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ABSTRACT

The problem of clustering speakers by their voices is ad-
dressed. With the mushrooming of available speech data
from television broadcasts to voice mail, automatic systems
for archive retrieval, organizing and labeling by speaker are
necessary. Clustering conversations by speaker is a solu-
tion to all three of the above tasks. Another application
for speaker clustering is to group utterances together for
speaker adaptation in speech recognition. Metrics based on
purity and completeness of clusters are introduced. Next
our approach to speaker clustering is described and finally
experimental results on a subset of the Switchboard corpus
are presented.

1. INTRODUCTION

Given the rapid increase in the volume of computer-
available recorded speech, for example, television and radio
broadcasts, recordings of meetings and voice-mail, a grow-
ing need for automatic processing of such data exists. In
this paper, the problem of organizing such audio data au-
tomatically by speaker is addressed. Applications include
retrieving all conversations from a targeted speaker or la-
beling all conversations by speaker without having to listen
to all of them. If, for example, 1000 conversations are parti-
tioned into 20 clusters perfectly, then at most 20 utterances
need to be searched to find all speech from a target of in-
terest and only 20 utterances need to be labeled in order to
have all 1000 conversations labeled. Another application
of speaker clustering is speech recognition. Given more
speaker specific training speech, performance of speaker
adaptation methods improve.

The paper is organized into three main sections. Metrics for
evaluating partitions are proposed along with a discussion
of how to interpret clustering results. The second section
describes our approach to clustering speakers. Finally, re-
sults are presented on a subset of the Switchboard corpus.
Throughout, it is assumed that each speech message to be
clustered contains speech from a single speaker.

2. CLUSTER EVALUATION

In order to do meaningful research on clustering algorithms,
we need a method of scoring the quality of a partition.
There are many ways of doing this, some more ad hoc

than others. We want the scoring method to assign a good
score to a perfect partition, and low scores to (for example)
the partition that put each utterance in a separate cluster,
or the partition that put all utterances in a single cluster.
There should be a penalty for putting together utterances
from different speakers, and also for not putting together
utterances from the same speaker.

First, some definitions: Let n;; be the number of utterances
in cluster i that were spoken by speaker j. Let N, be the
total number of speakers, N, the number of clusters, and
let N, be the total number of utterances. Furthermore,
let n; = Efi‘l n;; be the total number of utterances from
speaker j and let n;. = Z;‘;’l n,; be the size of cluster i.

Rand Index

One method of scoring a partition is the Rand Index [1].
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In words, this is the number of utterance pairs that are
from the same speaker and are not in the same cluster, or
that are in the same cluster but are from different speakers.
Note that smaller Igqnq is better.

BBN Metric

Another measure is one that we are calling the BBN Metric.
n2
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where Q) is a user-specified parameter. Larger Igpn is bet-
ter. The parameter @ represents how badly the user prefers
a few large clusters over the risk of merging things that don't
really belong together.

Labeling Problem

The Ippn metrics represents the value of a clustering in
the following situation. Suppose that we have a large set of
utterances, and we want to label them according to speaker
identity or some quality that is connected to identity. We
can have someone listen to an utterance and label it, but
this is expensive. So a reasonable alternative is the follow-
ing:



1. Cluster the utterances on speaker ID somehow.

2. Select one utterance at random from each cluster
3. Have the labeling person label that utterance
4

. Apply the same label to every other utterance in that
cluster.

Then we could give a value V. for each correctly labeled
utterance, no points for incorrectly labeled utterances, and
charge C; for each utterance that the label person had to
listen to.

Under these assumptions, one can show that the value of
labeling the utterance set is (proportional to) Ipsn, with
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Cluster Purity

We can define both Ir.ns and Igsn in terms of a quantity
called cluster purity. In doing this, we will see how similar
Irand and Igppn are. The purity of cluster i is
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Purity is a quantity which describes to what extent all ut-
terances in the cluster came from the same speaker. If all
utterances from a cluster are from the same speaker, then
p: = 1. If most but not all are from one speaker, then the
purity will be close to 1. If, many different speakers are in
the cluster, then the purity will be tiny. For example, if
the utterances are cvenly divided between k bycal\cno, the

purity is 1/k.
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Ippn = Z'ni-l’i -Q-N. (4)
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Note that the last term in (5) does not depend on the par-
tition, and so can be ignored for purposes of analyzing a
clustering.
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Meaning of Puriy

If two utterances are picked at random from cluster i,
with replacement, then the purity p; is the probabiiity that
they both came from the same speaker. To see this, note
that with probability n:; /ni. the first utterance came from
speaker 1. The probability that they both came from speaker
i is (nij/ni.)®. Now if they came from the same speaker,
then they both came from speaker 1 or both from speaker
2, etc. Note that all these events are exclusive, and so we
can sum them to get the probability of same speaker:
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Large Pure Clusters are Better

‘We would like to demonstrate that both Igsng and Ipgn

give better scores to partitions having large pure clusters
than ones with small impure clusters. First, if the partition
is altered by merging two clusters, and the original clus-
ters have the same purity as the new cluster, then Iggn
increases by Q. If two pure clusters containing utterances
from different speakers are merged, the score will decrease
by 2n;. — 2Q — (n;. — Q) = n;. — Q since before the merge
the clusters have p; = 1 and after the merge the purity
is pi = 1/2. The parameter Q represents how much large
clusters are preferred at the expense of reduced purity.

