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SPEAKER DETECTION BASED ON

SYNCHRONY

Abstract This chapter focuses on speaker detection based on synchrony, i.e., methods
that directly output whether an audiovisual recording contains a speaking person or not.
We explain how the different synchrony detection methods can be adjusted to perform
speaker detection, and propose a Deep Neural Network for speaker detection which is
based on the Deep Belief Network for synchrony detection. On a series of experiments, the
proposed speaker detection method outperforms previously proposed approaches. Finally,
this chapter describes how to incorporate the proposed speaker detection method into the
Dynamic Bayesian Network of chapter 3 in order to enhance speaker diarization.

5.1 Introduction

Chapter 4 focused on different methods to perform synchrony detection, and proposes
probabilistic alternatives that perform better than heuristics based on Mutual Information
(MI) or a matching algorithm. The objective of the experiments of chapter 4 was to detect
which video stream is most synchronised to the audio stream. This required only relative
output, since there is no need to decide whether the streams are in synchrony or not.
In contrast, speaker detection would directly output whether each audiovisual segment
contains a speaking person or not.

Transforming the relative output of synchrony detection to speaker detection is not triv-
ial. The naive way to perform this transformation is to assume that synchrony detection
and speaker detection have a deterministic relationship: the person appearing most syn-
chronised to the audio stream is the speaker. This is a common assumption in synchrony
detection literature [12, 59, 66, 73], but does not hold in practice. By definition, a speak-
ing person produces synchronised audio and video streams. However, a person producing
synchronised audio and video signals is not necessarily speaking, e.g., the audio and video
streams produced by a silent person are in synchrony. Furthermore, in recordings where
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multiple persons speak simultaneously, such as meeting recordings, a person which does
not appear most synchronised to the audio stream could also be speaking.

This non-trivial transformation from synchrony to speaker detection is necessary for two
reasons. First, speaker detection it is much more useful for many applications, e.g., in
Human Computer Interaction (HCI) we know that the audiovisual input is in synchrony but
we want to know whether the person interacting with the computer is speaking. Second,
speaker detection based on synchrony can be used for speaker diarization. Section 5.3
describes how speaker detection based on synchrony can be intuitively incorporated to the
Dynamic Bayesian Network of chapter 3 in order to enhance speaker diarization.

This chapter proposes to directly model the problem of speaker detection, in the form of
the distribution p (speaker|data), i.e., a discriminative model that outputs the probability
that a given recording contains a speaker. Synchrony between the audio and video stream
is closely related to this quantity, but the Deep Belief Network of chapter 4 is a generative
model of p (data|synchrony). In this chapter we propose to turn the Deep Belief Network
into its discriminative counterpart, a Deep Neural Network, which directly outputs the
desired quantity p (speaker|data).

This chapter focuses on two issues. First, we study whether the probabilistic modelling
of speaker detection performs better than the heuristic approaches proposed so far in the
literature. Second, we explore the benefits of using the best performing speaker detection
method in the Dynamic Bayesian Network of chapter 3 to perform speaker diarization.

The remainder of this chapter is organised as follows. Section 5.2 presents the previously
state-of-the-art speaker detection methods, as well as the proposed approach. Section 5.3
describes how the proposed speaker detection method can be incorporated to the Dynamic
Bayesian Network of chapter 3 to perform speaker diarization. Section 5.4 presents the
experiments carried out for this chapter, while sections 5.5 and 5.6 respectively present the
discussion and conclusions of the acquired results.

5.2 Speaker Detection Methods

This chapter considers speaker detection methods based on synchrony. The syn-
chrony detection methods of chapter 4 can be used for speaker detection, i.e., evaluate
p (speaker|data). This quantity is evaluated differently for methods based on heuristics,
probabilistic modelling or Deep Belief Networks.

5.2.1 Heuristic Speaker Detection

Synchrony detection methods which are based on based on MI or a matching algorithm, as
described in section 2.3, can be transferred to speaker detection using a simple heuristic.
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MI can be used to choose the person appearing most synchronised to the audio stream
(chapter 4), or its value can be thresholded to output whether a person is speaking or not.
That is:

p (speaker|data) =

{
0 if MI < threshold
1 if MI > threshold

(5.1)

and for the matching algorithm:

p (speaker|data) =

{
0 if L (i) < threshold
1 if L (i) > threshold

(5.2)

where L (i) the matching criterion of equation 2.11 on page 35.

