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ABSTRA CT

Recert work in phonetic speaker recognition has shown
that modeling phone sequencesusing n-grams is a viable
and e®ective approach to speaker recognition, primarily
aiming at capturing speaker-dependert pronunciation and
also word usage. This paper describes a method involving
binary-tree-structured statistical models for extending the
phonetic context beyond that of standard n-grams (particu-
larly bigrams) by exploiting statistical dependencieswithin
a longer sequencewindow without exponertially increasing
the model complexity, as is the casewith n-grams. Two
ways of dealing with data sparsity are also studied; namely,
model adaptation and a recursive bottom-up smoothing
of symbol distributions. Results obtained under a variety
of experimental conditions using the NIST 2001 Speaker
Recognition Extended Data Task indicate consistert im-
provemerts in equal-error rate performance as compared to
standard bigram models. The described approach con rms
the relevance of long phonetic context in phonetic speaker
recognition and represens an intermediate stage between
short phone context and word-level modeling without the
need for any lexical knowledge, which suggestsits language
independence.

1. INTR ODUCTION

In recent years, the researd area of automatic speaker
recognition has seen an increased interest in utilizing
sourcesof high-level speaker discriminativ e information in
order to complement widely and successfully used frame-
by-frame approachesexploiting only short-time acoustic in-
formation from the speed signal. Motiv ated by the work
of Doddington [3] on modeling idiolectal di®erencesamong
speakers by means of word n-grams, Andrews et al. [1] in-
vestigated n-gram modeling of phonetic units in sequences
automatically obtained from multiple phone recognizersfor
speaker veri cation. The results of this work indicate that
such models e®ectiwely capture speaker characteristics com-
plementary to the short-time acoustic information that re-
late particularly to speaker-speci ¢ pronunciation of words
aswell asword idiolect. Due to the fact that the phonerec-
ognizers do not apply any constraints on the seard space
during decading (such as grammars or pronunciation base-
forms), pronunciation di®erencespropagate through the de-
coder and are re°ected in variations of phonesand their or-
dering. Viewed statistically , for example in terms of n-gram
probabilities, these variations can be obsered as varying
statistical dependencies between phone tokens in the se-
guence and o®erthemselves for speaker-dependert model-
ing. Performance preserted in [1] suggestthat the depen-
denciesindeed carry a substantial speaker-dependert com-
ponert.

Phonetic speaker modeling using n-grams, however,

comes with a burden: in order to capture dependencies
within a reasonably long time window, the model order
needsto be chosen correspondingly high, incurring an ex-
ponertial growth in the number of parameters. This leaves
three solutions: 1) provide suzciently large amounts of
training data for ead speaker, 2) decreasethe model or-
der, or 3) use smoothing techniques. Smoothing techniques
have been extensively used in n-gram modeling; however,
the model order in practice is still limited to 2 (i.e., tri-
grams) or 1 (bigrams). Another weaknessof the n-gram
model is its rigid structure, i.e., the way contexts (or histo-
ries) of the modeled tokens are partitioned. For example,
while certain phones preceding a token may belong to a
common category and hence would ideally be members of
the same (history) partition, the n-gram assigns separate
partitions for these alone becauseof their di®erert labeling.

In this paper, we introduce a binary-tree modeling ap-
proach applied to phonetic speaker recognition that allows
for exploiting dependenciesfrom longer contexts than that
of typical n-grams while keeping the number of free pa-
rameters under control. This binary-decision tree structure
is optimized using a maximum-lik elihood training criterion
and provides °exible context clustering. Tree structured
models were successfully applied in language and speedt
recognition previously [6, 2]. To deal with limited training
data and robustness issues, we also intro duce an adapta-
tion step in creating the tree models as well as a recursive
smoothing technique.

2. BASELINE SYSTEM

N-grams are a standard language modeling technique
that approximates the probabilit y of occurrence of a spo-
ken utterance A represerted by a sequenceof tokens (in
our casedecoded phones) ai;::;;ar up to the (N j 1)-th
order. Thus, bigram models (N = 2) imply the assumption
that the probabilit y occurrence of a token depends solely
on the immediately preceding word. Due to the fact that
the n-gram model complexity increasesexponertially with
the order, we restrict our considerations to bigrams and
trigrams for both the speaker and the background models.

