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MULTIMODAL SPEAKER DIARIZATION

Abstract: This chapter presents a novel probabilistic framework that fuses information
coming from the audio and video modality to perform speaker diarization. The pro-
posed framework is a Dynamic Bayesian Network that resembles a factorial Hidden Markov
Model (fHMM). The persons appearing in an audiovisual recording are modelled as mul-
timodal entities that generate observations in the audio stream, the video stream and the
joint audiovisual space. The framework is very robust to different contexts, makes no as-
sumptions about the audiovisual setting, and acquires the model parameters directly from
the test data using the Expectation Maximisation (EM) algorithm. The proposed model
is applied to two meeting videos and a news broadcast video, all of which are coming from
publicly available data sets. The results acquired in speaker diarization are in favour of the
proposed multimodal framework, which outperforms the single modality analysis results
and improves over the state-of-the-art audio-based speaker diarization.

3.1 Introduction

The objective of speaker diarization is to segment a digital recording into speaker homoge-
neous parts [107]. Nowadays, it is easy to record synchronised digital audiovisual material
with off-the-shelf equipment, providing the natural multimodal context where speaker di-
arization is performed by humans. Recordings coming from a smart meeting room or news
broadcast archives are examples of such recordings.

Nevertheless, the automation of multimodal speaker diarization in this context remains a
challenging task. In many cases, the speaker is not visible or not detected in the video
stream by the system, while many persons that are visible and correctly detected do not
speak. Moreover, sometimes we have little or no prior knowledge regarding the context
of the digital recording or the appearance and voice of the persons participating in the
meeting. Usually there is knowledge of the context of the data, e.g., meeting room, and
maybe some constraints imposed by it, for instance the number of persons participating



42 MULTIMODAL SPEAKER DIARIZATION

or the positions of the cameras. However, one cannot expect to know which persons will
appear in future meetings or to have person-specific training data.

Chapter 2 extensively reviews relevant research on speaker diarization and categorises it on
the basis of the input modality. Most of the approaches use the audio modality alone, and
a few use observations from the joint audiovisual space, or a tracking scheme in the audio
and video modality in parallel. This chapter, on the contrary, focuses on the following
scientific questions:

• Is it possible to use all the available information sources? That is information coming
from the audio, video and joint audiovisual space.

• Can we relax the assumptions regarding specific recording equipment? The assump-
tions made by localisation-based speaker diarization, in terms of multiple cameras
and microphones, render it inapplicable to the majority of the available recordings.

• How can we incorporate patterns appearing in the temporal dimension of the audio
and video stream? Audio and video are sampled in different rates, complex patterns
appear in the temporal dimension of the stream, while high temporal precision is
necessary to produce useful speaker diarization results.

• Is it possible to perform speaker diarization in recordings where multiple speakers
vocalise simultaneously? The algorithms presented in chapter 2 assume a single
speaker per window and detect non-speech windows in a preprocessing step. Proba-
bilistic modelling should enable us to decode the stream into segments of non-speech,
one speaker or multiple simultaneous speakers.

The current chapter presents a probabilistic framework that performs speaker diarization
through fusion of information coming from all available sources: the audio modality, the
video and the joint audiovisual space (recall figure 2.1 in page 18). The focus is on speaker
diarization in meetings video data, although the approach is applicable to all kinds of
scenarios containing one or more video streams and one or more audio streams. The
proposed framework makes no assumptions about the number of simultaneous speakers
and models explicitly the appearance and voice of the participating persons. What is
more, no assumption is made about the setting of the recording equipment, but, instead,
the framework uses observations in the joint audiovisual space to combine information
coming from of the audio and video streams.

Consequently, there are high levels of uncertainty associated with the modelling of the
voice and appearance of each person, as well as the patterns in the temporal dimension of
the audiovisual stream. The proposed framework is a Dynamic Bayesian Network, which
is a specific form of a probabilistic graphical model, that can deal with this uncertainty
and perform speaker diarization.

Section 3.2 contains an introduction to the notation and conventions in the probabilistic
graphical models theory, examples of which are the Dynamic Bayesian Networks. Sections
3.3 - 3.5 describe the details of the proposed Dynamic Bayesian Network. Sections 3.6
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Figure 3.1: From left to right the construction of a simple graphical model involving multiple
(N) throws of a coin (Y), which can be either biased or fair (X).

and 3.7 contain the methods used to learn the parameters of the model and infer the
active speaker. Section 3.8, presents the experimental setup and the corresponding speaker
diarization results. Finally, the chapter is concluded with a discussion of the acquired
results.

3.2 Probabilistic Graphical Models

Graphical models are a common choice to represent probabilistic models. Probabilistic
models gain increased popularity because (1) they can deal with the uncertainty of many
real world problems, (2) there exist well founded methods to infer quantities that cannot
be observed directly with sensors and (3) they can combine prior knowledge about the
domain with information gathered from the data.

The nodes of a graphical model represent random variables. Consider for instance the
outcome of a coin flip denoted with the random variable Y. In graphical models notation
this is a node, illustrated in figure 3.1(a). Flipping a coin will generate realisations of
variable Y, which can be observed directly. Therefore, variable Y is an observable variable,
and node Y is referred to as a visible node, which appears shaded in the graph. The
outcome of the coin is influenced by the type of the coin. The coin might be biased or
fair and this information can be represented by a random variable X — however it is not
efficient, and in some cases impossible, to measure this information directly. A second node
can be inserted to the graphical model representing the internal state of the coin. This
time, the node appears unshaded in the graph and it is referred to as a hidden node.

The next step is to define the relationship between these two nodes. The outcome of the
coin depends on the type of the coin. This can be denoted with a directed edge, which
represents a causal relationship, from node X to node Y (figure 3.1(b)). Note that the
edge could be undirected, denoting a general correlation rather than a causal relationship,
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but while undirected graphical models will be discussed more extensively in chapter 4, in
this chapter we consider directed graphical models only. Once a graphical model is drawn,
it defines a factorisation of the joint probability distribution over all the variables of the
graph. In this case, the factorisation represented is:

p (X, Y) = p (X)p (Y|X) (3.1)

which is the product over the distributions of each node, conditioned on the node’s parents.

This factorisation is the essence behind the use of graphical models. Edges denote depen-
dencies, while missing edges denote (conditional) independence. A graphical model with
connections between every possible pair of nodes represents an obvious factorisation of the
joint distribution. Nevertheless, the missing links are very important — a model with fewer
links requires fewer parameters to be defined and inference algorithms exploit the missing
links and the corresponding conditional independencies to perform efficient inference of the
quantities in question.

Typically in a problem we have multiple observations — for instance we might observe N
different coin flips. This can be represented by adding multiple edges and N nodes X to
the graphical model of figure 3.1(b), but this does not capture the fact that all the throws
of the same coin have the same properties. In graphical models, plates are used to denote
repetition under the same parameters, as depicted in figure 3.1(c). The joint probability
distribution is now:

p (X, Y1, Y2 . . . YN) = p (X)
∏

i

p (Yi|X) (3.2)

The probabilistic graphical models of figure 3.1 are Bayesian Networks — i.e. represented
by an acyclic directed graph. A Dynamic Bayesian Network is a sequence of Bayesian
Networks of repetitive structure. A single Bayesian Network represents the relationships
of the system at a specific point of time, while the dynamic aspect accounts for temporal
patterns appearing in the data.

In the coin example, consider that a casino is throwing the coin. Sometimes, the casino
uses a fair coin, and sometimes it uses a biased one. Let’s assume that the decision of
which coin to use, depends on the previous choice: if the current coin is fair there is a 50%
chance for the next one to be fair, while if the current one is biased there is an 80% chance
for the next one to be fair. In this case, the graphical model of figure 3.1(b) is a Bayesian
Network that represents the system on a specific point of time. In order to incorporate
the temporal aspect of the process, this Bayesian Network is repeated creating a Hidden
Markov Model (HMM), which is illustrated in figure 3.2(a). Note that the current coin
type, which is the hidden system state, depends only on the first previous system state.
In case there are dependencies over longer temporal differences in the data, these must be
drawn as additional directed edges.

In the simple Dynamic Bayesian Network of figure 3.2(a), the probability distribution over
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Figure 3.2: The graphical models of a Hidden Markov Model, and a factorial Hidden Markov
Model.

the sequence of observations and the sequence of system states is given by

p (X1, . . . XT, Y1, . . . YT) =
∏

i

p (Yi|Xi)p (Xi|Xi−1) (3.3)

where p (X1|X0) is the probability of starting the sequence with a coin of type X1. In this
chapter the audiovisual recording is treated as a sequence of observations and a Dynamic
Bayesian Network, that represents the problem of speaker diarization, is proposed.