With the Rand index, merging two pure clusters of size n
into a cluster with purity p = 1/2 makes the index worse by
n?, while metging them into a pure cluster makes the index
better by n?. Recall that “better” means smaller for Trang
and larger for Ipsn.

Both indices, therefore behave in a way that reflects our
intuitive idea of what makes a good partition.

3. CLUSTERING

We do clustering in three stages. The first stage is to com-
pute some distance-like measure between each pair of ut-
terances. The second stage is to create a tree of clusters or

“dondrooram” ‘1" atartine with each utterance in its own
aendrogram starting witlh each utierance 1 1is own

cluster and recurs-_vely merging clusters according to some
distance-related criterion. A variation on this is to start
with all utterances in a single cluster and recursively split
the clusters somehow. This gives a sequence of different
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partitions, a process we call dendrogram cutting.

Distance matrices

We start by modeling utterances/speakers with techniques
very similar to those used in speech recognition. The speech
signal is converted to frames of cepstra and difference cep-
stra, using overlapping windows, mel-warping and all of the
other frills. Then the sequence of frames is modeled with

a mixture of diagonal-covariance gaussians. The model is
trained using EM.

Then the “distance” between two utterances is taken to
be some symmetric expression involving the likelihood of
utterances with respect to models. There are several possi-
bilities. One is the generalized likelihood ratio test:

L(uo| M (uo))l(u1|M (u1))
I(uo1| M (uor))
where [(u|m) denotes the likelihood of the utterance u with
respect to the model m, M(u) denotes the model trained
{using EM) from the utterance data u and uo; denotes the
data set made by concatenating uo and u;. The denomina-
tor term in (7) is the likelihood of combined data with re-
spect to a combined model. If the two utterances were very
different, then the combined model will be rather spread-
out, and will give low probability to all utterances, and

therefore dgrr will be large.

(7)
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Another distance mechanism is cross entropy, which is a sort
of symmetrized version of the Kullback-Liebler information
distance:

1(uo| M (uo))
L(uo| M (u1))

w1 |M (1))

dce(uo,u1) = log [(u1| M (uo)) ®)

This uses the fact that we expect an utterance to have large
likelihood with respect to its own model and small likeli-
hood with respect to a different model.

Some things to notice are: dgrr requires that a model be
trained for each pair of utterances, making it rather expen-
sive unless the models can be quickly trained. Cross-entropy
distance only requires that one model be trained for each
utterance. Both distances require the same amount of work
to compute likelihoods.

Agglomerative Dendrogram Construction

The algorithm is to pick the closest pair of clusters accord-
ing to the distance matrix, and merge them. This step is
repeated until there is only one cluster.

Cluster Distances

The distance matrix only gives the distance between pairs of
single utterances, so some method is required to construct
a distance between clusters from distances between single
utterances. There are several possibilities, all ad hoc:

Minimum pair/single linkage Pick the smallest dis-
tance between an utterance in one cluster and one in
the other cluster. This has the un-distance-like prop-
erty that if two clusters have a very close pair of points,
the cluster distance is tiny no matter how different the
clusters are otherwise. This has not worked well for us.

Maximum pair/complete linkage Pick the largest dis-
tance from a between-clusters pair of utterances. This
has the un-distance-like property that the distance be-
tween a cluster and itself is nonzero unless all of its
points are identical. Still, it works well for clustering.

Average pair/linkage This is the mean of all the utter-
ance distances. It acts quite similar to the maximum
pair distance.

It is not known whether the non-distance-like properties of
these cluster distances reduces their performance for clus-
tering. Very little is known about what qualities make a
cluster distance good for clustering.

Reestimation

Another method for computing a distance between clusters
is Reestimation. Instead of trying to construct a cluster dis-
tance from many utterance distance, this simply concate-
nates all the utterance data within each cluster into one
long utterance and trains a model for the new larger data
set. Then dgLr or dce is computed just as if the cluster
was a single utterance.

This works well, but is CPU-intensive unless model training
is very fast. A great many models have to be trained, some
on very large amounts of data.

Dendrogram Cutting

If we knew the purity and size of each cluster in a partition,
we could compute the score of the partition. If we could do
this for each cut/stage in the dendrogram, then we could
select a single partition as the one having the best score.