The baseline system is a basic log-likelihood ratio detec-
tor. Five language- and gender-dependert open-loop pho-
netic recognizers are used to generate multiple language
phone sequencesthat represert multiple views of the in-
put speed signal [1]. Phonetic speaker recognition is per-
formed in three steps. First, the "ve phone recognizers
processthe test speed utterance to produce multiple pho-
netic sequences.Then, the test sequencefrom eact phone
recognizer is compared to the hypothesized speaker model
and a speaker-independert Universal Background Phone
Model (UBPM), corresponding to the appropriate phone
recognizer [1, 4]. Finally, the scoresfrom the hypothesized
speaker models and the UBPM are combined to form log-
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likelihood ratio (LLR) scores,again corresponding to eac
phone recognizer. The ve LLR scoresare then fused to-
gether producing a single weighted score. The LLR score
of A, given a hypothesized speaker model M and a single
phone recognizer, is calculated as

LLR (AjM) = logP(AjM) i logP(AjUBPM) (1)

3. BINAR Y-DECISION TREE MODELING

Let us consider a token sequenceas; ::;; ar represerting a
decaded utterance of a speaker and a particular token a; in
that sequence.The quality of a model with respect to a; is
measured by its power in predicting a: from a certain con-
text { represerted by a set of predictor variables X . These
may be chosenaccording to some prior knowledge and are
typically selectedto be the N time slots preceding a; i.e.,
a; N ;i an 1- We now seeka model with a good overall
quality in predicting individual tokens from their respec-
tive contexts. For this purpose, we apply binary-decision
trees (BT) which provide a versatile and °exible structure.
Figure 1 illustrates the function of such a model consist-
ing of nonterminal nodes assaiated with a binary ques-
tion leading to either of two child nodesand terminal nodes
(leaves) that contain symbol distributions. Certain selected
N time-slots of the phone sequenceare denoted predictors,
Xq;: Xy and are taken into accourt in the binary ques-
tions. The probabilit y of a token a; givenits context can be
obtained from the BT model by successiely using appropri-
ate predictor valuesto answer the binary questions at eact
node until aleaf node with a symbol distribution is reached,
as exempli ed in Figure 1. Obviously, for a given sequence
the predictor values determine the path through the tree
structure and thus e®ectiely determine the distribution to
be usedfor a;. Hereby a variable context clustering is eas-
ily achieved by including multiple predictor valuesinto the
subsetsat ead node.

To determine the tree structure and parameters, some
applications, such as acoustic context modeling in speedt
recognition [7], are motivated by linguistically based
schemes designed by an expert. Becausethe BT struc-
ture can vary from speaker to speaker and no straightfor-
ward rules can be determined for phone sequencesa priori
for speaker modeling, a fully data-driven BT building algo-
rithm appearsnecessary We seekto create a speaker model
with the objective of attaining a high average prediction
power which is expressedby means of average prediction
entropy of the BT leaf distributions. Here, low entropy,

e.g. predicting unique symbols, corresponds to the desir-
able prediction property and vice versa (e.g. predicting all
symbols with same probabilit y). De ning the entropy for a
distribution of a symbol set A at a leaf | as
X
Hi =i Pi(si) log, Pi(si) 2

sj 2A

the averageBT prediction entropy is then

H = P| ¢H| (3)
|

with P; denoting the prior probabilit y of visiting the leaf I,
and P;(s) the probability of observing a symbol s at that
leaf. The measure (3) is to be minimized in the course of
building the BT model. During this processthe probabil-
ities Pi(si) and P, are not known and have to be replaced

by estimates, P(si) and P, obtained from a training sam-
ple a;;:::;ar . Assuming a BT model structure with certain
parameters leadsto partitioning of the training data into L
leaves, each containing a data partition ®, then the sample
distribution estimates are calculated from counts asfollows:

- #(si®)
If}I(Sl) i®j (4)
= p O 5)
= 1®]

with #( sij®) being the a count at leaf I, and j®]j the
total symbol count at I. On the other hand, the average
training data likelihood givena BT model can be computed
as follows:

1 X .
L = T log, P(a:jBT) (6)
t=1
X X
= o] Pi(si) log, Pi(si) @)
=1 s;2A

Thus, by replacing P (si) with the estimate (4), the measure
(3) and (7) are in a relationship

L=iH 8

Hence, building the BT model soasto minimize the overall
prediction entropy identically maximizes the likelihood of
the training data.

The remaining problem of nding an optimum tree struc-
ture and the corresponding node questions is solved by ap-
plying a greedy seard algorithm at ead node, combined
with a recursive procedure for creating tree nodes. To limit
the otherwise extensive seard space,we restrict the binary
questions to be elemertary expressionsinvolving a single
predictor, rather than allowing for composite expressions.
Stated in principal steps the tree building algorithm is as
follows:

1. Let ¢ be the current node of the tree. Initially c is the

root.

