do not behave like dynamic systems, they are referred to as static
classifiers. Section 4.2 discusses a second experimental round involv-
ing the complete collection of pseudo-words in the dataset WaSeP®.
The model selected in the previous round is applied, and compared to
dynamic classifiers (namely, recurrent neural networks and hidden
Markov models). Then, the extensions of 7-ESN to clustering and SSL
are evaluated in Section 4.3, relying on the same data, and Section 4.4
provides a discussion of critical findings.

4.1. Model selection and comparison with static classifiers

In this first round, a subset of WaSeP® consisting of 1386 variable-
length sequences extracted from the female speech signals was con-
sidered (231 sequences per each class). Evaluation of the classifiers
was accomplished relying on the recognition rate averaged over a
10-fold crossvalidation procedure. Each fold was defined by splitting
the overall dataset, at random, into a training set (1254 sequences)
and a test set (132 sequences). The folds were created such that (i) the
10 test sets did not overlap with each other, and (ii) a uniform prior
distribution of individual classes was granted (namely, 22 sequences
per class in each test set).

Table 1 reports the average recognition accuracies obtained with
7-ESN, and with the traditional techniques. All the static classifiers
were trained at the acoustic frame level (i.e., one feature vector at a
time). Classification on test set was accomplished by averaging over
the class-specific scores yielded by the static classifier along the whole
observation sequence. Six class-specific 7-ESNs were trained inde-
pendently over the sequences of the corresponding class. The 77 -ESNs
were initialized as follows*. Fed by the 21 input units, the reser-
voir consisted of 100 state neurons (with transfer function tanh). Its
random topology comprised a 10% fraction of all the possible unit-to-
unit connections. The RBF-like network features n = 3 kernels, having

3 The results reported in Section 4.1 were originally presented in [8].
4 Unless otherwise stated, in the following the architectures and learning parameters
are selected relying on the cross-validated likelihood criterion.

Table 3
Dynamic classifiers: Average recognition accuracy (& standard
deviation) of sequences from the whole WaSeP® dataset.

Method Average accuracy (%)
RNN 66.80 £5.44
HMM 79.11 £3.91
-ESN (average rnd. initialization) 87.70 £8.62
-ESN (best rnd. initialization) 96.69 +4.67

mean, covariances, and mixing parameters initialized as follows. The
components of the mean vectors were initialized at random (uni-
formly) over the range Z = (-0.5, 0.5); the components of the diag-
onal covariance matrices were initialized to a fixed value, namely
V|Z|/n; the mixing parameters were initialized at random over the
interval (0.0, 1.0) such that they sum to 1. Training of the 7w -ESNs
was accomplished for 20 epochs, using different, quantity-specific
learning rates for the mixing parameters (7, = 1.0e — 06), the means
of the Gaussians (1, = 1.0e — 10), and the corresponding variances
(ne = 1.0e — 11). Results confirm the approach is effective. A concise
discussion is given in Section 4.4. Table 2 shows the confusion matrix
yielded by the 7r-ESN. Each entry in the matrix is expressed in terms
of fraction (%) of test sequences (averaged over the 10 folds). It is seen
that “disgust” is the most confusable class. This is in line with the
aforementioned results of the human perception test. In this case, it
is confused with “neutral” most of the times.

4.2. Comparison with dynamic classifiers on the whole WaSeP® corpus

In the second experimental round we evaluated the 77-ESN on the
complete collection of pseudo-words from the dataset WaSeP® (fe-
male plus male speech), and we compared the results with sequence-
oriented recognizers, namely the traditional RNN by Elman [24], and
a continuous-density HMM [25]. The dataset consists of 4714 se-
quences (1868 female and 2845 male signals) whose length ranges
heavily between 33 and 324. The number of sequences per class
ranges between 736 (fear) and 887 (sadness). Again, 10-fold cross-
validation was used as in the previous experiment. Individual folds
were defined by splitting the data into a training sample of 4243 se-
quences, and a test sample of 471 sequences. The average recognition
accuracies (+ standard deviations over the 10-fold) are reported in
Table 3.