3.3 Model Formulation

The proposed Dynamic Bayesian Network manages to capture patterns appearing not only
in a single modality, but also across multiple modalities as well as in the temporal dimension
of the multimodal streams. In detail, it is constructed as follows:

1. The temporal patterns are treated by a factorised transition model

2. The state of different speakers is represented by the hidden nodes

3. The observations extracted from the audiovisual stream correspond to observable
variables

4. The way different persons affect the audiovisual stream corresponds to the model
parameters

5. The problem of speaker diarization maps to the problem of inferring the state of the
hidden variables
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Transition Model and Hidden System State

The proposed Dynamic Bayesian Network has a time slice duration equal to the frame
duration and takes into consideration the system state in the previous time slice under
a factorised transition model. Factorised transition models were first introduced in the
factorial Hidden Markov Model (fHMM) [55], which is a constrained version of the HMM
[106].

In a typical HMM, depicted in figure 3.2(a), the hidden system state at time t, Xt, is
discrete and depends on the previous system state Xt−1. In a fHMM, depicted in figure
3.2(b), the hidden state is manually divided into subsets of hidden variables. Consequently,
the transition probability of the system state factorises into a product of terms, each one
of which depends on a subset of the variables of Xt. In probabilistic terms this corresponds
to:

p (Xt|Xt−1) =
∏

i

p (Xt(i)|Xt−1(i)) (3.4)

where Xt = (Xt(1),Xt(2) . . .Xt(n)). This factorisation leads to a drastic decrease in the
number of free parameters for the transition probabilities.

In the proposed system, the hidden system state Xt represents the identity of the speaker(s)
and the visible person(s) at time t. In case of N persons, each realisation xt is a binary
vector of length 2N, where elements [1 . . .N] are 1 if the corresponding person is visible
and 0 otherwise, and elements [N+1 . . . 2N] are 1 if the corresponding person speaks and 0
otherwise. The first N elements, which correspond to the video part, are denoted with XV

t ,
and the second N elements, which correspond to the audio part, with XA

t . The transition
probability is factorised in terms of these variables as:

p (Xt|Xt−1) =
∏

n

p
(

XA
t (n)|XA

t−1(n)
)

p
(

XV
t (n)|XV

t−1(n)
)

(3.5)

which implies that the transition probability for the state of each person is independent of
the state of the other persons. For example, the fact that a person becomes visible at a
specific frame of the stream does not depend on whether another person is visible or not.

The binary representation of the hidden system state creates a total of 22N possible system
states. The transition matrix of a Dynamic Bayesian Network which explicitly defines
p (Xt|Xt−1) would require 24N parameters in total. Factorising the system state in inde-
pendent person states, decreases the number of free parameters for the transition matrix.
In particular, XA

t (n) and XV
t (n) are binary and we need 2 parameters for each factor

p (Xt(n)|Xt−1(n))1. Thus, the factorised transition matrix is defined by just 4N parame-
ters in total .

1In order to parameterise p (Xt(n)|Xt−1(n)) and p (Xt(n)|¬Xt−1(n))
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Observations and Observation Model

The visible nodes at time t, denoted with Yt, depend on the system state of time t. In the
proposed framework, the observation Yt =

(

At,Vt, N
f
t, Jt

)

represents the features extracted
from the multiple modalities, namely the audio stream (At), the video stream (Vt, N

f
t) and

the joint audio-visual space (Jt) at the corresponding time t — recall figure 2.1 in page 18.

In a HMM the observation model consists of the conditional probability p (yt|xt). In a
fHMM this distribution can not be factorised in a general way: the observation model for
the proposed Dynamic Bayesian Network, p (yt|xt), is factorised into one observation model
per person, called person model. The size and type of a realisation of the observations yt

and the type of the person models are dependent on our choice of features, but any kind
of feature can be incorporated under the proposed framework. The feature choices of this
chapter can be found in section 3.4, while the specific factorisation for the observation
model is presented in section 3.6.

Parametrisation

The proposed model is defined by the priors π for each state, the transition matrix A
and the observation model. The parameter π (x) represents the probability of the system
to be in state x1 = x at time step t = 1. The transition matrix is denoted with A,
and it is factorised using person specific factors AnA

ij = p
(

xA
t (n) = j|xA

t−1(n) = i
)

and
AnV

ij = p
(

xV
t (n) = j|xV

t−1(n) = i
)

. Element Aij denotes the probability of transition from
state xt = i to xt+1 = j.

The graphical model representation of the proposed framework is denoted in figure 3.3. In
this model, the individual person models are independent and their transition probabilities
factorise. However, the observation at time t depends on all the person states, and therefore
the hidden states are not conditionally independent given all the observations y1:T.

Inference

Given a new audiovisual stream of T time slices, speaker diarization, in probabilistic terms,
translates to estimating the state sequence x1:T that best “explains” the observation se-
quence y1:T extracted from that stream [106]. In the ideal case, this will return the identity
of the speaker for each time-slice and furthermore detect which persons are visible at that
point of the stream. Inference using the factorised transition matrix and the final obser-
vation model is described in section 3.6.



48 MULTIMODAL SPEAKER DIARIZATION

Remarks

The parameters of the model define the generative distribution p (Xi|Yi) and, there-
fore, the model belongs to the category of generative models. A different approach
would be a discriminative one, where the distribution p (Yi|X) is modelled [88]. Infer-
ence algorithms seek the most probable system state sequence given the input data i.e.
Y∗

1:T = argmax
Y1:T

p (Y1:T|X1:T), a problem addressed directly in a discriminative approach.
However, the generative approach has a main advantage that makes it better suited to
the task at hand: a generative model can be trained directly on the unlabelled input data
while a discriminative model requires data-specific labelled training data.

Moreover, the generative approach has advantages in terms of modularity and robustness.
A generative framework is modular in the sense that it enables the integration of different
voice or appearance models of people in a principled way. For example, the video analysis
could be enhanced by adding lip reading computer vision algorithms such as [82], or with
more expressive voice models. A discriminiative model, in contrast, would need to retrain
all the model parameters after every new addition.

The proposed generative model is also very robust to different camera and microphone
settings, and therefore suitable for speaker diarization in a range of audiovisual contexts.
For instance, in a news video, a spoken sample can be associated to a person visible
earlier in the stream or visible from different angles. A discriminative approach would be
applicable only to settings that exist in the training set.

A generative modelling approach might seem a straightforward choice, but some problems
arise soon after it is adopted. Firstly, modelling multi-person interactions in a generative
way, involves defining the way people affect the visual stream when they are not visible
(or not visually detected) and the way they affect the audio stream when they are not
speaking. This is resolved using face detection in the video stream and a data-independent
preprocessing step in the audio modality, which is described in section 3.5, to account for
such cases. Secondly, the temporal dimension of the stream must be incorporated and the
quantities in question on every time slice must be inferred. Inference with a variation of the
Viterbi decoding for HMMs [106] is described in section 3.6. Thirdly, the model parameters
(transition probabilities and person models) must be acquired directly from the test data,
since no prior labelled training data is assumed. This is achieved using a variation of
the Expectation Maximisation (EM) algorithm adjusted to the proposed framework. The
mathematical details of the learning procedure can be found in section 3.7.

3.4 Person Models

Persons generate feature vectors in the video and audio streams, as well as in the joint
audiovisual space. Let the parameters of the person model of the nth participant be θn,
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Figure 3.3: The final dynamic Bayesian network used for audiovisual fusion for speaker diariza-
tion. Shaded nodes represent observed variables, while clear nodes represent latent
variables. The independent person states in both modalities are dependent in the
observation model and independent during transition. The nodes Nf and Ns allow
us to model the video and audio modality in a generative fashion. Note that we
estimate the distribution over Ns during inference, and therefore the node variable
is latent, while the distribution over Nf is estimated in a preprocessing step, and
therefore it is denoted as an observable variable.
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consisting of three parts : θn =
(

θV
n, θA

n, θJ
n

)

. θV
n denotes the Video modality part, θA

n

the Audio modality part and θJ
n the part concerning the Joint audiovisual space. For

example, the probability that observation vt was generated in the video modality, given
that person 2 was visible, is:

p
(

vt|x
V
t (2) = 1

)

= p
(

vt; θ
V
2

)

(3.6)

These parameters represent the realisation of a generative distribution in the feature space
of each modality and correspond to the probability that an observation yt is generated
by the corresponding person. Thus, the family of the distribution depends on the type
of the extracted features and is fixed beforehand, while the parameters of the distribution
are learnt from the data. Different learning methods are possible, but in the proposed
framework the parameters are acquired with Maximum Likelihood (ML) learning.

Video Space

In the video modality, the regions of interest are faces, which are detected using the Viola-
Jones face detector [127]. The face descriptors are extracted from these regions using the
Bag of Keypoints method which is described in detail in appendix C.