5.2.2 Generative Models for Speaker Detection

The probabilistic synchrony detection methods can be tuned to estimate p (speaker|data)
in a more involved but principled manner. This is possible by learning two generative
distributions in the form of p (data|speaker) and p (data|¬speaker), and combining them
using Bayes’ Rule as:

p (speaker|data) =
p (data|speaker)p (speaker)

p (data)
(5.3)

=
p (data|speaker)p (speaker)

p (data|speaker)p (speaker) + p (data|¬speaker)p (¬speaker)

In chapter 4, the Gaussian Mixture Model (GMM) is used to model the distribution of
synchrony. In speaker detection, the GMM can be trained using examples of speaking and
non-speaking persons, in order to compute a set of parameters p (e), µe and Σe for:

p (data|speaker) =
∑

e

p (data|µe,Σe)p (e) (5.4)

and a set of parameters p (e), µe and Σe for

p (data|¬speaker) =
∑

e

p (data|µe,Σe)p (e) (5.5)

as introduced in equation 4.1. In the experiments of this chapter a uniform prior p (speaker)
is assumed over the probability of a person speaking or not.

In addition to the GMM, chapter 4 presents generative models for synchrony detection in
the form of the Deep Belief Network and the conditional Restricted Boltzmann Machine
(cRBM). The next section describes how we can turn these models into their discriminative
counterpart, and perform speaker detection.
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5.2.3 Speaker Detection with a Deep Neural Network

The Deep Belief Networks, which are generative models, can describe a discriminative
distribution in two ways. The first way is to train two Deep Belief Networks, one for
p (data|speaker) and one for p (data|¬speaker), and use Bayes Rule as in equation 5.3.
The second way, which is most commonly adopted, is to use the Deep Belief Network to
initialise a Deep Neural Network.

The use of a probabilistic model of a Deep Belief Network to initialise a Deep Neural
Network is recent, but it is based on similar efforts in the past. Recall that the Restricted
Boltzmann Machine (RBM) can be seen as an autoencoder (see section 4.3.1 and appendix
A), since the hidden layer is used to reproduce the input data. Similarly, the Deep Belief
Network can be seen as a multilayer autoencoder, since the representation on the top layer
can be used to reproduce the input vector (see section 4.3.3). Autoencoders have been
successfully used to initialise neural networks in the literature [35].

The resulting neural network has the same structure as the Deep Belief Network plus one
additional layer that serves as the output layer. In speaker detection the output layer is one
binary node indicating the probability p (speaker|data). The initialisation is performed by
copying the weights of a Deep Belief Network directly to the weights of a the neural network.
This is possible for for Deep Belief Networks with hidden layers of binary variables, such
as the one proposed in chapter 4, because the binary node activation function in a cRBM
resembles the logistic node function in a neural network [96]. The binary node activation
function is a sigmoidal:

p (hj|x) = B

(

σ

(

bj +
∑

i

xiwij

))

(5.6)

where B is the Bernoulli distribution, bj is the bias of node hj, xi the value of node i and
wij the value of the weight connecting the two nodes (see equation 4.17 on page 94). Thus,
the expectation of node hj is σ (bj +

∑
ixiwij).

The logistic function for a node xj in a neural network is:

xj = σ

(

w0j

∑

i

xiwij

)

(5.7)

where again wij is the value of the weight connecting node xi to xj. Note that the nodes
of a neural network have biases which are treated as weights w0j. Learning in the re-
sulting neural network is performed with labelled examples and standard neural network
algorithms.

The next sections describe how general neural networks are learned, and why the initiali-
sation with a Deep Belief Network is beneficial.
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Figure 5.1: The back-propagation algorithm for a neural network. The network output for a
specific input is compared to the corresponding target output. The error signal is
propagated backwards in the network to compute the gradient of the error function.
This allows to adjust the network weights to the values that locally minimise the
error.