Elman RNN was trained via backpropagation through time [26].
An architecture with 24 hidden (and, context) units was selected,
with sigmoid outputs having 0/1 Widrow-Hoff-like targets [7]. If
X1, ..., Xy denotes a generic input sequence, the most effective clas-
sification strategy was to interpret the ith RNN output y;; at time t as
an estimate of the posterior probability for ith emotional class wj, i.e.
Vit ~ P(wj|Xq, ..., Xt), and to apply the usual maximum-a-posteriori
decision rule at time T.

The HMM was a left-to-right topology with mixtures of eight Gaus-
sian emission probability densities. It was initialized via segmental
k-means, trained via forward-backward, and tested via Viterbi [25].
HMMs are known to realize reliable acoustic models of the speech
signals in speech recognition, hence they are expected to suit the
present scenario well. In fact, in the study by Lee et al. [27] the HMMs
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Table 4
Best r-ESN: Average confusion matrix (%) on the whole dataset.
Neutral  Joy Sadness  Anger  Fear Disgust

Neutral 89.33 0.00 0.00 0.00 9.90 0.77
Joy 0.00 98.85 0.90 0.13 0.13 0.00
Sadness 0.00 2.30 97.32 0.00 0.26 0.13
Anger 4.46 0.13 0.77 94.52 0.00 0.13
Fear 0.00 0.38 0.00 0.00 99.62 0.00
Disgust 0.00 0.00 0.77 1.02 0.00 98.21

reached an appreciable accuracy of about 76% (with four emotional
classes). We used six emotion-specific HMMs. Model selection led to
four-state HMM topologies. The average recognition rate we obtained
(79%) is basically in line with the evidence observed in [27], as well
as with the human perception tests.

The same -ESN architecture and training parameters selected in
the previous section were used. The third row of Table 3 reports the
average accuracy for six different random initializations of the RBF
parameters (and the 10-folds) using automatic tuning of the learning
rates, while the last row shows the 10-fold average accuracy yielded
by the best 77-ESN in the lot. As usual, random initializations affect
the gradient ascent. Nonetheless, the results are surprisingly high, and
the relative improvement over the HMMs (and, over the humans) is
dramatic. These findings require a discussion, which is handed out in
Section 4.4. Table 4 reports the 10-fold average confusion matrix for
the best 77-ESN over the complete dataset WaSeP®.

4.3. Evaluation of the unsupervised and semi-supervised extensions of
the w-ESN

Using the notation introduced in Section 3, we set ¢/ as the unla-
beled collection of all the sequences of acoustic features correspond-
ing to the pseudo-words of WaSeP®. The dataset was splitinto a train-
ing set 7 and a test set V (now playing the role of validation set) over
10-folds as in Section 4.2. Algorithm 1 was applied first, obtaining an
average kmax = 21 4 3. Observing the trend of p(V|r -ESN) (the cross-
validated likelihood) and p(7 | -ESN) as functions of k, it turned out
that for k > kmax the model overfitted the training data. The cluster
size ranged from 73 to 384. Note that the value of knayx is in the order
of the overall number of kernels (18) involved in the optimal set of
-ESNs used in the supervised setup. It is also (roughly) in the or-
der of the number of emotions on the so-called “wheel of emotions”
by Plutchik [28], although there is clearly not enough evidence yet
to interpret the obtained clusters as characteristic of specific classes
of emotions. Direct evaluation of the result of the clustering process
may be achieved via a probabilistic adaptation pDB of the Davies-
Bouldin index (DB) [29], which was shown by Giinter and Bunke [30]
to be robust, size-independent, and consistent with other prominent
indexes. Let us assume that each cluster C; is associated with a prob-
abilistic model p;()’) of the data (e.g., in the present setup we have
pi(Y) = K;(x) where x = ¢()’)), and let &; denote the centroid of C;
(here we set & = ;). The pDB is defined as pDB = fo;“;‘x max;;(8;),
having let 8;; = (¢; + &;)/ (& + &ji) where: for a generici, ¢; is the aver-
age absolute likelihood difference E[|p;();) — p;(&;)|], averaged over
the encodings x; = ¢()) of all the sequences ) € C;, and ¢ (for
generic i, j) is given by ¢;; = |p;i(§;) — p;i(§))| (it basically expresses the
absolute difference between the likelihoods of model j and of model
i given the latter). Clearly pDB e (0, +o00), and small pDB values are
expected of good partitions of the data (i.e., with high intra-cluster co-
herence and high inter-cluster separation). We obtained an average
pDB of 0.31 £0.07, that is consistent with values of DB considered
small [30]. The result was compared with an established sequence
clustering technique, the segmental k-means algorithm [25], using
kmax HMMs with Gaussian emission probabilities as the cluster pro-
totypes &;, and the usual Viterbi alignment on the trellis for computing