2. For eachpredictor variable X (i = 1;:::;N) nd the sub-
set S§ which minimizesthe averageconditional entropy
of the symbol distribution Y at node ¢

He(Y j\X; 2 SP2")
=i P(Xi2Sijo)

sj 2A

P(Sj jcXi 2 Sic)f
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where S{ denotesa subsetof phonesat node c.

3. Determine which of the N questionsderived in Step 2
leadsto the lowest entropy. Let this be questionk, i.e.,

k=argmin He(Y j\X; 2 S7?")

4. The reduction in entropy at node ¢ dueto questionk is

Re(k) = He(Y) i He(Y j\Xk 2 S¢?7);

where

He(Y) = i P(sj jc) ¢log, P(s jc):

Sj2A

If this reduction is \signi cant,” store question k, cre-
ate two descendantnodes, ¢; and c;, passthe data cor-
responding to the conditions X 2 Sy and X 625, and
repeat Steps2-4 for eachof the new nodes sepaately.

Simply stated, the algorithm seeksa data split at ead
node such that the averageentropy of the two data subsets
due to that split signi cantly reducesthe entropy of total
data before the split. The entropy reduction is considered
signi cant relativ eto somethreshold e®ectively determining
the size of the tree model to be grown.

In order to determine the phone subset SY in Step 2 the
following greedy algorithm was applied:

1. Let S be empty.

2. Insert into S the phonea 2 A (A being the phonetic
set) which leads to the greatest reduction in the av-
erage conditional entropy (9). If no a2 A leadsto a
reduction, make no insertion.

3. Delete from S any member a, if so doing leads to a
reduction in the average conditional entropy.

4. If any insertions or deletions were madeto S, return to
Step 2.

In addition to the signi cance criterion in Step 4 of the
tree building we implement an occupancy constraint. Sys-
tematic data sparsenessnay occur with too low signi cance
thresholds due to the recursive partitioning, thus leading to
poor entropy estimates and consequettly to overtraining.
The occupancy constraint is applied in evaluating eadc po-
tential split during the seard, discarding split hypotheses
not tting this constraint. Furthermore, in order to pre-
vent overtraining by modeling training data particularities,
we apply cross-ewaluation in Step 4 of the tree growing us-
ing a separate held-out set when computing the reduction
Re(Kk)

3.1. Data Sparseness Issues

Applying the leaf occupancy constraint causesthe BT mod-
elsto grow adaptively with respect to not only the intrinsic
data properties, but also the data set size. The latter may
become a problem with small training data amounts for
which the growing processmay terminate with only a few
leaf nodes, resulting in extremely coarsemodels.

Furthermore, even in suzciently large training sets,
sparsenessof symbols in certain contexts may exist. In
the following, we describe two approachesto mitigate these
problems.

3.1.1. Leaf Adaptation

In caseof sparsetraining data for an individual speaker,
a speaker-independert (SI) BT model built from suzcient
amounts of data can provide arobust tree structure (i.e., the
nonterminal nodes)asa xed basisfor creating the speaker
model by adaptation. Herein, the speaker training set is
partitioned according to the xed structure and the leaf
distributions are updated using the new partitions. Let
Yo = B (sj)gs; 2~ denote a leaf distribution estimate of

the S| model, #( s;j®) the count of s; tokensin the leaf
partition ®, and j®] the leaf token count of the speaker

data. The updated leaf distribution Y; = fP (s,-)ogSj oA IS
then calculated as a linear interpolation

Bas) = b H(SI®) SC:;@ £ (@i B)P(s) =D (10)
with ( |
_ #si®

S Hsi .

where D normalizesthe adapted valuesto probabilities, and
r is an empirical value controling the strength of the update.
Such a BT model retains the context resolution of the Sl
model, while describing the speaker-speci ¢ statistics. This
training scheme is particularly e®ective when the SI model
is used at the sametime as the background model during
the likelihood ratio test in which symbols with too low an
obsenation count in certain contexts nearly cancelout due
to the identical tree structure.