General Deep Neural Networks

A neural network consists of a set of nodes and a set of weights, so that weight wij connects
node si to node sj. A graphical representation of such a network is shown in figure 5.1.
In classical artificial intelligence, neural networks are introduced as a universal solution:
given a sufficient number of nodes in the hidden layers, they can approximate an arbitrary
function over the domain of the input data. This approximation is computed through local
operations on the nodes, where the output of each node is a function over the weighted
sum of its inputs. In the example of figure 5.1, if node 6 is sigmoidal its output will be :

x6 = σ

(

∑

i=0,1,2,3

xiwi6

)

(5.8)

In the same example, the output s12 will be the final output of the network. During
training, the weights of a neural network are set at the values that locally minimise the
error between the target outputs and the network outputs. For multilayer neural networks,
i.e. Deep Neural Networks, this is made possible by a smart algorithm called error back-
propagation [108] and gradient descent.

The learning procedure for a general neural network involves a random initialisation of
the weights. Then, for each training example the output of the network is computed and
compared to the target output producing an error measurement E. This error is propagated
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back through the network in order to get the derivative of the error function in the weight
space — this algorithm is the error back-propagation. Gradient descent can then be used
to acquire the set of weights that locally minimise the error. In practice complex gradient
descent methods with varying learning rates are used to accelerate the learning process
and avoid poor local extrema.

On one hand, error back-propagation and gradient descent is an efficient and simple learn-
ing algorithm that often delivers state-of-the-art results. On the other hand. it has some
serious limitations [103]. First of all, it requires labelled training data to estimate the
error signal E, while most of the data in the world is unlabelled. Second, a shallow neural
network requires a very large number of neurons in the hidden layers to approximate some
functions. In this case back-propagation is very slow and might overfit the training data.
Thirdly, if we add more layers to the neural network, requiring in this way fewer param-
eters in total, back-propagation usually gets stuck in poor local optima — the quality of
the final solution depends on the random initialisation and the morphology of the error
function.

Initialisation with a Deep Belief Network

When a Deep Belief Network is used to initialise the weights of the neural network, the
initialisation weights have been trained in a generative fashion using contrastive divergence
and the up-down algorithm, which maximise the probability of the observed data p (data).
Consequently, this initialisation copes well with the problems of back-propagation:

• Unlabelled data can be used to train the Deep Belief Network

• Features represented by the nodes of the Deep Belief Network are features existing
in the data — overfitting is highly unlikely

• The Deep Belief Network is acquired using greedy learning and a global optimisation
procedure. Therefore, the resulting multilayer neural network will be initialised in a
good neighborhood and back-propagation will tune it to a a good local optimum.

An initialisation with an autoencoder, although it could potentially provide similar results,
is much harder. Deep autoencoders are trained with error back-propagation and gradient
descent, a procedure which often gets stuck in local minima. On the contrary, Deep Belief
Networks are trained with Contrastive Divergence (CD) and the up-down algorithm.

At the time of this writing, neural networks initialised with the weights of a Deep Belief
Network produce the best classification results in the NIST hand-written digit dataset
[61, 109] and other discriminative modelling applications [18, 109].
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Speaker Detection based on synchrony

The Deep Belief Network that performed best in synchrony detection had a 612-dimensional
input consisting of the Active Appearance Model (AAM) and Mel Frequency Cepstral
Coefficient (MFCC) over 6 frames of the recording (see section 4.4.4). A neural network
that performs speaker detection can have the same structure, and one binary output node
indicating whether the audiovisual recording contains a speaking person or not.

Such a neural network is extremely complex and back propagation might consequently
end up in a poor local minimum. In contrast to random initialisation, the Deep Belief
Network that models synchrony contains features in its nodes encoding audiovisual features
produced by a speaking person. In the experiments of this chapter we explore (1) how well
a deep neural network can perform speaker detection in this high-dimensional space and
(2) whether initialising the neural network with the weights of the corresponding Deep
Belief Network improves the speaker detection results.

5.3 Speaker Detection for Speaker Diarization

The previous section described how different synchrony detection methods can be adapted
to estimate p (speaker|data) and perform speaker detection. This section presents how
a speaker detection method can be incorporated into the Dynamic Bayesian Network of
chapter 3. The graphical model of the Dynamic Bayesian Network is depicted in figure 5.2
for clarity of presentation.