the likelihood p;();) of Ith input sequence in the ith cluster. Exploiting
the generative capabilities of HMMs [25], quantities p;(§;) for pDB are
computed generating an ML sequence 37] of the mean vectors of the
Gaussian emission probabilities according to the left-to-right topol-
ogy of jth HMM, and evaluating the likelihood of ith HMM given )71
via Viterbi alignment. The average pDB turned out to be 0.71 +0.13
(roughly doubling the pDB for the 7 -ESN). Finally, we surveyed the
possible correlation between the clusters and the class labels of the
corresponding sequences for one of the 10-fold partitioning of the
dataset. We observed that in six clusters (out of 21) a fraction of at
least 80% of the data belonged to a single class. A fraction of 70% was
observed in other five clusters. Only in two cases the presence of all
six classes was observed, and in one of them the relative frequency
of the classes was close to uniform. A significant fraction of 69% of
the data assigned to the largest cluster (341 sequences overall) be-
longed either to the disgust or neutral classes. The overlap between
these classes appears to be related, to some extent, to the results
reported in Table 2. Section 4.4 elaborates briefly on some of these
results.

As for the SSL version of the 7 -ESN, we tested Algorithm 2 us-
ing the complete dataset WaSeP®, split into training and test sets
according to the same 10-fold crossvalidation setup used in the su-
pervised case (section 4.2). The maximum a-posteriori criterion used
in Algorithm 2 may lead to sound partitions of the data only if the
-ESNs ¢4, ..., @c used therein yield reliable estimates of the class-
conditional pdfs they are expected to model. This is guaranteed by the
classification results reported in Section 4.2. Quantitative evaluations
of Algorithm 2 were achieved as follows. Each training set (in the
10-fold) was partitioned at random (by sampling uniformly over the
different classes) into a labeled subset S (20% of the sequences) and
an unlabeled subset ¢/ (the remaining 80%), and we let k = | |¢/|/20].
Conservative, model-specific values of the rejection thresholds for
the generic w-ESN ¢; were statistically estimated, at each iteration, as
Oin = Elyi] - olyiland Gout = E[y;] — o [yil (wherey; is defined asin
Algorithm 2), respectively. Setting the other arguments of Algorithm 2
toc =6 and T = 50, using the same 77 -ESNs architecture and hyper-
parameters as in Section 4.2 (with automatic tuning of the learning
rates), and applying 50 epochs of Regular-Training, resulted in termi-
nation after 23 4 9 iterations on average, yielding 18 + 2 new models
(“classes”, or clusters), s.t. c =24 + 2. For each fold, the pDB index
was computed for the resulting partition of the training set S UU.
The quantities p;(§;) involved in the calculation of pDB were com-
puted as p;(§;) = Kim (itim), where Ky (1tim) denotes the mth Gaus-
sian component of the mixture model in ¢; evaluated over the cor-
responding mean vector, and m is the index of the largest quantity
cinKin (i) in the mixture, where c;y, is the hth mixing parameter in the
ith mixture (thus, an ML centroid is used). The average pDB turned
out to be 0.66 + 0.03, which indicates coherent yet well-separated
clusters. Moreover, the pDB compares favorably with the segmen-
tal k-means, and lies in the same fine range of the previous tech-
niques. Next, the emotion recognition performance was evaluated.
First, the average test accuracy yielded by 7 -ESNs trained as in Sec-
tion 2 (with automatic tuning of the learning rates, and 50 training
epochs) on the sole labeled subset S of the fold-specific training data
was 81.95 & 5.83%. The gap between this result and the accuracies we
observed in Section 4.2 is due to the limited amount of labeled data
used herein. In spite of that, the resulting accuracy is still higher than
the recognition rates yielded by traditional classifiers trained on the
whole training set S U /. What is really relevant to observe is the ef-
fectiveness of the proposed SSL strategy: when applying the models ¢;
returned by Algorithm 2 the average accuracy raised to 87.51 4+ 9.58%,
which compares impressively with the fully supervised 7 -ESNs hav-
ing random initialization (third row of Table 3). All the more, this
accuracy represents a substantial average improvement (30.86% rel-
ative error rate reduction, that is 6.80% relative accuracy gain) of the
classifier performance over its initial, supervised baseline.
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4.4. Discussion ciable phonetic-related complexity. Finally, it is worth stress-
ing that the first experimental round involved only 22 test
sequences per fold. This is a fairly significant 4.6% fluctuation
of the corresponding fold-specific accuracy as a consequence
(for instance) of a single misclassification.