In short, the application of the Bag of keypoints method works as follows: Scale Invariant
Feature Transforms (SIFT) appearing in these regions [79] are extracted, and vector quan-
tisation in the SIFT space is performed, using all the feature vectors extracted from the
stream. The number of clusters chosen, often described as “visual-words” [40], is set manu-
ally, but unless extreme values are set there is no significant change in the accuracy of the
framework. In this work 100 visual words were used. Each face region, based on the output
of the region-of-interest detection, will return a different number of SIFT descriptors. Each
descriptor is assigned to the closest cluster, and the final observation extracted from the
video modality of the stream (denoted with Vt) is a binary vector of length 100, with each
element denoting the existence (value 1) or absence (value 0) of the corresponding visual
word in the face region — there is one such vector per face in each frame.

The video-modality part of the person model is a set of Bernoulli distributions, repre-
senting the probability that a specific visual word is present in the face region given the
person’s identity. That is, θV

n = (bn
1 , b

n
2 . . . b

n
100)

⊤, with bn
i = p (Vt(i) = 1; θn). Assuming

independence among the appearance of visual words, the probability that person n would
generate observation vt can be computed as:

p
(

vt; θ
V
n

)

=
∏

i

p (vt(i);b
n
i ) =

∏

i

(

(bn
i )

vt(i)
(1− bn

i )
1−vt(i)

)

(3.7)
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Audio Space

In the audio modality, the stream is divided in 16 ms windows, with a 6 ms overlap. The
time slice of the model has frame duration (40ms) and therefore four audio descriptors are
extracted, denoted as at(m) with m ∈ {1 . . . 4}, in each audio observation at. These de-
scriptors contain the first 13 Mel Frequency Cepstral Coefficients (MFCCs) from the audio
stream along with their first and second order differences, resulting in a 39-dimensional
feature vector for each window. The audio part of a person model (θA

n) is 15-component
Gaussian Mixture Model (GMM). Thus, θA

n = (πn
1 ,µ

n
1 ,Σ

n
1 , π

n
2 ,µ

n
2 ,Σ

n
2 . . . π

n
15,µ

n
15,Σ

n
15).

Evaluating the probability of observing an audio feature vector generated by a specific
person maps to evaluating the corresponding probability density function at that point,
p
(

at (m) ; θA
n

)

=
∑

cπcN (at (m) ; µn
c ,Σ

n
c). Thus, under the assumption that consecutive

windows are independent of each other, we get:

p
(

at; θ
A
n

)

=
∏

m

p
(

at (m) ; θA
n

)

=
∏

m

∑

c

πcN (at (m) ; µn
c ,Σ

n
c) (3.8)

where N (at (m) ; µn
c ,Σ

n
c) is the evaluation of a multivariate Gaussian distribution with

mean µn
c and covariance matrix Σn

c at at (m).

Audiovisual Space

Finally, the correlations of the joint audiovisual space are modelled through the estimate
of the Mutual Information (MI) between the two streams. This procedure is described in
detail in section 2.3.1, but the basics are repeated here for clarity of presentation. The MI
between two variables, A and V, measures the information of variable A that is shared
with variable V and it is defined as:

MI(A,V) =

∫

a∈A

∫

v∈V

p (a, v) log
p (a, v)

p (a)p (v)
dadv (3.9)

Consider now a set of audio and video (A and V) samples over a number of time slices.
In the proposed model, the average acoustic energy of the audio stream, and a pixel value
variation in grayscale are used, acquiring two scalar samples per pixel over a number of
frames. Assuming that each sample comes from a multi-variate Gaussian distribution, with
variances ΣA and ΣV respectively, and joint variance ΣAV the MI estimate between the
two signals becomes [59]:

MI(A,V) = −
1

2
log

|ΣA| |ΣV|

|ΣAV|
(3.10)

This formula can give an estimation between each pixel’s value variation and the average
acoustic energy of the corresponding audio stream. The window used to estimate the
covariance matrices had a width of 16 frames around the middle one, which was also the
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(a) (b) (c)

Figure 3.4: The frame of the clip (left) and the Mutual Information Image around it (middle
and right). We denote with red the rectangles that represent the face and the whole
frame regions (middle figure). We denote with green the rectangles that represent
the upper and lower halves of the detected face.

choice used in [59]. Using the variance of a pixel’s intensity and the corresponding audio
stream, as well as the variance of their joint vector, an estimate for the MI for each pixel
of each frame is acquired.

At the resolution of the data used here, an average face contains more than 1000 pixels while
the whole frame contains more than 200.000 and thus they produce a very high-dimensional
MI descriptor which is called the Mutual Information Image (MII). Examples of faces and
the corresponding MII can be seen in figure 3.4. Since this descriptor is extremely high
dimensional, it is commonly processed further estimating averages or optimal sets of pixels
[41, 59]. In our approach, a two dimensional binary vector is extracted as follows:

• The value of the first feature depends on the output of the comparison between the
average MI over the pixels of the detected face region to the average MI over the pixels
of the whole frame. This comparison has a binary output, while the two regions are
depicted with red colour in figure 3.4(b). The intuition behind this feature is that
it detects when the face is meaningfully synchronised with the audio, i.e, when it is
more synchronised than the static background.

• The value of the second feature depends on the output of the comparison between
the average MI of the pixels in the upper half of the face region to that of the
pixels in the lower half of the face region. This comparison also outputs a binary
value, and the corresponding regions are depicted with green colour in figure 3.4(c).
The intuition here is that if the face appears synchronised to the audio because
of random movements or head nods, both the upper and lower part of the face
appear synchronised to the stream. In the case of speech, the lower part of the face
is significantly more synchronised than the upper half because of the lip and jaw
motion.

Note in figure 3.4, that the contour of a person’s head is outside the detected face region,
but correlates with the audio stream because of speech-related motion. The comparisons
proposed here have been selected after empirical evaluation of different options, and in case
a different detector is used, appropriate regions must be defined.
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Both comparisons result in a binary output, which corresponds to the joint audiovisual
space feature vector (Jt) associated to the detected face. This is:

Jt =

[

eval (MI (upperface) > MI (lowerface))

eval (MI (face region) > MI (whole frame))

]

(3.11)

where the function eval evaluates the comparison of the average MI of the pixels of two
specified regions into a binary value.

The audiovisual part of a person model is, therefore, composed of two generative sets, each
one consisting of two Bernoulli distributions. The first set models the way the values of Jt

are generated when the person is visible and speaking (θJ
n1), while the second set models

how they are generated when the person is visible but silent (θJ
n0). Similarly to equation

3.7:
p
(

jt; θ
J
n

)

=
∏

i

p (jt(i);b
n
i ) =

∏

i

(

(bn
i )

jt(i)
(1− bn

i )
1−jt(i)

)

(3.12)

where if xA
t (n) = 0 then θJ

n0 is used, while if xA
t (n) = 1 then θJ

n1 is used.

Context Modelling

The audiovisual stream is not affected only by the persons but also by the context of the
recording. For example, when there are no active speakers, the audio stream correspond to
the non-speech environmental sounds. These environmental sounds are modelled indirectly
through a distribution over the number of speakers. Finally, a window of the background,
which is falsely detected as a face, is evaluated with a distribution averaged over all the
face models. Recall that the visual vocabulary is created using SIFT descriptors of the face
region. Therefore, the average over all the face distributions represents the lack of prior
knowledge about the appearance of the background2.

3.5 Preprocessing

The person models, described in section 3.4, are used to evaluate the probability that
an observation was generated by a specific person. Furthermore, it is straightforward to
compare multiple person models in order to select the one that most probably generated
an observation; it is proportional to the person model distribution at the observation.
However, when dealing with multiperson recordings, it is infeasible to directly compare all
possible states.

2An alternative solution is to estimate the average over all the frame distributions of the stream.
Experimental evaluation indicates that using the whole frame is computationally much more expensive,
but delivers the same results.



54 MULTIMODAL SPEAKER DIARIZATION

For example, consider a stream with two persons with corresponding person models θ1 and
θ2. The system state space is a four-dimensional binary vector, where the first element
indicates if the first person is visible, the second element indicates if the second person
is visible, the third element indicates if the first person is speaking the and fourth one
indicates if the second person is speaking.

In principle the probability of each possible state (xt) in the presence of our observation
(yt) is evaluated using Bayes’ rule [122]:

p (xt| yt) =
p (yt| xt)p (xt)

p (yt)
=

p (yt| xt)p (xt)
∑

xt
p (yt| xt)p (xt)

(3.13)

unfortunately, p (yt| xt) is not straightforward to compute for all different states.