In the Dynamic Bayesian Network of chapter 3, the variables XA
t (i) and XV

t (i) contain the
audio and video state of person i. These variables implicitly perform speaker detection.
Consider for example the state of xA

t = 001 and xV
t = 011. This implies that the first

person is not visible in the recording, the second person is visible but silent and the third
person is visible and speaking.

The specific Dynamic Bayesian Network incorporates observations coming from the joint
audiovisual space in variable Jt. This variable contains one observation jt (i) for each
detected face. The person models parametrise the way each person generates such obser-
vations (see section 3.4). More specifically, person i has two sets of parameters for the
joint audiovisual space, θJ

i1 and θJ
i0. Parameters θJ

i1 describes the way a person generates
observations jt when they are speaking and parameters θJ

i0 when they are visible but silent.

In the previous example, the first person is not visible and therefore produces no obser-
vations jt. The second person, which is visible but silent, produces an observation jt (1)

from the distribution parametrised by θJ
20. The third person is visible and speaking and

thus generates an observation jt (2) from the distribution parametrised by θJ
31. Thus, the
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Figure 5.2: The final dynamic Bayesian network used for audiovisual fusion for speaker diariza-
tion.
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evaluation of observation jt = {jt (1) , jt (2)} for the specific example becomes:

p
(

jt|x
A
t , x

V
t

)

= p
(

jt (1) |xA
t , x

V
t

)

p
(

jt (2) |xA
t , x

V
t

)

(5.9)

= p
(

jt (1) |xA
t (2), xV

t (2)
)

p
(

jt (2) |xA
t (3), xV

t (3)
)

(5.10)

= p
(

jt (1) ; θJ
20

)

p
(

jt (2) ; θJ
31

)

(5.11)

in which equation 5.9 is a direct output of the independent assumption between obser-
vations jt (1) and jt (2). The simplification of equation 5.10 is due to the fact that the
observation jt (1) is generated by person 2 and observation jt (2) by person 3.

The neural network proposed in this chapter outputs the probability p (speaker|data) which
is a continuous value in the range [0, 1]. This value, which performs speaker detection in
the joint audiovisual space, can be used as the observation jt. Continuous values in the
range [0, 1] can be modelled by a beta distribution, defined by parameters α and β as:

p (jt;α, β) =
jα−1
t (1− jt)

β−1

∫1

0
uα−1(1− u)β−1du

(5.12)

in which case, the distribution for person i in the joint audiovisual space is parametrised by
θJ

i0 = {αi0, βi0} when the person is silent and θJ
i1 = {αi1, βi1} when the person is speaking.

These parameters are acquired from the test data using the Expectation Maximisation
(EM) algorithm (see section 3.6). More specifically, in the M-step, the parameters of the
beta distributions of each person must be set to the values that maximise the data likeli-
hood. This maximisation can not be performed in closed form, but instead the maximum-
likelihood values are acquired following the numerical approximation suggested by Minka
in [87].

5.4 Experiments

This section describes the experimental objectives, the experimental data and setup and
presents the results acquired for different methods.

5.4.1 Objectives

The experiments are performed based on two objectives. The first objective is to evaluate
the proposed speaker detection methods, i.e., a Deep Neural Network derived from the Deep
Belief Network of the previous chapter. This is performed with a series of experiments on
two different datasets and comparison to different speaker detection methods. The second
objective is to test the applicability of the proposed speaker detection scheme to speaker
diarization by incorporating it into the Dynamic Bayesian Network of chapter 3.
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5.4.2 Data

Two datasets are used to meet the experimental objectives. The Barker data [112], see
section 4.4.2 and a five minutes excerpt from the Edinburgh meeting video, described in
section 3.8.2. The Barker data contains 100 audiovisual sequences of constant length, for
each one of 10 subjects. In these sequences, the subject pronounces a few words from a
specific grammar. Consequently, the dataset provides positive examples (speaking frames),
and negative examples (silent frames). However, there are no negative examples of a silent
person while someone else is speaking, a case different from examples of silence. Such
examples are created by coupling each video sequence with two incorrect audio sequences
— one negative example is coupled with an audio sequence from the same subject, and
one with an audio sequence from a different subject.

