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Abstract

In this paper, we present the Normalized Cross Likelihood
Ratio (NCLR) and the advantages of using it in a speaker
diarization system. First, the NCLR is used as a dissimilarity
measure between two Gaussian speaker models in the speaker
change detection step and its contribution to the performance
of speaker change detection is compared with those of BIC
and Hostelling’s T’-Statistic measures. Then, the NCLR
measure is modified to deal with multi-gaussian adapted
models in the cluster recombination step. This step ends the
step-by-step speaker diarization process after the BIC-based
hierarchical clustering and the Viterbi re-segmentation steps.
By comparing the NCLR measure with the CLR (Cross
Likelihood Ratio) one, more than 30% of relative diarization
error is reduced in ESTER evaluation data.

Index Terms: speaker diarization, speaker change detection,
cluster recombination, NCLR.

1. Introduction

Many applications in speech processing domain (like
automatic speech transcription, spoken document retrieval ...)
need speaker diarization to partition and classify an audio
document into homogeneous segments according to speakers.
In speaker diarization, it has been assumed that no a priori
information knowledge about speakers (like number of
speakers, reference data or model of speakers...) is available.

Almost recent speaker diarization systems have a general
architecture called multistage [1] or step-by-step speaker
diarization [2]. Such a system contains the following steps:

- Speech activity detection: an audio stream may consist of
some acoustic activities like speech, noise, music, background
conversation, advertisement. Therefore, non-speech regions
must be detected and removed from the audio stream.

- Speaker change detection: inside every speech region, a
speaker change (or speaker turn) detector is used to find
points in the audio stream which are candidates for speaker
change points. To do this, a distance is computed between
two Gaussian modeling data of two adjacent given-length
windows. By sliding both windows on the whole audio
stream, a distance curve is obtained. A peak in this curve is
thus considered as a speaker change point if its distance value
is higher than a predefined threshold.

- Segment recombination: too many speaker turn points
detected during the previous step results in a lot of false
alarms. A segment recombination using BIC is needed to
recombine adjacent segments uttered by the same speaker.
The BIC threshold value must be tuned on a development
corpus in order to reduce the number of false alarms without
increasing the number of new missed detection errors [3].

- Speaker clustering: in this step, speech segments of the
same speaker are clustered. Top-down clustering techniques
[2] or bottom-up hierarchical clustering techniques [1, 2]
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using BIC can be used.

- Viterbi re-segmentation: the previous clustering step
provides enough data for every speaker to estimate multi-
gaussian speaker models. These models are used by a Viterbi
algorithm to refine the boundaries between speakers.

To perform speaker diarization, several of these steps
apply dissimilarity measures between Gaussian or multi-
gaussian speaker models. In this paper, we present the use of
Normalized Cross Likelihood Ratio distance measure in
SELORIA! Speaker Diarization system. Section 2 introduces
the dissimilarity measures compared in our study: first, some
well-known distance metrics between two Gaussian models
such as KL2, Hostelling’s 7°-Statistic, BIC and then NCLR
measures. The NCLR measure between two adapted speaker
models obtained from Universal Background Model are also
proposed in section 2. Section 3 presents the architecture of
SELORIA diarization system. The experimental results are
shown in section 4. Section 5 concludes the work and gives
some future perspectives.

2. Dissimilarity measures between two
speaker models

2.1. Some distance metrics

The symmetric Kullback-Leibler distance (KL2) was firstly
used in speaker segmentation by M. Siegler [4]. If two audio
segments X; and X; are modeled by two Gaussian models M;
and M;, then the KL2 distance between these segments can be
calculated as:

1 R 1 ;
KI2=— (- 1) E W~ 1) 0, 'S, +X'%, 20 (1)

Another distance named Hostelling 7°-statistic distance (or 7°
distance) was also used in [5]. In this distance metric, we
assume that the covariances of two Gaussian models are equal
but unknown. Thus the difference between two models is:

2 N, G, =) 27 Gy — e 2
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where N;, N; are the number of frames of speech data X;, X;.
When the audio segment is short (<5s), R. Huang has said
that the KL2 distance work incorrectly because of insufficient
data in the estimation of the covariance. The T° distance can
overcome this problem because, under the equal covariance
assumption, it uses more data to estimate the covariance and
reduce the impact of insufficient data in the estimation [5]. If
audio segments are longer (>5s), other distances based on
likelihood ratio such as BIC and NCLR may work better.