We always know the size of each cluster in a partition, but
to know its purity requires knowing the true speaker of each
utterance. So we try to somehow estimate the purity.

Purity estimation can potentially be used for other cluster-
ing purposes as well. For example, refining a partition by
greedy reassignment, i.e. examining each move of an ut-
terance from one cluster to another, and making the trans-
fers that increase Ippn rather than clustering based on the
GLR or CE distances, Cluster purity estimates may be in-
teresting in and of themselves for giving a user some idea
of whether a partition is any good.

Multi-level Dendrogram Cutting

Another way to use the purity estimator is in allowing more
flexible cutting of the dendrograms. Sometimes an utter-
ance set may consist of two or more groups whose statis-
tical properties are different, for example, males might be
more similar to other males than females to other females.
In that case, when the dendrogram was being created, the
males would cluster before the females, the best horizontal
cut of the tree would be too late for the males and too early
for the females.

A way to fix this is to first cut the tree at a point that gives
only a few clusters, say 5 or 10. Each cluster corresponds to
a subtree of the dendrogram. Then each subtree can have its
own estimated score curve computed for it. A subtree cut
can be found for each subtree that maximizes the subtree
estimated score. Then the final partition is the union of the
subtree partitions.

This is guaranteed to improve the estimated score over a
single horizontal cut. It is not guaranteed to improve the
true score, but in tests, some improvement was found.

Nearest Neighbor Purity Estimator

We do this in two stages. First we make an “utterance
purity” for each utterance, and then average the utterance
purities over all the utterances in a cluster to get the cluster
purity. The utterance purity of a single utterance k& with
respect to the cluster it belongs to (cluster ¢) in the following
way:

1. Sort all utterances in increasing order of their distance

to utterance k.

2. Take the nearest n;. utterances and count the number
of them that belong to the cluster . Call this ncu,.

3. Define pi to be the fraction of the first n;. near neigh-
bors that are in cluster i: pr = neus/ni.

Now the estimated purity of the cluster is

P$=nli_ > e (9)
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Theoretical Justification

This estimator gives the correct purity if the (true) clus-
ters are well-enough separated. Specifically, every utterance
must be closer to any utterance from the same speaker than
to any utterance from a different speaker. In that case, the
nearest n.; utterances are from speaker j, for all utterances
from speaker j. Recall that the cluster i contains n;; utter-
ances from speaker j. This is the number of near utterances
that are in the cluster. Note that n; < n;. So the point

purity for utterance k is

pr =22 (10)

n;.
Averaging this over the cluster gives
L R
— k
n. Lu F

kecluster

1 e
= - nij Pk
n;. L J
J
i nij
= —-2 n;; —
. . .

J

= pi (11)

X
It

Systematic errors

If the true clusters are not well-enough separated, then this
estimator can give a purity less than the true purity.

RESULTS

In this section we describe one clustering experiment and
display some aspects of the results. The utterance set con-
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tained 60 l-minute utterances, 3 each from 20 speakers.

Half of the speakers were male, the other half female. They
were taken from the Switchboard corpus. For each speaker,
2 utterances were on one channel, and the third was on a
different channel.

Data vectors were created from 20 msec frames with 10 msec

overlap. Data vectors had 38 elements, 19 cepstra and 19
difference cepstra. Models were GMMs with 128 diagonal

covariance terms, trained with 3 iterations of EM.

The distance matrix was the GLR. distance, reestimating
models after each merge.

Figure 1 shows the value of Ippx at each stage in the den-
drogram, with @ = 1/2. The two curves denote the true
score, calculated using true purity, and the estimated score,
calculated using the nearest neighbor purity estimator. It
can be seen that at the many-clusters end of the dendro-
gram, the estimated score is quite close to the true score,
but at the few-clusters end, it is completely in error. This
is typical.

Table 1 displays the actual clusters obtained by cutting the
dendrogram at the stage having the best estimated score.
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cut was better, but a user would have no way to know this.
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Figure 1. True and estimated clustering performance as
measured by the BBN metric (Q=1/2). The estimated pu-
rity has a local peak at"29 clusters.
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Table 1. Utterance set partition generated by generalized
likelihood ratio and reestimation. The dendrogram was cut
at the max-estimate score stage.

Each speaker is denoted by a letter of the alphabet, from
A to T. Utterances from the first channel are denoted by
capitol letters, and the second channel by lowercase letters.
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5. CONCLUSION

Summarizing and indexing recorded speech by speaker,
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sion of such data. An approach to clustering speakers by
their voices was outlined. We described the metrics used
for evaluating our performance and showed results of an
experiment on Switchboard data. Cluster purity estimates

are a kev comnonent of determining rsood clusters with the
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metrics and systems presented.
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