In the case of the Edinburgh meeting, the participants exhibit a more natural behavior
— very often they are speaking simultaneously and often they are not visible from the
front. The AAM can not be extracted from non-frontal faces and this prohibits experi-
mental evaluation on the whole meeting. The selected five minutes excerpt has the highest
percentage of frontal face detections (see section 3.8.4).

5.4.3 Setup

The first experiment compares the different speaker detection methods and it is split in
two parts: In the first part, two-fold cross validation is performed on the Barker dataset.
The speaker detection methods are tested on data similar to the training set. Both sets
contain recordings of the same persons under the same conditions. The persons pronounce
different sentences in the test set than those in the training test. Such a setup explores the
adaptation possibility of different speaker detection methods. These conditions appear in
systems that perform speaker detection for a known user. In the second part, the methods
are trained on the Barker dataset and tested on the Edinburgh meeting. In this case, the
test data is very different from the training set. Different sentences are pronounced by
different subjects under different recording conditions. This setup tests the generalisation
properties of different speaker detection methods. Good generalisation is necessary for
systems that perform speaker detection for unknown users.

In the first experiment speaker detection is performed using the synchrony detection meth-
ods described in chapter 4. The parameters and the features used are the ones that
performed best in synchrony detection. More specifically, speaker detection is performed
using

• MI on the raw signal features (MI raw signal)

• the matching algorithm on audio and video onsets (Matching Algorithm Onsets)
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• a GMM on phoneme features which are reduced to 30 dimensions using Principal
Component Analysis (PCA) (GMM + PCA Phoneme)

• a shallow neural network initialised with the best performing cRBM on phoneme
features (cRBM NN Phoneme)

• a shallow neural network with the same structure as the best performing cRBM but
random initialisation (NN phoneme)

• a Deep Neural Network initialised with the best performing Deep Belief Network on
phoneme features (DBN NN phoneme)

• a Deep Neural Network with the same structure as the best performing Deep Belief
Network but random initialisation (Deep NN phoneme)

The Shallow Neural Networks have the structure of the best performing cRBM, that is a
single hidden layer of 225 nodes. The Deep Neural Networks have the structure of the best
performing Deep Belief Network, that is three hidden layers of 400, 200 and 100 nodes
respectively. The randomly initialised neural networks explore the additional benefit of
the synchrony-based initialisation.

The second experiment is performed on the same excerpt of the Edinburgh meeting.
Speaker diarization is performed using the Dynamic Bayesian Network from chapter 3
(DBN-1), and the same Network incorporating speaker detection using the proposed Deep
Neural Network as described in section 5.3 (DBN-2). Furthermore, the state-of-the-art
single modality method of Wooters et al. [132] is used to provide a baseline for speaker
diarization in the specific recording.

5.4.4 Evaluation Metrics

All the frames of the Barker sequences have been manually annotated as speaker or
¬speaker. All the frames of the Edinburgh video have been annotated as speaker or
¬speaker for speaker detection, and with a label representing the speaker(s) identity for
speaker diarization.

In the first experiment, each speaker detection method outputs the posterior probability
p (speaker|data), which can be translated to true positive (TP) and false positive (FP)
frames using a simple threshold. A frame is counted as:

TP when p (speaker|data) > threshold and annotation = speaker (5.13)

FP when p (speaker|data) > threshold and annotation = ¬speaker (5.14)

TP rate is the percentage of positive examples that is correctly classified as positive, while
FP rate is the percentage of negative examples that is incorrectly classified as positive.
Different thresholds give different TP-to-FP rates which are plotted as a Receiver Operator
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Characteristic (ROC) curve. The best method is the one which produces a TP-to-FP rate
closest to the optimal rate value [TP,FP] = [1, 0].

In the second experiment, each speaker diarization method produces a label for each frame
of the stream. The best method is the one that labels correctly the highest percentage of
frames. These results are reported as confusion matrices, where element {i, j} corresponds
to the percentage of frames annotated as i and automatically labelled as j.

5.4.5 Results

Experiment 1

Figure 5.3 depicts the ROC curves for the speaker detection methods of the first part of
the first experiment . The Deep Neural Network created from the Deep Belief Network
of chapter 3 produces the best results. For a FP rate of less than 10%, the Deep Neural
Network correctly identifies 90% of the examples containing speakers.