2.2. Bayesian Information Criterion

Bayesian Information Criterion (BIC) is a model selection
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criterion which maximizes the log-likelihood penalized by the
complexity of the model [6]. Let X = (x|, x,... x,) be audio
data, N, be the size in frame of X and M be the desired
parametric model, the BIC criterion is defined as:

3

where log L(XIM) is the log-likelihood function of data X and
its model, 4 is the penalty weight (theorically, A=1), P is the
model perplexity or number of independent parameters of M.
To calculate the BIC-based distance between two audio
segments or clusters X; and X, two hypotheses are tested [7]:

- Hy: both X; and X; are modeled by the same model M.

- H;: X; and X; are modeled by 2 different models M; and M;.
Let X = X;X; be the merged data of X; and X;. Let N;, N;, N be
the frame sizes of X;, X; and X, respectively. By applying the
model selection problem described above to test Hy and Hj,
we have:

BIC(M)=log L(X|M)— ﬂ%Plog(NX)

BIC(M) =log L(X|M)—/1%Plog(N) 4

BIQM,,M ) =logL(X |M,)+logL(X |M ) —/1% 2P)log®) (5)

and the BIC score is: ABIC = BIC(M,.,M,.)—BIC(M) =

%[N log(=) — N, log(=,)) - N, 1og(|z_, |)]— A%ng(N) (©6)

where [Z], [Z], [ZI are the determinants of covariance matrices
for models M;, M;, M, respectively.

In fact, the BIC-based distance can be applied both during
the speaker segmentation and the speaker clustering steps in a
speaker diarization system.

2.3. Normalized Cross Likelihood Ratio (NCLR)

2.3.1. NCLR between two Gaussian speaker models

Normalized Cross Likelihood Ratio was firstly presented as a
distance measure between two speaker models by D.
Reynolds [8]. It was used to select a background speaker in a
speaker identification and verification system. Given two
speaker models M; and M;, the NCLR distance is defined as:
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We note that the cross likelihood ratio
L(X,.|Mj.)

measures

how well speaker model M; scores with speaker data X;
relative to how well speaker model M; scores with its own
data X; [8]. In equation (7), each log-likelihood value is
normalized by the amount of corresponding data.

2.3.2.  NCLR between two adapted GMM models

As we know, speaker model adaptation techniques could
be applied to speaker diarization. In this case, a Universal
Background Model (UBM) is firstly trained with a huge
amount of audio data according to the gender (male, female)
and the channel condition (studio, telephone) [9]. Then,
speaker models were derived by adapting the UBM model’s
parameters with speaker speech data. The adaptation method
usually used is the MAP (Maximum A Posteriori) adaptation
[10]. Comparing to the previous dissimilarity measures, the
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log-likelihood function log L(XIM) of data X given the model
M must be replaced by the log-likelihood ratio function
(called LLR) because speaker model M" is derived or adapted
from the UBM model. Log-likelihood ratio is defined as [8]:
LLR(X, M") = log L(XIM") - log L(XIUBM) (®)

where L(XIM") is likelihood of data X given the adapted
model M" and L(XIUBM) is likelihood of data X given the
UBM model.

By using Cross Likelihood Ratio (CLR) distance measure,
C. Barras applied a speaker model adaptation in an extra step
for speaker clustering (called speaker recombination) [1]. The
CLR measure was firstly used in [11] to compute the distance
between two adapted speaker models and it was defined as:

o {L(&-IMT)J | {L(X;IM?)J
CLRM; M) =—1logd ————— |+—Ilog ————— | (9)
7N, L(X|UBM) | N, L(X ,|[UBM)

where M, Mf,- are adapted speaker models for speaker i and
speaker j, respectively.

In our work, we have extended the NCLR distance
measure presented in equation (7) to adapted speaker model
case. Indeed, by replacing the log-likelihood for Gaussian
speaker model log L(X IM) in equation (7) with the log-
likelihood ratio function for adapted speaker models LLR(X,
M*), we have:

NCLR(M[,M ") =NL[LLR(XI.,M;*)— LLR(X .M )]
1 .
+V[LLR(X}.,M],)—LLR(X],,M,. )] 10y
J
By applying equation (8), we get:
LLR(X,.M;)~LLR(X,.M ) =log L(X [M,) ~log L(X [UBM)

log L(X |M ;) +log L(X |UBM ) =1 L X"|Mj) 11
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Similarly, we have:
. . L(X ,|M )
LLR(X ;M )~ LLR(X M) =log—-——  (12)
L(Xj|MI.)