In the video modality, for instance, imagine that only one face window is detected, from
which we extract the corresponding observation vt. In that case, it is easy compare
p (vt| xt) for system states with one visible person (e.g. for xt = (1001)T or xt = (0101)T):
it corresponds to comparing p

(

vt; θ
1
V

)

with p
(

vt; θ
2
V

)

. In contrast, it is not clear what to
do for states with two or no visible persons, such as xt = (1101)T or xt = (0001)T: there is
no strict observation-to-parameters correspondence.

In order to solve this, the number of detected faces is added as an observation, and based
on this number the model accounts for false detection (that is one detected region, but no
visible speakers) or non-detected faces (one detected region but two visible speakers). The
details of this solution are presented in section 3.6.

In the audio modality the same issue appears. It is easy to compare p
(

at(i) ; θA
1

)

with
p
(

at(i) ; θA
2

)

to decide which of the two persons is most likely the speaker (i.e. states like
xt = (1110)T or xt = (1101)T). However, it is not straightforward how to compare single-
speaker states directly to states indicating no one speaking, or to two persons speaking
simultaneously, because there are person-specific (in contrast to state-specific) person-
models.

A possible solution would be to model each possible combination (for instance both of the
persons speaking) with a different person model. This is clearly not realistic, since the
number of states is exponential to the number of participants and therefore even for a
small number of persons in our stream, a lot of data would be needed to estimate so many
parameters efficiently.

Alternatively a naive assumption can be made that each person’s state is independent of
the other person’s states. In that case, the following factorisation is obtained:

p (xt| At(m)) =
∏

j

p (xt (j)| At(m)) =
∏

j

p (At(m)| xt (j))p (xt (j))

p (At(m))
(3.14)

which in comparison with the Bayes’ Rule implies that:

p (At (m) |xt) =
∏

j

p (At (m) |xt (j)) (3.15)
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where one is left with the formidable task of estimating p (at(m)| xt (j)) for xt (j) = 0, that
is model the way people affect the audio modality when silent.

The proposed framework moves out of this problem with one preprocessing step, where a
distribution over the number of speakers at each time slice is estimated. This distribution
is stored in a random variable, Ns

t, whose realisation is the number of speaking persons that
generated an audio window. A GMM is trained on independent news broadcast labelled
data3, containing non-speech and one up to N speakers samples, acquiring a generative
distribution p (At(m)|Ns

t), for Ns
t ∈ (0, 1 . . .N). This GMM is used to evaluate the prob-

ability that an audio descriptor was generated when NS persons where speaking and the
graphical representation of this step can be seen in figure 3.3. p (Ns

t|At(m)) is acquired as

p (Ns
t|At(m)) =

p (At(m)|Ns
t)p (Ns

t)∑

Ns
t

p (At(m)|Ns
t)p (Ns

t)
=

p (At(m)|Ns
t)∑

Ns
t

p (At(m)|Ns
t)

(3.16)

where a uniform prior over Ns
t is assumed and this quantity is used during inference, in

order to avoid estimating p (At(i)| xt (j)) for xt (j) = 0. The details of this procedure can
be found below, in section 3.6.

3.6 Inference

The system state on each time slice represents the identities of the visible persons and the
speaker. The goal of inference is to acquire the system state sequence (x∗

1:T) which is the
most likely given the extracted observation sequence, that is x∗

1:T = arg maxx1:T
p (x1:T|y1:T).

In general it is intractable to evaluate p (x1:T|y1:T) for all possible x1:T since their number
is exponential to the number of time slices. Under the Markov assumption, however, the
target distribution can be factorised as:

p (x1:T|y1:T) =
∏

t

p (xt|xt−1)p (yt|xt) (3.17)

where p (x1 = x|x0) is the prior probability of the system being in state x at time slice 1.
The transition probabilities p (xt|xt−1) are taken from the factorised transition matrix A,
while p (yt|xt) is the observation model.

Let the elements of matrix AnA
ij correspond to the chance that person n will move from

Audio state i to j in a system transition, while matrix AnV
ij correspond to the chance that

person n will move from Video state i to j in a system transition. In these cases i and j
take values from the set {0, 1}, and the element Aij can be computed by:

Aij =
∏

n

AnV
ij AnA

ij (3.18)

3In contrast to the person voice models which are learnt for the test data
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which is the product of the individual persons’ state transition probabilities.

The observation model is factorised using the person models which represent generative
distributions. The observation yt consists of the face descriptors acquired (Vt), the number
of detected faces on that frame, (Nf

t), the audio descriptors for that slice (At) and a discrete
measure of correlation between each face and the audio stream (Jt). These features are
independent given the system state, that is:

p (yt|xt) = p
(

vt, n
f
t, jt, at|xt

)

=

= p (vt|xt)p
(

nf
t|xt

)

︸ ︷︷ ︸
Video Modality

p (jt|xt)
︸ ︷︷ ︸
Joint Space

p (at|xt)
︸ ︷︷ ︸

Audio Modality

(3.19)

where we indicate the three different modalities, from which information comes.

Video Modality

In the Video Modality the product of p (vt|xt)p
(

nf
t|xt

)

needs to be defined. The proba-
bility of perfect face detection is set empirically to 0.9. Thus:

p
(

nf
t|xt

)

=






0.9 if
N∑

i=1

xt(i) = nf
t

0.1/ (N-1) otherwise
(3.20)

where nf
t is the number of detection returned from the Viola Jones face detector for frame

t.

When the detector returns multiple face windows, there is no one-to-one mapping of a
person model to a detected face — all permutations are feasible. A dummy variable Wt

is used locally to represent all the possible permutations in the correspondence between
person models and detected faces. That is:

p (vt|xt) =
∑

wt∈W

p (vt,wt|xt) =
∑

wt

p (wt)
∏

i

p
(

vt(i); θ
V
wt(i)

)

(3.21)

where a uniform prior distribution for Wt is used in practice.

Finally, the face detection procedure might not be flawless. In case
∑N

i=1xt(i) > n
f, the

state xt represents a state with more persons than the number of detected faces. In that
case, the probability that a person is visible but not detected is defined as the person’s
probability of being visible in the whole stream. In case of

∑N

i=1xt(i) < n
f, which corre-

sponds to one or more false positive face detections, the remaining windows are evaluated
using a model averaged over all person models.
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Joint Space

In the joint audiovisual space, the MI feature vector extracted from each face is evaluated
with the corresponding person model. Thus, the same Wt settings are used, for p (jt|xt):

p (jt|xt) =
∑

wt∈W

p (jt,wt|xt) =
∑

wt

∏

i

p
(

jt(i); θ
J
wt(i)

)

(3.22)

where θ
Wt(i)

J corresponds to the model of person wt(i) speaking if xA
t (wt(i)) = 1, and

silent otherwise.

Audio Modality

In the Audio Modality the observation model is p (at|xt) which, since there is more than one
audio descriptor per time slice, becomes

∏
mp (at(m)|xt). This can be estimated through

p (xt|at(i)) and then backtracking, using Bayes Rule:

p (at(i)|xt) =
p (xt|at(i))p (at(i))

∑

x

p (x|at(i))p (at(i))
∝ p (xt|at(i)) (3.23)

Introducing Ns
t =

∑
j x (j), the p (xt|at(i)) can be factorised as described in equation 3.14

to avoid computing p (at(i)| xt (j)) for xt (j) = 0 as follows:

p (xt|at (m)) =
∑

n

p (xt, n|at (m))

=
∑

n

p (xt|at (m) , n)p (n|at (m))

=
∑

n

p(at(m)|xt,n)p(xt)
∑

x p(at(m)|xt ,n)p(xt)
p (n|at (m))

=
∑

n

p(at(m)|xt)p(n|xt)p(xt)
∑

x p(at(m)|xt)p(n|xt)p(xt)
p (n|at (m))

(3.24)

Note that p (n|xt) is 1 for n equal to the number of active speakers implied by xt (Ns
t(xt))

and 0 otherwise. Thus, equation 3.24 becomes:

p (xt|at (m)) =
p (at (m) |xt)

∑
x:ns

t(x)=ns
t
p (at (m) |xt)

p (Ns
t (xt) |at (m)) (3.25)

Now, from equation 3.15, p (at (m) |xt) can be expressed as:

p (at (m) |xt) =
∏

j

p
(

at (m) ; θA
j

)xt(j)
Q1−xt(j)

= Q[N−ns
t(xt)]

∏

j:xt(j)=1

p
(

at (m) ; θA
j

) (3.26)
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where Q = p (at(i)| xt (j)) for xt (j) = 0. Assigning the same Q value for all speakers j
means that all the persons affect the audio stream the same way when they do not speak,
and it is a reasonable assumption. Assuming p (xt) is the same for all possible states leads
to:

p (xt|at (m)) = p (ns
t (xt) |at (m))

∏
j:x(j)=1p

(

at (m) ; θA
j

)

∑
x:ns

t(x)=ns
t

∏
j:xt(j)=1p

(

at (m) |θA
j

) (3.27)

Intuitively, the first decision involves what partition of the whole probability mass can be
assigned to a group of system states with the same number of speakers. Then, this mass
is divided over the members of the group. The latter can be performed without explicitly
modelling the generative distributions of non-speaking participants.