Three methods perform almost equally well to each other: speaker detection using MI and
the two shallow neural networks. These methods perform worse than the proposed Deep
Neural Network. In the case of neural networks, the initialisation using the parameters of
the synchrony detection cRBM improves the results consistently, but even then there are
no major differences in comparison to speaker detection using MI.

The GMM performs worse than these four methods and similarly to a Deep Neural Net-
work with random initialisation. Finally, speaker detection using the matching algorithm
proposed in [12] performs slightly better than random.

Figure 5.4 presents the ROC curves of different speaker detection methods on the second
part of the first experiment. The proposed Deep Neural Network has the best performance
with 90% TP rate for 20% FP rate.

The cRBM-based Neural Network performs similarly to speaker detection based on MI.
Both of them perform better than the proposed Deep Neural Network for small error rates,
e.g., speaker detection based on MI has a TP rate of 50% for less than 10% FP rate. Overall
however, they perform worse since a 90% TP rate is only achieved when more than half
the negative examples are misclassified.

Speaker detection based on a GMM performs worse than these three methods, but better
than the two randomly initialised Neural Networks. The Neural Networks perform slightly
better than random.
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Figure 5.3: ROC curve for the first part of the first experiment

Experiment 2

Table 5.1 lists the speaker diarization results achieved on the recording of the second
experiment. Wooters’ method performs speaker diarization with 72% accuracy. The Dy-
namic Bayesian Network of chapter 3, which incorporates the video modality using speaker
detection based on MI, has an accuracy of 82%. If instead of the MI we use speaker detec-
tion based on the proposed Deep Neural Network the speaker diarization accuracy further
improves to 87%.

5.5 Discussion

The speaker detection methods tested on the experiments are discriminative (e.g., the
neural networks), generative (e.g., the GMM) or heuristic (e.g., the MI and the matching
algorithm). This categorisation helps interpret the results of each experiment and draw
some conclusions about each method.

In the first part of the first experiment the discriminative methods perform very well.
This is a common case in problems that the test data is very similar to the training data,
because overfitting is less likely. The proposed Deep Neural Network performs best, and
the neural network based on the cRBM performs very well. It is interesting to notice that
the cRBM-based neural network performs better than the Deep Neural Network when a
100% TP rate is required, but the small difference is due to a few extreme examples.

Initialising a neural network with a generative model, i.e., a Deep Belief Network or a
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SPEAKER DIARIZATION RESULTS

Overall Results Wooters DBN-1 DBN-2
Speaker Diarization Accuracy 0.77 0.82 0.87

Wooters Non-speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-speech 0.87 0.03 0.04 0.02 0.04

Speaker 1 0.10 0.71 0.10 0.01 0.08
Speaker 2 0.10 0.08 0.71 0.02 0.09
Speaker 3 0.06 0.03 0.01 0.90 0.00
Speaker 4 0.09 0.06 0.04 0.07 0.74

DBN-1 Non-speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-speech 0.86 0.03 0.04 0.03 0.04

Speaker 1 0.07 0.80 0.05 0.03 0.05
Speaker 2 0.07 0.05 0.80 0.04 0.04
Speaker 3 0.06 0.02 0.01 0.89 0.02
Speaker 4 0.06 0.04 0.04 0.05 0.81

DBN-2 Non-speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-speech 0.91 0.02 0.03 0.01 0.03

Speaker 1 0.06 0.84 0.04 0.02 0.04
Speaker 2 0.06 0.05 0.85 0.01 0.03
Speaker 3 0.07 0.01 0.01 0.88 0.03
Speaker 4 0.05 0.04 0.04 0.01 0.86

Table 5.1: Overall accuracy and confusion matrices for the speaker diarization results using
Wooters method, the Dynamic Bayesian Network of chapter 3 (DBN-1) and the same
dynamic Bayesian Network using the speaker detection output of the Deep Neural
Network (DBN-2). Rows represent ground truth and columns represent the speaker
diarization label.
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Figure 5.4: ROC curve for the second part of the first experiment

cRBM, is very beneficial. The unlabelled data incorporated while training the generative
model incorporates useful information. Furthermore, the greedy learning of a Deep Belief
Network proves efficient, and consequently the difference with the randomly initialised
Deep Neural Network is large.