Finally, by applying (11) and (12) to (10), the NCLR distance
between two adapted speaker models is calculated as follows:

Lo L M) 1 LM
NCLR(M;,M ;) =—TIog "+ log /
NoUTLX M) N, LK M)

J

(13)

In the cluster recombination experiments, we will compare the
performance of CLR- and NCLR-based clustering method in
the French ESTER data.

3. SELORIA Diarization System

The architecture of SELORIA, shown in Figure 1, is similar
to the general architecture introduced in section 1 except the
two following main modifications.

Firstly, we don’t use any speech activity detection to pre-
segment the audio stream into speech and non-speech (noise,
music, advertisement...) regions.

Secondly, after the Viterbi re-segmentation and
refinement process, we apply a second speaker clustering step
(called cluster recombination) using adapted speaker models.
This step is similar to the Speaker Identification Clustering
step using the CLR distance measure presented in [1]. But
instead of the CLR measure, we investigate the NCLR
measure as presented in section 2.3.2. Both the CLR and the
NCLR measure work on adapted speaker models based on



UBM models with 128 diagonal Gaussians.

Briefly, the other distinctive features of SELORIA
modules are:
- Speaker Change Detection: our speaker change detector
was based on 7%, NCLR and BIC dissimilarity measures
between two Gaussian models.

Audio stream

| Speaker change detection |

)

| Segment recombination |

!}

| Hierarchical Speaker Clustering |

!}

| Viterbi re-segmentation |

v

| Cluster recombination using UBM |

!

Speaker labeled segments

Figure 1: SELORIA System architecture

- Both Segment recombination and hierarchical speaker
clustering are based on BIC measure.

- Viterbi  re-segmentation and cluster recombination
modules. We used and adapted the mClust toolkit developed
by the LIUM Laboratory, France [12]. The Viberbi decoding
tool works with GMM models trained by EM to refine
boundaries between speaker’s segments. For cluster
recombination, speaker models are adapted from a UBM
model with 128 diagonal Gaussians built by merging 4 gender
and bandwidth dependent GMMs. We modified the CLR-
based cluster recombination module of the mClust toolkit to
work with our NCLR-based clustering method.

4. Experiments

4.1. Experimental Framework

4.1.1. Database

The SELORIA diarization system was evaluated on the
speaker diarization task of the Evaluation Campaign for the
Rich Transcription of French Broadcast News (ESTER) [13].
This campaign covered three categories of tasks: transcription
(T), segmentation (S) and information extraction (E). We
focused on speaker diarization (SRL) task in category S.

We used as development corpus, called ESTER-Dev, 4
hours of French radio broadcast news extracted from ESTER
training corpus.

The test corpus, called ESTER-Eval, is composed of 10
hours of radio broadcast news shows.

4.1.2.  Performance evaluation measures

Both speaker change detection and speaker diarization
performance measures are evaluated in our work. Firstly, for
speaker change detection, 3 performance measures are used:
Recall (RCL), Precision (PRC) and F-measure (F). These
measures are defined as:

RCL = #of correct detected speaker changes

(14)
#of speaker changes
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PRC = #of correct detected speaker changes

15
# of detected speaker changes (15

Fe 2xPRCxRCL
PRC+RCL

As no speech activity detector was used in our system, we
compute speaker diarization error (SER) instead of overall
diarization error (DER) which is expressed in terms of miss
speech, false alarm and SER. The speaker diarization error is
defined as:

(16)

SER = #of frames incorrectly speaker - labeled

a7
#of speech frames

4.2. Experimental Results

4.2.1. Speaker change detection evaluation

These experiments were conducted in the framework of the
STORECO project whose aim is to detect speaker changes in
order to help captioning of TV shows and movies. In this
context, we were mainly interested in well detecting speaker
changes and not necessarily in determining the number of
different speakers or in attributing each speech segment to the
good speaker. This is the reason why we especially focused
on speaker change detection evaluation. Moreover, we wanted
to know if using only the two first steps of SELORIA system
achieves sufficient performance. Therefore, the recall,
precision and F-measure were evaluated after the segment
recombination and after the Viterbi re-segmentation steps.