Viterbi Decoding

The factorisations presented in equations 3.21, 3.22 and 3.23 combined with the factorised
transition matrix A and the probability vector π are adequate to evaluate p (y1:T |x1:T).
From this we can acquire p (x1:T|y1:T) using Bayes Rule, but it is intractable to estimate
p (x1:T|y1:T) for all possible x1:T, since the number of different system states sequences grows
exponentially with the length of the stream. The single state sequence x∗

1:T that maximises
the likelihood of the observation sequence y1:T can be acquired using the Viterbi algorithm
[106].

The Viterbi algorithm is an iterative procedure, which evaluates the highest probabil-
ity for a single observation sequence at time t, to end up at state xt = i, δt(i) =

maxx1:t−1
p (x1:t−1, xt = i, y1:t). At the same time, the algorithm keeps record of the state

xt−1 that maximised the quantity in question, and thus upon reaching the end of the
stream, x∗

1:T can be acquired with backtracking. The realisation of this procedure in the
proposed model is done as follows:

1. Set δ1(i) = π(i)p(y1|i), ψ1(i) = 0

2. For t = 2 : T , δt(j) = max
i

(

δt−1(i)Aij

)

p(yt|xt = j),

ψt(j) = arg max
i
δt−1(i)Aij

3. Backtracking: x∗
T = arg max

i
δT(i),

for t = (T − 1) : 1 set x∗
t = ψt+1(x

∗
t+1)

where variables i and j are vectors because they correspond to the multi-dimensional system
state.
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3.7 Learning

Section 3.6 describes inference assuming known person models. The proposed approach
assumes no video-specific labelled data and the person models are acquired using the EM
algorithm on the feature vectors extracted from the multimodal stream. In the E-step,
the expectation over the hidden variables of the model is estimated. In the M-step the
parameters of the proposed model are set to the values that maximise the likelihood of the
complete data.

E-step

The quantity which is estimated during the E-step is γt(i) = p (xt = i|y1:T), i.e., the prob-
ability of the system to be at a specific state at time t given all the available observations
(y1:T) under the current model parameters. The quantities γt(i) are computed through
a procedure called the forward-backward algorithm [106]. In the forward-backward algo-
rithm the probabilities αt(i) = p (xt = i, y1:t) and βt(i) = p

(

y(t+1):T|xt = i
)

are estimated
recursively and correspond to the forward and backward pass respectively:

1. Initialise α1(i) = π (i)p (y1|i) and βT(i) = 1

2. Iteratively estimate

at+1(j) =

[

∑

i

αt (i)Aij

]

p (yt+1|xt+1 = j)

and
βt−1 (i) =

∑

j

Aijp (yt|j)βt (j)

then, γt(i) can be estimated as

γt(i) =
αt (i)βt (i)

∑

i

αt (i)βt (i)
(3.28)

where note that the denominator
∑

i

αt (i)βt (i) equals p (y1:T) and must be evaluated only

once for the whole sequence.

M-step

In the M-step, the parameters of the person models for the video, audio and joint audiovi-
sual space, vector π and the factorised matrix A are estimated. In the video modality, the
algorithm cycles over all the time slices t and over the detected face window descriptors
of each time slice, vf

t. In the system state xt let wn
t be the permutation that assigns vf

t
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to person n . The probability that vf
t belongs to person n is

∑

t,f,x:xV
t (n)=1

p (wn
t )p (x|y1:T).

Therefore the parameter of each Bernoulli distribution is updated to:

bn
i =

∑

t,f,x:xV
t (n)=1

p (wn
t )p (x|y1:T)vf

t(i)

∑

t,f,x:xV
t (n)=1

p (wn
t )p (x|y1:T)

(3.29)

During inference, the prior probability that a person is visible at any time step of the
whole stream is also used. This probability is set during the maximisation step to

∑

t,x:xV
t (n)=1

p (x|y1:T)/T , which corresponds to the expected number of time slices where per-

son n is visible, divided by the total number of frames.

In the joint audiovisual space, each person model corresponds to two different distributions
based on whether the person is speaking (θJ

n1) or not (θJ
n0). The parameters are estimated

as in equation 3.29. If xA
t (n) = 1, the MI feature vector is used for the model corresponding

to the person n speaking, while if xA
t (n) = 0, the MI feature vector is used for the model

corresponding to the person n visible but silent.

In the audio modality, the M-steps requires to compute the probability that an audio
window, at(m), was generated from speaker n. This is

p (n|y1:T) =





1

ns
t

∑

xt :xA
t (n)=1

p (xt|y1:T)



 (3.30)

since the probability mass of states that have ns
t > 1 is divided among the corresponding

participants.

Further on, because of the GMM parameterisation of the person voices, the M-step needs to
estimate the probability that the audio window at(i) was created from a specific component
of the corresponding person’s voice model. Denoting the specific component with ct(m),
the probability can be obtained as:

p(cn
t (m)|y1:T) = p (n|y1:T)p (cn

t (m)|n, at(m)) (3.31)

= p (n|y1:T) ·
πcN (at(m); µc,Σc)

∑

c

πcN (at(m); µc,Σc)
(3.32)

Note here that there is no need to sum over all possible n, since each component belongs
only to one person, and that the subscript cn

t (m) is written as c for clarity of presentation.
Note also that the quantitiesQ, which were simplified out in equation 3.26, do not affect the
maximisation step. This is because none of the parameters of p (at (m) |xt) are dependent
on the quantity Q, and thus the normal updates apply.
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In the M step the parameters of each component are set to the maximisation values. The
only difference to the typical EM algorithm for a GMM lies in the expectation term, which
is estimated as in equation 3.31 [21]. The exact formulae for each component are:

µc = 1
Nc

∑

t,m

p (cn
t (m)|y1:T) At (m)

Σc = 1
Nc

∑

t,m

p (cn
t (m)|y1:T) (µc − at (m))

2

πc = Nc∑

c
Nc

(3.33)

with Nc =
∑

t,i

p (cn
t (m)|y1:T).

The final model parameters that need to be estimated are vector π and the factorised
transition matrix A. Vector π requires multiple observation sequences to be estimated,
which is not the case in a single recording problem. Therefore a uniform distribution is
used, with each element set to 1/22N, where N is the number of participants, and thus 22N

the number of possible states.

Each element of matrix A is factorised using the elements of the An
ij matrices. In order to

acquire these, the quantity ξt (i, j) = p (xt = i, xt+1 = j|y1:T) needs to be estimated, which

is equal to αt(i)Aijp(yt |j)βt(j)

p(y1:T )
([106]). Then, the M-step loops over all the expectations of the

system states and estimates:

An
ij =

∑

t,i:i(n)=i,j:j(n)=j

ξt(i, j)

∑

t,i:i(n)=i

γt(i)
(3.34)

for the states xt and xt+1 where person n’s state changes from i to j.

Remarks

The Dynamic Bayesian Network proposed in this chapter uses, at each time slice, one
feature representing one frame in the video modality and four audio descriptors for the
audio modality. In the joint audiovisual space, the descriptor is produced from information
coming from 17 frames of video data and the corresponding audio stream. However, all
the available data is used during inference.

This is achieved through inference and learning. Inference is based on the backward and
forward passes, which update the hidden system state based on the previous and future
observations respectively. A different future observation affects the current hidden system
state. Learning uses all the available data to acquire the person models, which will be used
to evaluate the current observation.

The role of audiovisual synchrony in the proposed framework is twofold. Synchrony is used
to assign the proper sets of appearance and voice models to each person. Furthermore,
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synchrony is used to perform speaker diarization on each point of the stream. The proposed
Dynamic Bayesian Network models synchrony locally, and evaluates it globally.

3.8 Experiments

This section presents the experiments carried out for this chapter and the acquired results.
In particular, section 3.8.1 presents the hypothesis tested and the corresponding experi-
mental setup. Section 3.8.2 presents the data sets used. Sections 3.8.3, 3.8.4 and 3.8.5
present the results of the first, second and third set of experiments respectively. Section
3.9 discusses these results.

3.8.1 Objectives and Setup

The experiments were set up to test two hypotheses:

• The proposed framework incorporates video information efficiently and improves over
the state-of-the-art audio-based speaker diarization.

• The framework successfully incorporates the video stream in different scenarios.

In order to test these hypotheses three experiments were performed, each set on three
different recordings.