Speaker detection based on MI performs well. A large number of TP are easy to distinguish
— more than 50% TP rate for less than 10% FP rate. This corresponds to persons with
strong edges on their visual modality, which appear correlated to the corresponding audio
stream (see also the results in figure 4.18 on page 115). From there on, however, the speaker
detection accuracy is almost random. Finally the GMM and the matching algorithm
perform worst and similarly to their synchrony detection results — see table 4.10 on page
113. This is due to the difficulty of the task at hand — the distribution of synchrony is
highly multimodal and therefore the GMM gets stuck in poor local optima, while the simple
heuristic in the form of the matching algorithm can not capture synchrony in speech.

In the second part of the first experiment the discriminative models do not generalise
equally well. The proposed Deep Neural Network performs best, but its performance is
significantly worse than in the first part. This is because the Edinburgh recording contains
natural behavior, and consequently many non-frontal views of the persons. The Deep
Neural Network has no such training examples, and classifies them all as non-speaking. In
order to achieve a 90% TP rate, the corresponding FP rate must be more than doubled. The
cRBM-based neural network also has worse performance. The randomly initialised neural
networks however perform much worse. This is a clear example of overfitting, since the
randomly initialised neural networks are able to distinguish well between speakers and non-
speakers they encountered before, but generalise very badly. The unsupervised pretraining
in the form of a Deep Belief Network or a cRBM improves upon this issue significantly, by
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allowing gradient descent to start from a good neighborhood in the parameter space, thus
avoiding overfitting.

Speaker detection based on MI has a similar performance as in the first experiment. This
is expected since MI does not rely on any dataset specific information, and is therefore
only dependent on the quality of the recording and the proportion of samples where the
assumptions of the heuristic are mistaken. Moreover, the performance of speaker detection
based on the MI and the cRBM-based neural network is again similar. This might be an
indication that the cRBM and the MI capture similar dynamics in the audiovisual space.
Speaker detection based on the GMM performs better than the randomly initialised neural
networks — there is less chance to overfit the training data using a generative model.

In the third experiment both multimodal approaches outperform the audio-based speaker
diarization. This is expected since more information is used. Using the Deep Neural
Network, which performs better at speaker detection than the MI-based method, improves
the results of speaker diarization. This is a direct result of the sound probabilistic modelling
of speaker diarization under the proposed Dynamic Bayesian Network. Moreover, it is
interesting to notice that speaker diarization using the proposed Deep Neural Network
improves the result of non-speech detection over the audio-based approach, in contrast to
the MI based method (see also table 3.6 on page 75). This is because a silent person and
silence produce high MI measurements and mislead the speaker diarization process.

We must note, however, that extracting the AAM is not trivial, and the neural networks
require as input data six consecutive frames where the frontal face of the person is visible.
MI, in contrast, can be easily computed for any location of the video stream — thus a single
face detection is sufficient. For the second and third experiment we selected the excerpt
with the highest percentage of face detections, and consequently frontal face frames. In
multimodal speaker diarization in recordings with few frontal face views, MI might be a
more suitable speaker detection method for speaker diarization.

5.6 Conclusions

This chapter proposed a Deep Neural Network for speaker detection which is based on the
Deep Belief Network that performed the best results for synchrony detection. The proposed
method models the problem of speaker detection, i.e., directly models p (speaker|data). The
experiments conducted lead to the following conclusions:

• The probabilistic modelling of speaker detection adapts better to a given dataset
than the previously proposed heuristic approaches, in the form of MI or matching
algorithm. Furthermore it is possible to create a probabilistic model that generalises
better than these heuristics but that is not trivial.

• A Deep Neural Network, initialised with a Deep Belief Network, produces the best
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speaker detection results. The discriminative model created in this way manages to
adapt best to a given dataset — as shown from the first experiment. Furthermore, the
initialisation with a Deep Belief Network avoids typical problems of back-propagation
in deep neural networks, such as getting stuck in poor local optima. Lastly, the gener-
ative fashion of a Deep Belief Network allows to incorporate unlabelled training data
which leads to optimal generalisation as well — as shown by the second experiment.

• High quality speaker detection is beneficial for speaker diarization under the proba-
bilistic framework proposed in chapter 3. This is evident from the results of the third
experiment.