3.1.2. Bottom-Up Recursive Smoothing

Despite suzcient token counts in a leaf overall, individual
symbols with unreliable estimates may still exist. A sym-
bolwise back-o® or smoothing scheme with one or seweral
reliable estimates may be benecial. The BT framework
o®ersa simple way of nding such estimates, namely by
backing-o® to the parent distribution of a leaf. Each parent
distribution is a pool of both child distributions and there-
fore is more likely to contain more obsenations of a given
symbol. The back-o® processcan be repeated recursively
bottom up until either enough obsenation massis collected
or the root node is reached. We suggestthe following re-
cursive smoothing algorithm for calculating the probabilit y
of a symbol a; = s; givenits context X = fay; ;i ay 10

1. Find the leaf | using X . Set a node variable c= |.

2. Calculate symbol probabilit y Psmootr (i) = b Pe(sj) +
(1§ B)Poar(o(s) Where Py (¢)(sj) is obtained by
repeating Step 2 with ¢ := par(c) recursively until
C= root.

Again, alinear interpolation schemeis used, whereby par(c)
denotesthe parent node of ¢, and r is asin (11).

4. EXPERIMENTS

4.1. Database

The Extended Data Paradigm usedin the framework of the
NIST 2001 Speaker Recognition Evaluation was adopted
in our experimental setup. As described in [8], the Ex-
tended Data Task comprisesof the complete Switchboard-I

telephone-speed corpus partitioned into six splits to evalu-
ate the performance in a fashion similar to cross-alidation.

Furthermore, "ve di®erert training conditions with data
amounts consisting of 1, 2, 4, 8 and 16 conversation sides
(each of nominal length of 2.5 minutes) were considered.
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4.2. Baseline Performance

The baseline bigram system was implemented using the
CMU Statistical Language Modeling toolkit (CMU-SLM).

A smoothing scheme by Katz [5], which combines Good-
Turing discounting with back-o®, was usedwith a discount-
ing threshold of 7. Two UBPMs were created from splits 1-3
and 4-6, eacth usedin evaluation of the respective excluded
partition sets. Furthermore, we include trigram baselinere-
sults obtained using a joint-probabilit y systemwith pruning
described in [1]. In this system, all trigrams with an obser-
vation count lower than 500 were excluded from the scoring.
The "nal performanceresults of both systemswere obtained
by pooling all six splits and combining the "ve decoder-
dependert streams with uniform weights as described in
Section 2.

4.3. Binary Trees System

The speaker BT models were examined in three con gu-
rations: 1) Models with no smoothing, 2) with Bottom-
Up Recursive Smoothing (BURS), and 3) Adapted from a
background (BG) model with BURS. The BG BT model
was created in the samefashion as for n-grams described in
Section 4.2. The signi cance threshold was set such that the
BG BT possessemn the order of 200-400leaves. The same
threshold along with an occupancy constraint of 5¢Aj % 250
produced unadapted BT modelswith an averageof 30 leaves
for 8-conversations training. In unadapted speaker models,
the occupancy constraint appeared to be active in almost
all split decisions, as opposedto the redundancy reduction
which tended to be more active in building the BG model
with large data amounts. Table 1 shows the average model
size (leaf count) for the v e training conditions with no
adaptation. Lack of context resolution becomes obvious
for 4 or fewer training conversations due to the occupancy
constraint, compared to, for example, a bigram context res-
olution of 45 (for jAj = 45). The value of the adaptation
constant r in (11) seemednot critical in the range (0:5; 16)
and was setto 4 in all experiments, basedon a small data
subset.

The maximum number of predictors N consideredin the
training was set to four. Most of the BT models tended to
use up to three preceding predictors, namely X 1;X2; X3 in
such a way that X, (i.e. immediately preceding) tended to
be chosenin splits earlier in the treee growing procedure
to split the data set, followed by X, and then X3 chosen
deeper for more detailed split decisions.

Figure 2 comparesthe performance of BT models with
and without adaptation and the bigram and trigram base-
lines in terms of the equal-error rate (EER) acrosstraining
conditions. A considerableimprovemert in BT performance
with adaptation can be seenfor training conditions 4, 2, and
1, in which the resolution of unadapted modelsis insucient
(seeTable 1). With 8 and 16 conversations, the BT models
are able to further improve upon the trigrams due to their
extended context length and more °exible structure.

5. CONCLUSION

Binary-tree modelsrepresert a step towards °exible context
structuring and extension in phonetic speaker recognition,
consistertly outp erforming standard smoothed bigrams as
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Figure 2. The EER performance of the 5-tok enizer
system using BT models with and without adapta-
tion and n-grams

well as trigrams. Our experiments show that the prob-
lems of data sparsenessin speaker model training can be
addressed e®ectiely by applying principles of adaptation
and smoothing for which the BT models o®er a suitable
basis. Using smoothing and adaptation, a relative reduc-
tion in EER ranging between 10-60% compared to the best
n-gram system was achieved across the di®erert training
conditions.
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