(4) There is a certain correlation between the clusters discovered

Besides the nice general behavior of the different variants of the
7-ESN, there are at least four key points in the experimental results
deserving a concise discussion.

(1) The absolute recognition accuracy achieved by the 7 -ESN on
the whole dataset WaSeP® appears to be even too high, espe-
cially if compared with the established approaches. This is due
to the concomitant of several reasons. First of all, clearly the
-ESN is a good fit to the nature of the sequences in WaSeP®.
Since the speech signals are pseudo-words, segmentation of
the acoustic observation sequences into their phonetic units
(as in standard HMMs) is not necessary, if not even mislead-
ing. On the contrary, the acoustic characteristics of diverse
emotions are roughly stretched over the whole sequence. We
argue that the squeezing (the encoding) of sequences onto
fixed-dimensional static patterns realized by the reservoir of
the -ESN happens to capture global prosodic features that
are statistically representative of the emotion underlying the
entire sequence, possibly dropping finer (yet, heavier) infor-
mation that may mislead other dynamic classifiers. Finally, it
shall not be neglected that the sequences in WaSeP® turned
out accidentally to be particularly 77 -ESN-friendly, as well.

(2) The result achieved is significantly higher than the average ac-
curacy yielded by humans on similar tasks. To the end of finding
a rationale behind this phenomenon, the following argument
appears to be sound. While the system was trained on data
having identical nature to the test data (including the crite-
ria applied for assigning specific class labels), humans do not
undergo any data-specific training. They assign test utterances
to an emotional class according to generic, prior knowledge of
their (subjective) concept of specific emotions (from the hu-
mans’ point of view, no hard distinctions can even be made
between certain emotions). Furthermore, the audio recordings
in the dataset are not real-world utterances (and do not express
real emotions), since they were performed by actors. It is likely
that this introduces a significant bias, such that humans cannot
easily recognize the emotion from the acted expression. On the
other hand, the machine learns from the training sample how
actors tend to give a certain interpretation of a specific emo-
tion (e.g., affecting some signature features) that, later, can be

5.

by the unsupervised version of the 7-ESN and the classes of
emotions as expressed by the labels. Albeit sought, the phe-
nomenon could not be taken for granted. On the contrary, it
may even appear to be astonishing: why on earth should a
clustering algorithm partition a bunch of acoustic data on the
basis of the corresponding emotion instead of (say) their pho-
netic attributes, or the characteristics of the speaker’s voice
(e.g., female and male clusters)? Singularly enough, elaborat-
ing on this unsupervised-natured issue ends up providing us
with the confirmation of the arguments we outlined to explain
the previous, supervised-natured phenomena. Once again, the
prosody-related features encapsulated within the 7-ESN en-
codings of the speech signals seem to be utterly representative
of the overall mood (i.e., emotional state) of the utterances.
Thence, Algorithm 1 discovers prosodic clusters which are
clearly related to specific (not necessarily pre-defined) classes
of emotions.

Conclusions

The three variants of 7 -ESN were effective on WaSeP®, proving the

viability of the paradigm for emotion modeling and recognition from
speech signals. SSL of 77 -ESNs for emotion recognition and clustering
over large-scale collections of partially labeled, spontaneous speech
corpora is a promising research direction. Applications of 77 -ESNs are
expected in other domains involving multivariate sequential data, as
well.
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