• The first experiment evaluates the performance in speaker diarization on all the
recordings using only the audio part of the proposed framework and compares it to
the state-of-the-art audio-based speaker diarization system of Wooters and Huijbregts
[132]. The results of this experiment will define the difficulty of each recording and
serve as the baseline to measure the relative improvement by adding multimodal
information.

• The second experiment analyses the video modality of the streams. The potential
quality of the different video streams is explored in order to evaluate how much
information can be extracted in each case — the better the analysis of the video
stream the higher its potential for speaker diarization.

• The third experiment, evaluates speaker diarization using the multimodal approach.
This experiment investigates the improvement achieved using multiple modalities
compared to (1) using only the audio part of the proposed model or (2) using the
state-of-the-art audio-based analysis.
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Figure 3.5: A digaram of the two different camera setting for the IDIAP recording. The meet-
ing room diagram, illustrates the position of the speakers S1-S4, the position of the
cameras for the first setting A1-A4 and the second camera setting B1-B2. The dia-
gram does not give an exact mapping of the equipment but approximately indicates
the relative position of the different elements. Moreover, the middle line illustrated
frames from setting A of the recording, while the bottom line frames from setting B.
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Figure 3.6: One example frame from each of the four cameras used in the Edinburgh meeting
recording. From left to right the examples come from cameras E-1 E-2 E-3 E-4.

3.8.2 Data Sets and Performance Measure

Three different recordings are used to assess the applicability of the model in different
scenarios and draw a more definite conclusion for the speaker diarization improvement
when adding multi-modal information. Two meeting recordings come from smart meet-
ing rooms and they were part of the Augmented Multimodal Interaction (AMI) dataset
[26]. They were used in the National Institute of Standards and Technology (NIST) Rich
Transcription (RT) evaluation ’07. The third recording comes from a news broadcast and it
was used in the TRECVID contest data (http://www-nlpir.nist.gov/projects/
trecvid/).

The first meeting recording comes from the IDIAP smart meeting room [91] and lasts ap-
proximately thirty minutes. There are four participants, seen from seven different cameras.
In the experiments of this chapter, two different sets of cameras were considered. Figure
3.5 shows a diagram of the meeting room, highlighting the positions of two different camera
sets, which were used in these experiments. In the first set, denoted with A−{1−4} there is
one camera for each of the participants. Frames recorded in this setting are shown in figure
3.5. In this setting, each person is visible from a short distance, and each face is captured
in very high resolution. Thus, face detection can be performed with high accuracy. In the
second setting, denoted with B − {1 − 2} and visible in figure 3.5, there are two cameras
with two participants visible on each. In this case, the visual stream is less informative,
since each face is visible at a lower resolution. Information about the camera settings is
not used by the framework in any of the cases (no camera setting assumptions are made).

The second meeting recording comes for the University of Edinburgh smart meeting room.
The meeting lasts approximately twenty minutes and there are four visible participants.
A set of four cameras is used — resembling the A setting presented in figure 3.5. There
were no cameras similar to the B setup for this meeting. Example frames from this data
set are shown in figure 3.6.

The third recording comes from a news broadcast video. Five persons appear in the
stream, but only three of them vocalise. Seven cameras were used for this recording, and
each frame either corresponds to a single camera or to a combination of two cameras’
parts — see figure 3.7. A diagram of the camera activation times is drawn in figure 3.7.
Most of the recordings available today, varying from news broadcast libraries to movies
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Figure 3.7: The news broadcast diagram illustrates the 7 different cameras used, CAM1-CAM7.
The rectangles next to each camera are the temporal dimension. Black represents
no signal from the camera. White represents that the recording corresponds to the
camera’s view. Gray corresponds to segments of the stream where only a part of the
camera view is visible in the recording. The width is not an accurate representation
of the time, but gives an idea of the director’s switches among different settings.
Furthermore, example frames from the TRECVID news video cen be seen. From left
to right, CAM4, CAM4+CAM6, CAM6, CAM1+CAM4 are active.

and personal videos, exhibit similar structure. Some example frames from this recording
are shown in figure 3.7.

All the recordings have high frame rate (25fps) and well aligned audio and video streams.
Details about the features extracted for each modality were described in section 3.4. The
ground truth has been annotated manually with frame precision. The output of the model is
a label for each frame, corresponding to the identity of the speaking person(s). The speaker
diarization is measured as the accuracy of this labelling. More specifically, accuracy for
the whole stream or a specific speaker is defined as:

Overall Accuracy =
Frames labelled correctly
Total number of frames

(3.35)

Accuracy for Speaker X =
Frames labeled correctly as speaker X

Ground truth frames of speaker X
(3.36)

(3.37)

Most audio-based approaches, including Wooters et al. [132], perform non-speech detection
and exclude the detected frames from classification. In the proposed framework, non-
speech is one of the system states, where the audio part for all the participants is 0 —
no one vocalises. Indirectly, the parameters for this system state are assigned using the
preprocessing step described in section 3.5 — silence corresponds to the class of zero
speakers.
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3.8.3 Audio-based Speaker Diarization

Here we describe the experiment where we compare the audio-part of our model to the state-
of-the-art audio speaker diarization method of Wooters and Huijbregts [132] applied on the
same set of features. Wooters’ method is applied on frame-duration windows (Wooters et
al.), and 2.4 second windows (Wooters NIST). The former compares the two methods on
the same problem, while the latter relates the results reported here to those of the NIST
RT evaluation [50].

Table 3.1 contains the overall results of the two approaches on all recordings. In short, when
the high-precision, frame-duration windows are used, Wooters’ method performs slightly
better in the News Broadcast and IDIAP meeting, and slightly worse in the Edinburgh
meeting. The results of the two approaches are expected to be similar: the same source of
information (audio), features (MFCC) and parameter assumptions (GMM) are used. The
differences come from the way silence and multi-speaker parts are modelled,

Method IDIAP meeting EDI Meeting News Broadcast
Proposed audio 63% 80% 72%

Wooters et al. 70% 76% 77%
Wooters NIST 75% 82% 84%

Table 3.1: The audio-based speaker diarization results for the the proposed model and the state-
of-the-art Wooters et al. method.

Wooters’ method results

Wooters’ method [132] performs a complex clustering of the audio descriptors, taking
measures to avoid overfitting the data at hand, and it was described in detail in section
2.2.4. The optimisation details used in the implementation were those suggested in the
paper, and they are specifically fine-tuned for the meeting videos of the contest [132]. Note
here that the results reported for the implementation of Wooters’ method in this work differ
slightly from the accuracy reported in the contest4. This is because of the implementation
details of this work and the scoring system of the NIST contest.

The implementation of this thesis classifies 40ms windows rather than 2.5 second windows
used for the contest. Moreover, the actual contest application used more features, such as
zero crossing rates at each audio window for the non-speech detector, which was trained
with the same methods but on different data than was available here [63]. The accuracy in
non-speech detection, however, was very high in the experiments carried out for this thesis
as well, and the missing features might have only marginal results.

4The speaker diarization accuracy for all the meeting excerpts was reported to be 79.26% [132]
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The contest scoring system evaluated excerpts of 10-12 minutes of the meetings rather
than the whole meeting — the beginning and end of the meeting are the hardest to classify
since the participants are approaching or leaving the equipment while still speaking. In the
experiments of this thesis all the IDIAP meeting and 20 minutes of the Edinburgh meeting
were used. Furthermore, the NIST evaluation does not evaluate the labelling accuracy in
a 0.25 second collar around the speaker change points. In this way, high precision speaker
change detection and accurate labelling of small utterances is not necessary.

Confusion Matrices

Table 3.2 lists the detailed confusion matrices for each one of the recordings — rows contain
ground truth and columns classification label. It is interesting to see that Wooters’ method
clearly favours the most dominant parts of the stream, for instance Silence and Speaker
1 in the IDIAP meeting. In this way, the overall classification accuracy increases at the
expense of a lower classification accuracy for persons that vocalise less. On the other hand,
our method performs a more balanced classification. Moreover, Wooters’ silence detection
method continuously favours classification of frames as non-speech. This is necessary, as
described in the review of chapter 2, in order to create speaker-homogeneous segments for
the clustering part. The Edinburgh meeting has significantly fewer silence parts than the
other recordings and consequently higher overall accuracy for the proposed audio model.

3.8.4 Experiment 2: Video Analysis

The video streams of all three recordings were analysed in order to assess the quality of
the video information. Table 3.3 concisely presents the accuracy on face detection and
detected window recognition of the each recording. This accuracy is reported based on
manual labelling of the ground truth.

Face detection is performed with the Viola-Jones face detector [127], using the software
available in the openCV library, in which the detector is trained with the data of [127].
The Viola-Jones face detector makes two types of mistakes: (1) faces that are not detected
(misses), and (2) non-faces that are detected as faces (false positives). The accuracy
reported in face detection is the percentage of faces in the stream which were correctly
detected by the algorithm, and the percentage of false positives over the total of the
detected windows.