Before this evaluation, we tuned some parameters on the
ESTER-Dev development corpus. Optimal values of minimal
segment duration for speaker change detection are 2s, 2.5s
and 3s for 7°, BIC and NCLR-based method, respectively.
Moreover, full covariance matrices work better than diagonal
ones. Finally, the threshold A for the BIC-based segment
recombination procedure is set at 2.5.

Table 1 shows speaker change detection (SCD) results
after the segment recombination module on both ESTER-Dev
and ESTER-Eval corpora. It is clear that BIC- and NCLR-
based speaker change detection results are similar: NCLR
works slightly better than BIC on ESTER-Dev corpus but it is
overcome by BIC on ESTER-Eval corpus.

SCD Method ESTER-Dev ESTER-Eval
%RCL | %PRC | %F | %RCL | %PRC %F
T 55.39 | 51.78 | 51.55 | 49.65 | 59.81 | 53.51
BIC 59.32 | 5897 | 57.99 | 53.73 | 67.82 | 59.13
NCLR 58.19 | 61.57 | 58.85 | 51.18 | 66.96 | 57.36

Table 1: Speaker change detection measures evaluated
after the segment recombination step

Table 2 shows the same evaluation after the Viterbi decoding
step on the ESTER-Eval corpus. The results show that
speaker clustering and Viterbi re-segmentation steps
significantly improve speaker change detection. Besides,
using NCLR measure in the speaker change detector gives
better performance than BIC and 7°.

SCD Method ESTER-Eval
%RCL %PRC %F

i 61.13 77.46 67.46

BIC 62.13 77.20 68.29

NCLR 63.76 78.56 69.87

Table 2: Speaker change detection measures evaluated
after the Viterbi decoding step




4.2.2.  Speaker diarization error (SER)

We note that the SER evaluated after the Viterbi decoding
step on the ESTER-Eval corpus are 17.0. In order to
demonstrate the advantage of the cluster recombination step,
we computed the SER achieved by the whole system. The
influence of the CLR- and NCLR-based methods in this
cluster recombination step was also evaluated.

As presented in figure 2, the optimal thresholds for CLR-
and NCLR-based methods which were separately fixed on
ESTER-Dev corpus are equal to 1.5 and 3.8, respectively.

CLR-Threshold

10 11 1213 14 15 16 1,7 1,8 1,9 20 21 22 23 24 25
16 + + + + + + + + + + + + —th +

3,0 3,1 32 33 34 35 36 3,7 3,8 39 40 4,1 42 43 44 45
NCLR-Threshold

Figure 2: Speaker diarization error of CLR-based and NCLR-
based cluster recombination on the ESTER-Dev corpus as a
function of CLR and NCLR thresholds

We then applied these optimal thresholds to evaluate the
speaker diarization error obtained by both CLR- and NCLR-
based methods on the ESTER-Eval corpus. The SER is
reduced from 10.8% with CLR-based method to 7.3% with
NCLR-based method. Although the optimal thresholds were
fixed on ESTER-Dev corpus, the results (SER) from changing
CLR and NCLR thresholds on the ESTER-Eval corpus are
also illustrated in figure 3.

CLR-Threshold
1,0 1,1 1,2 1,3 1,4 1,5 16 1,7 1,8 1,9 20 2,1 22 23 24 25

—&—NCLR

—&—CLR

3,0 3,1 32 33 34 35 36 3,7 3,8 39 40 41 42 43 44 45
NCLR-Threshold

Figure 3: Performance of different methods of cluster
recombination on ESTER-Eval corpus

5. Conclusions

In summary, we have presented in this paper the advantages
of using the Normalized Cross Likelihood Ratio (NCLR) in a
speaker diarization system. On the one hand, using NCLR as
a dissimilarity measure between two Gaussian speaker models
in speaker change detection achieves better performance than
using BIC or 7°. On the other hand, NCLR-based method
performs better than CLR-based method in the final cluster
recombination step using multi-gaussian adapted speaker
models. An improvement of 32.4% is achieved for the SER
computed on the ESTER-Eval corpus of the Evaluation
Campaign for the Rich Transcription of French Broadcast
News. In addition, the SELORIA system achieved a better
SER (7.3%) than the best SER obtained in the ESTER
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Campaign (9.8%) [13].

In the future, we will investigate the use of NCLR
measure in other steps of speaker diarization such as segment
recombination or hierarchical cluster clustering.
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