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1 Introduction

Products of Experts (PoEs) are a type of generative
model in which the outputs of many simpler probabilis-
tic models are multiplied together and normalised to
specify an overall density. In this paper we investigate
the application of PoEs to a speaker identification task
and compare the results with those obtained using a con-
ventional Gaussian mixture based system.

Speaker recognition is concerned with identifying the
characteristics of a speaker’s voice as opposed to actu-
ally transcribing what has been said. There are two tasks
speaker recognition can be divided into. Firstly speaker
verification is the process of confirming a claimants
identity from their voice. Secondly speaker identifica-
tion is the task of determining the speaker from a pool
of known speakers. In addition both of these tasks can
be either text-dependent where the system is restricted
to certain words or phrases or text-independent where
there are no such constraints. State-of-the-art speaker
recognition systems are statistical classifiers based on
Gaussian mixture models (GMMs) [1]. A ‘speaker
dependent model’ is used to compute the probability
p(X|S) of a sequence of acoustic vectors given a partic-
ular speaker S, and a ‘general speaker’ GMM is used to
compute p(X). The posterior probability P(S|X) can
be obtained from Bayes’ theorem.

Hinton’s Product of Experts paradigm is an alternate
method of combining many simpler experts together to
build more complex models. PoEs have the advantage
that they can have an overall distribution that is sharper
than any of their component distributions. For a point
to be given a high probability under the model it needs
a majority vote among the experts, in other words in-
dividual experts can assign high probabilities to invalid
regions of the space which are then rejected by the other
experts. This leads to a model that can perform well
in high dimensional spaces with fewer components and
much vaguer experts [2].

Others[2, 3] have reported good results using PoEs on
tasks such as optical character recognition and sentence
modelling. Because of the similarities PoEs have with
GMMs we would like to know how they can perform
on speech processing tasks, and in particular speaker
recognition. One possible advantage of the PoE is that it
may discover some underlying factorisation of the data.

2 Products of Experts

In a PoE model with n experts the probability of data
vector d is defined as:
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where 0, are the parameters of the mth expert, and
pm(d|0m) is the probability of data vector d under the
mt* expert [2]. The denominator term is the sum over
all possible data vectors and makes training difficult.
Estimating parameters by maximising the likelihood of
the data requires direct evaluation of the denominator
and therefore cannot be applied. When training the
PoE model we would like to minimise the Kullback-
Liebler (KL) divergence between the training data’s
distribution Pand the equilibrium distribution P§° of
data generated by the model through exhaustive Gibbs
sampling[2].

M

P°(d)
Pg(d)

KL(P||P°) =) P°(d)log @
d

Fitting data this way is still problematic as sampling
from the model’s equilibrium distribution is computa-
tionally expensive and there is a tendency for the sam-
pler to become trapped in a certain mode of the distribu-
tion. To avoid these problems we use the contrastive di-
vergence based learning algorithm[2] and minimise the
following criterion.

CD =KL (P°|F°) -KL(Fj|F°) ()

Where P; denotes the distribution of the Gibb’s one-
step data reconstructions. After taking derivatives the
equilibrium terms involving Pg° will cancel out. Ig-
noring a term which Hinton[2] shows is safe to discard,
yields the following approximate learning rule:
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The justification of this update rule is that in a perfect
model there will be no drift in a Gibbs sampling chain
started at the data distribution. A real imperfect model
will move away from P° and the one-step reconstruc-
tion gives sufficient information about Pg® to adjust the
model parameters to fit the data.
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3 Experimental Setup

We evaluated the performance of the PoEs by per-
forming a text-independent speaker identification task
on the YOHO corpus. The YOHO database consists of
clean speech recorded from 138 speakers. There are 96
training utterances and 40 test utterances per speaker.
Each utterance is a combination lock phrase e.g “fifty
two - eighty one - twenty seven[4]. These experiments
were conducted on a 118 speaker subset.

The speech waveforms were converted into a se-
quence of 12 dimensional Mel Frequency Cepstral vec-
tors (25ms analysis window, 10ms frame rate).

For the speaker models we need to be able to build
arbitrary shaped densities. Selecting a Gaussian distri-
bution as a PoE expert will not allow for this, because a
product of Gaussians is a Gaussian. Instead the uni-
gauss expert[2] was used. This is a simple mixture
model composed of a Gaussian and uniform distribu-
tion. The probability density function (pdf) of the uni-
gauss expert is given by,
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where 7 is the volume of the support of the uniform
distribution, and wy, is the weighting between the two
components[2].

The PoE models were randomly initialised with a
wide variance and trained using contrastive divergence.
It has already been noted that computation of the de-
nominator term in (1) is a significant difficulty. For
classification tasks this is a particular problem as the re-
sulting class-conditional pdfs may have unequal areas,
resulting in a bias. To deal with this, the un-normalised
log PoE scores were fed onto a linear network with lo-
gistic activations. The weights of this network were
learnt using a gradient descent algorithm [2, 3].

For a baseline comparison each PoE system was com-
pared to a GMM based system with the same num-
ber of components. The GMMSs were initialised using
K-Means clustering and trained using the expectation
maximisation algorithm. The Gaussians in both systems
had diagonal covariance matrices. To ensure a fair com-
parison between the systems, the GMM system was also
connected to a linear network in the same way. This
guaranteed both systems had the same number of pa-
rameters and were exposed to an identical amount of
training.

To evaluate the spcaker identification performance
with respect to the number of experts per speaker model,
experiments were conducted with expert counts of 10,
25, 50 and 100. In the limit, as the number of GMM
components is increased the PoE cannot do better than
the GMM. One might hope for performance improve-
ment when the number of experts is small.

4 Results

Figure 1 shows the performances of both of the sys-
tems. For the GMM system ID rates are given with, and
without, the linear network in place. When the linear
network was removed from the PoE system the identi-
fication rate was 0.875% in all cases, which is the per-
formance of a random classifier. This corresponds to all
data being classified as one speaker, due to the failure
to compute the denominator term in (1). Even with the
linear network the PoE system is not able to perform as
well as the GMM system. An interesting result is the
reduction in error rates seen when the GMM classifier
is used in combination with the linear network.
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Figure 1. Speaker identification performance

5 Discussion

We have applied PoEs to a text-independent speaker
identification task. The results show that on the YOHO
database PoEs cannot perform as well as GMMs. When
using PoEs in a classification system it is essential to
deal with the denominator term in (1) to achieve satis-
factory performance.

Future work will concentrate on trying to explain why
the PoE system does not perform as well as the GMM
based one; establishing whether this is due to the mod-
elling capabilities of this particular PoE or an issue with
contrastive divergence learning and the initialisation of
the experts.
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