In the recognition part, no information can be extracted from a face that was not detected.
In contrast, in case of a false positive, the system must be able to robustly handle the case,
assigning the region to the background. The recognition accuracy corresponds the percent-
age of the correct detections which are assigned to the right person and the percentage of
background false detection which are correctly recognised as background.
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IDIAP MEETING

Audio Only Non-Speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-Speech 0.94 0.02 0.01 0.02 0.01

Speaker 1 0.23 0.58 0.06 0.07 0.06
Speaker 2 0.17 0.22 0.53 0.05 0.03
Speaker 3 0.17 0.17 0.02 0.60 0.04
Speaker 4 0.10 0.13 0.03 0.06 0.68

Wooters Non-Speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-Speech 0.97 0.03 0.00 0.00 0.00

Speaker 1 0.12 0.68 0.07 0.08 0.05
Speaker 2 0.08 0.26 0.49 0.11 0.06
Speaker 3 0.13 0.10 0.08 0.65 0.04
Speaker 4 0.06 0.12 0.03 0.06 0.73

EDINBURGH MEETING

Audio Only Non-speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-speech 0.79 0.06 0.04 0.06 0.04

Speaker 1 0.11 0.77 0.03 0.02 0.04
Speaker 2 0.04 0.07 0.79 0.02 0.06
Speaker 3 0.01 0.02 0.02 0.87 0.06
Speaker 4 0.01 0.07 0.04 0.05 0.80

Wooters Non-speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-speech 0.89 0.05 0.01 0.02 0.03

Speaker 1 0.15 0.74 0.02 0.02 0.04
Speaker 2 0.04 0.07 0.79 0.02 0.05
Speaker 3 0.13 0.01 0.01 0.78 0.05
Speaker 4 0.09 0.08 0.04 0.05 0.72

NEWS BROADCAST

Audio Only Non-speech Speaker 1 Speaker 2 Speaker 3
Non-speech 0.89 0.04 0.04 0.03

Speaker 1 0.06 0.84 0.05 0.05
Speaker 2 0.08 0.06 0.71 0.15
Speaker 3 0.07 0.08 0.23 0.62

Wooters Non-speech Speaker 1 Speaker 2 Speaker 3
Non-speech 0.93 0.03 0.02 0.02

Speaker 1 0.02 0.88 0.07 0.03
Speaker 2 0.04 0.03 0.80 0.13
Speaker 3 0.02 0.03 0.28 0.67

Table 3.2: Speaker diarization results using only the audio modality. Rows contain ground truth,
while columns contain classification label.
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Task IDIAPA IDIAP B Edinburgh News
Face Detection 0.63 0.52 0.63 0.99

Face Recognition 0.99 0.94 0.99 1.00
False Detection 0.03 0.07 0.16 0.00

Background Recognition 0.99 0.95 0.99 1.00

Table 3.3: The video analysis accuracy on detection and classification

The video analysis results for each one of the camera’s used can be seen in Table 3.4.
The settings IA and EA correspond to the A setting for the IDIAP meeting room and
the Edinburgh meeting room respectively. Setting IB corresponds to the cameras in the B
setting of the IDIAP meeting room. The different columns of the table present the number
of visible faces on each camera throughout the stream, which was annotated manually,
the number of these faces detected by the Viola Jones face detector (TP) and the number
of background windows that were falsely detected (FP) as faces. Furthermore, the table
contains the accuracy in the assignments of the TP windows to the right person and
the accuracy of the recognition of the FP windows as background. Because of the high
resolution of the cameras, there is little difference in the face detection results among the
two settings.

Face Detection

The first thing to notice is that the actual percentage of frames where the number of faces
was estimated correctly in the meetings videos is much lower than the 90% assumed from
the model5 (section 3.6). This is because most of the meeting is spent on presentations,
and when the participants look directly at the slides they are visible from the side by
the camera. In the case of non-frontal views, both the face model and the correlation
measurement that are used as indicator of speaking activity are not robust. It follows that
the video information of these regions would produce descriptor vectors that are unreliably
classified from the proposed approach.

Therefore, the Viola-Jones face detector biases the diarization towards a more robust set
in terms of classification accuracy — the set of frontal-viewed faces. The detected faces are
classified with nearly-perfect accuracy. This is very important, since misclassification of a
face window will mislead the multimodal speaker diarization procedure. In figure 3.8 some
instances of the stream are illustrated, where the detected faces are drawn on the frames.
Both examples of false and true positives are presented and the detected window is drawn
with green if it was correctly classified (as the right person or as background) and in red
if it was not.

5this face detection accuracy is set empirically and reflects the expected accuracy in a novel recording
from unknown context
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Camera Visible Faces (VF) Detected Faces False Detections Faces Recognition Background Recognition
IA1 53085 19408 (35.29%) 143 19405 (99.98%) 143 (100%)
IA2 53105 38690 (72.85%) 1210 38690 (100%) 1209 (99.92%)
IA3 54110 41235 (72.61%) 311 41234 (99.76%) 311 (100%)
IA4 53998 36210 (67.06%) 3412 36210 (100%) 3388 (99.30%)
IB1 106190 52617 (49.55%) 2780 50109 (95.23%) 2594 (93.31%)
IB2 108108 60229 (55.71%) 6220 56776 (94.27%) 6003 (96.51%)
EA1 30000 21097 (70.60%) 84 21097 (100%) 84 (100%)
EA2 30000 7434 (24.81%) 8 7434 (100%) 4 (50%)
EA3 30000 15104 (99.39%) 14714 29818 (100%) 14714 (100%)
EA4 30000 18247 (60.94%) 36 18283 (100%) 28 (77.78%)

News 2104 2099 (99.76%) 2 2099 (100%) 2 (100%)

Table 3.4: Results of the classification of visual cues on both multi-modal settings. From left to right the columns contain the
number of faces appearing in each stream (VF), the number of these faces detected by the face detection software (True
Positives), the number of false detections (False Positives). The last two columns present the percentage of correct
detections that was classified as the right participant and the percentage of false positive windows that were classified
as background.



3
.8

E
X

P
E

R
IM

E
N

T
S

71

Figure 3.8: Visual analysis examples from the two video settings. The squares denote windows selected as faces by the face
detector. Green windows indicate correct classification from the framework, red windows indicate misclassification.
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Another interesting observation, regarding the face detection procedure, concerns camera
EA3. In that case, a door in the background is repeatedly detected as a face. The system
in this case correctly identifies these frames as background, but this condition could not
be replicated in one of the other data sets. In general, it might be necessary to filter out
windows with motion lower than some threshold as static background.

Comparison between IDI1 and IDI2

The comparison between the two different camera settings for the IDIAP meeting video
gives some interesting insights. Firstly, the setting incorporating two cameras detects less
faces. Camera B-1 corresponds to cameras A-1 and A-3, while camera B-2 corresponds
to A-2 and A-4. Furthermore, there are many more false positives coming out of the face
detector. This is because the faces are seen from greater distance, and therefore the face
detector needs to evaluate smaller windows than in setting A. The smaller the window
evaluated, the higher the probability that its integral image will be misclassified as a face.
For details, the interested reader is pointed to the work of Viola and Jones [127] that
introduced this face-detector.

News Video

In the news video, the face detection performs best. This is because people are looking
straight in the camera covering the largest part of the frame. Thus, they are easily de-
tected. What is more, there is very little background visible around them, most of which
is artificially generated and does not resemble a face structure. The cases of false detection
and missed face windows occur when special effects appear in front of the news anchor.

Conclusions

The face detection produced adequate results, which are dependent on the choice of pre-
processing method, i.e., here the Viola-Jones face detector [127]. The specific detector is
known to perform very well in frontal faces and ignore faces appearing rotated or seen
from the side. This performance is helpful for the proposed approach, since non-frontal
views do not produce reliable synchrony features under the proposed scheme. Moreover,
the classification accuracy of the detected faces is nearly perfect.

Even in the case of many false detections and undetected faces, however, the classification
accuracy achieved from the proposed scheme is very high. The mistakes occur in cases
where a face is lost temporarily, while a false positive window instantaneously appears in
the frame. In such cases the transition probability favours classifying this false positive
as the missing person. Further processing of the video modality can eliminate these false
positives.
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3.8.5 Experiment 3: Multimodal Speaker Diarization

The high accuracy in the visual analysis allows to integrate the speaker diarization infor-
mation of the joint audiovisual space efficiently. The overall speaker diarization accuracy
results for the multimodal approach are reported in table 3.5. The results for the multi-
modal approach clearly outperform the single modality analysis. This demonstrates that
the proposed fusion scheme is effective, since incorporating the video modality improved
the speaker diarization accuracy in all the scenarios.

Method IDIAP A IDIAP B Edinburgh News
Wooters et al. 70% 70% 76% 77%
Audio Only 67% 67% 80% 72%
Multimodal 84% 77% 89% 94%

Table 3.5: The overall speaker diarization accuracy achieved by different input modalities

Table 3.6 presents the results acquired under different settings for each one of the speakers.
The audio modality alone, is not able to distinguish very well between different speakers
and the addition of the other modalities improves the results for each speaker. Note that
in the multimodal approach, no speaker is favoured specifically, but speaker diarization
achieves a similar accuracy for all of them.

The multimodal approach beats the results of the method proposed by Wooters et al.
[132] in terms of speaker diarization in the experimental data. This was expected since
the video information is used as well. The final results of 84% and 89% beat the state-
of-the-art performance reported in the RT benchmark, which was 79% [50], under a much
more difficult objective: classifying windows with 40ms precision instead of 2.5 seconds.
Classifying 40 ms windows is harder but potentially much more valuable problem. High
precision classification is essential for automatic transcript generation and enhancement of
automatic speech recognition.

Furthermore, the method of Wooters et al. assumes a single speaker per window. On one
hand, since in a recording there are windows where multiple speakers vocalised together,
this windows cannot be classified correctly by Wooters’ method, leading to lower classifi-
cation accuracy. On the other hand, these windows are a very small part of the stream. A
model which considers all possible speaker combinations, such as the one proposed here,
has a much harder task in the other, major, part of the stream. There are exponentially
more labels to choose from for each time slice.

Significance of the results

The multimodal approaches produces higher speaker diarization accuracy results in com-
parison with the audio-modality of the proposed model and the approach proposed from
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Figure 3.9: A visual representation of the speaker diarization results under different models for
the IDIAP recording. On the top row,the audio-based results (left) and the results of
Wooters et al. (right) are plotted. On the bottom row the results using setting 1 (left)
and setting 2 (right) are plotted. Notice that the probabilistic modelling of speaker
diarization suggested in this work is robust to different speakers. Using the audio-
modality alone will inevitably focus the classification accuracy to the dominant parts
of the audio stream which here are the non-speech segments and speaker 1.
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MULTIMODAL SPEAKER DIARIZATION

IDIAP A Non-Speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-Speech 0.84 0.06 0.03 0.03 0.04

Speaker 1 0.02 0.82 0.01 0.07 0.08
Speaker 2 0.01 0.03 0.76 0.10 0.10
Speaker 3 0.01 0.08 0.07 0.77 0.08
Speaker 4 0.02 0.02 0.09 0.02 0.85

IDIAP B Non-Speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-Speech 0.88 0.05 0.01 0.05 0.01

Speaker 1 0.02 0.82 0.01 0.07 0.08
Speaker 2 0.11 0.06 0.68 0.14 0.01
Speaker 3 0.01 0.07 0.06 0.79 0.04
Speaker 4 0.06 0.04 0.16 0.09 0.64

Edinburgh Non-speech Speaker 1 Speaker 2 Speaker 3 Speaker 4
Non-speech 0.84 0.05 0.03 0.05 0.03

Speaker 1 0.08 0.84 0.03 0.02 0.03
Speaker 2 0.03 0.06 0.84 0.02 0.05
Speaker 3 0.01 0.02 0.02 0.91 0.04
Speaker 4 0.01 0.05 0.03 0.04 0.87

News Non-speech Speaker 1 Speaker 2 Speaker 3
Non-speech 0.96 0.00 0.00 0.04

Speaker 1 0.02 0.89 0.06 0.02
Speaker 2 0.02 0.04 0.91 0.03
Speaker 3 0.02 0.02 0.01 0.95

Table 3.6: Confusion matrix for multimodal speaker diarization results. Rows indicates ground
truth while column indicates classification label. A graphical representation of these
results is available at figure 3.9.

Wooters et al.. A t-test is performed to evaluate the statistical significance of this differ-
ence. The comparison between the proposed approach and the results of Wooters gives a
t-value of 6.0812, which means that the results are significantly different with a confidence
level of 99%, (α = 0.01). The results between the proposed model and the audio part alone
produce a t-value of 4.752 which implies statistical significance with a confidence level 98%
of (α = 0.02). Finally, the results of the proposed audio model and those acquired from the
method of Wooters give a t-value of 0.8866 which corresponds to no statistically significant
difference.
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3.9 Discussion

In figures 3.9 and 3.10, the speaker diarization results under different frameworks are
plotted. In these plots, there is one circle for each element of the confusion matrix with a
radius proportional to the corresponding element. A perfect classification has large circles
on the diagonal — non-diagonal circles represent misclassification. It is clear that the
principled probabilistic approach proposed in this chapter performs equally well over all
speakers. This is because a multi-modal approach can incorporate the video stream, where
all speakers are equally represented. The system, therefore, performs very well even for
speakers who vocalise little. In contrast, the audio-based analysis will inevitably focus
on dominant cases, which were the speaker 1 and the non-speech segments in the IDIAP
meeting and Speaker 3 and non-speech segments in the Edinburgh meeting.

Multispeaker parts of the stream are particularly interesting. In frame-precision annota-
tion, there are multiple frames where multiple people vocalise. These frames, are commonly
labelled as a single person in order to avoid searching in an exponential space of labels. In
this thesis, they are treated as multispeaker segments and they are accounted as a correct
classification only in case the corresponding multispeaker label is selected. In table 3.7 the
results for the two meetings are summarised.

Multispeaker frames Audio Accuracy Multimodal Accuracy
IDIAP A 5.24 % 35% 94%
IDIAP B 5.24 % 35% 37%

Edinburgh 5.03% 22% 81%

Table 3.7: Speaker diarization for the multispeaker parts

The multimodal results show great promise for speaker diarization, and consequently
speech separation, in situations with multiple speakers. A more accurate synchrony detec-
tion method can improve speaker diarization in these parts even further and in chapter 4
a probabilistic model is proposed for this task.

Notice here that when four speakers are detected, there is no other choice but all the
participants speaking. Thus, when four speakers are detected in the preprocessing step,
all versions of the model classify the corresponding time slices correctly.

3.10 Conclusions

This chapter presented a probabilistic framework to perform probabilistic multimodal
speaker diarization. The major contributions of the proposed model are the following:
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Figure 3.10: A visual representation of the speaker diarization results under different models for the Edinburgh and news record-
ings. On the top row,the Edinburgh recording results are plotted, from left to right the audio part of the proposed
model, Wooters et al. and the multimodal approach. On the bottom row and in the same sequence the news recording
results are plotted. Using the audio-modality alone will inevitably focus the classification accuracy to the dominant
parts of the audio stream which here are the non-speech segments and speaker 1.
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1. The model incorporates all the available sources of information, i.e., audio, video and
the joint audiovisual space, and outperforms the current state-of-the-art in single
modality analysis.

2. The proposed framework relaxes the assumptions about the position of the recording
equipment. Multiple microphones can be merged to one channel, while multiple
camera views can be incorporated, as long as the same person does not appear twice.

3. The Bayesian nature of the model incorporates the temporal aspect of the data
and performs speaker segmentation and clustering in parallel directly on the test
recording.

4. The parts of the stream in which two or more persons speak simultaneously are
treated in a principled probabilistic framework. This allows both to detect the correct
speaker(s) and to avoid using such parts to learn a single speaker’s model.

The framework is robust and it provides high accuracy speaker diarization results in a
variety of scenarios and camera settings. The proposed fusion method proves very efficient,
since incorporating the video modality improves the results on all the recordings. Moreover,
the proposed approach is based on a fully probabilistic framework which allows intuitive
incorporation of further modalities, features or prior knowledge.

In terms of the features proposed here, we do not claim optimality in speaker diarization ac-
curacy. Different feature choices and different voice and appearance models could improve
the results significantly. However, provided that single modality analysis discovers high
quality features for speaker diarization, such as lip-reading or motion detection features,
we claim that they can be incorporated intuitively under the proposed model. The only
prerequisite is to be able to find a suitable probability distribution, over the features of
that source, conditioned on the identity of the speaker. In the long run, the state-of-the-art
single-modality tools for a specific context can be combined to produce optimal speaker
diarization results.

In terms of prior knowledge, consider, for example, that the framework proposed here
assumes the number of speakers to be known, in contrast to the audio-based approaches
submitted to RT evaluations. The method of Wooters et al. can be used to detect the
number of speakers before applying the model proposed in this chapter. Alternatively,
it is possible to extend the proposed framework in a straightforward manner to detect
the number of speakers automatically, by including a prior over this number using e.g. a
Dirichlet Process. In that case, no thresholding would be needed, as it is the case with the
approach of Wooters et al..


