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ABSTRA CT

In large-scaledeployments of speaker recognition systems
the potential for legacy problems increasesas the evolving
technology may require con¯guration changesin the system
thus invalidating already existing user voice accounts. Un-
less the entire database of original speech waveform were
stored, users need to reenroll to keep their accounts func-
tional, which, however, may be expensive and commercially
not acceptable. We de¯ne model migration as a conversion
of obsoletemodels to new-con¯guration models without ad-
ditional data and waveform requirements and investigate
ways to achieve such a migration with minim um lossof sys-
tem accuracy. As a proof-of-concept, an algorithm for sta-
tistical migration in the Maxim um A-Posteriori framework
is studied and evaluated experimentally using the NIST
SRE-03 dataset. The migration step is discussedin a wider
conceptual framework of Conversational Biometrics.

1. INTR ODUCTION

A variety of real-world challengesarise in today's voice au-
thentication technology accompaniedby an increasing busi-
nessdemand for security in telephone applications. While
most of the current challengesare directly or indirectly re-
lated to the accuracy, robustness and computational e±-
ciency, future ¯eld deployments with an ever growing num-
ber of voice-enabled user accounts will bring new sets of
practical issueswith them. The still dynamically evolving
area of speaker recognition promises one particular such
challenge: legacy issues in voiceprint model maintenance.
It is reasonableto expect that the averagelife span of a user
account is lik ely to last longer than an innovation cycle of
the underlying authentication technology. In other words,
for a voice-enabledaccount including the user's voice model
representation, the particular implemented algorithm that
created the model may change one or several times dur-
ing the overall period of using the account. Because the
parametric structure of the user models is dictated by the
underlying algorithms used to produce them, signi¯can t
legacy issues(incompatibilities) can be intro duced into ex-
isting large-scale databases of users. Consequently , algo-
rithmic changesrendering existing accounts obsoleteput in-
frastructure providers before new problems and decisions.
For instance, assume a service provider maintains several
hundreds of thousands of voice-enabledaccounts including
users' voiceprint models in their database. These models
have a close relationship to data and algorithmic compo-
nents inherent to the system. With a new generation of up-
dated (impro ved) components the provider is facedwith the
question of how to keepthe existing accounts usable (voice-

enabled). Among the few possibilities to addressthis prob-
lem are: 1) haveusersactively re-enroll into the new system,
2) automatically re-enroll users from stored original wave-
form, 3) keep multiple system versions on line to support
obsolete as well as new accounts, 4) automatically convert
obsolete models to the new con¯guration. Obviously, each
solution builds on di®erent assumptions (e.g. existence of
an original waveform), has di®erent consequences(e.g. in-
creased complexity due to multiple system versions), and
degreesof practicabilit y (e.g. having users call to re-enroll
which may be inacceptable). Acknowledging the suitabilit y
of those approaches in speci¯c conditions, we aim our fo-
cus at the lastly mentioned way of automatically converting
an obsoleteuser model (basedon a legacy system con¯gura-
tion) to a new model (compatible with the updated system)
with minim um compromise in accuracy. In this paper, this
processis referred to as model migration and builds on the
assumption that the obsolete model is the sole information
available for the account, i.e. that no original waveform ex-
ists. The obvious merit of a well-performing model migra-
tion method is the fact that it may be the only alternativ e
short of losing the client.

The primary qualit y criterion for any model migration
technique is its performance at preserving system accu-
racy. The degree to which individual techniques will per-
form largely depends on the type of mismatch between the
obsolete and the new technology, the background (system)
data mismatch, as well as con¯guration mismatch. While it
is desirable to have seamlessmigration independent of the
modeling and features used, it is reasonableto focus ¯rst on
the more common scenario involving a conversion between
two GMM models of di®erent size sharing common feature
space. While we believe that most migration casescan be
addressedand solved to a certain degree, this paper con-
centrates on mismatch in the con¯guration rather than in
the underlying technology type. In particular, we study the
case of mismatched sizes between GMM models that are
adapted from some system-internal model structures (e.g.
universal background models with di®ering data composi-
tion) and refer to these structures as substrates. With a
change of the substrate every user model (now obsolete)
needsto be migrated to the new substrate.

The rest of the paper describes a method of achieving
such a migration in a statistical fashion (Section 2), presents
an experimental study carried out on the cellular task of
the 2003NIST Speaker Recognition Evaluation (Section 3),
and discussesthe migration scenario in a wider conceptual
framework of Conversational Biometrics (Section 4).



2. MODEL MIGRA TION

We restrict our considerations to the task of speaker
veri¯cation and user models having a GMM structure
with mean parameters adapted via the Maximum A-
Posteriori (MAP) method from a Univ ersal Background
Model (UBM). We proposea statistical method to migrate
the user mean parameters from an obsoletemodel, M0, that
were adapted from an obsolete substrate, W0, of size N0

Gaussians to a new user model M1 consistent with a new
substrate, W1, of sizeN1. We assumeboth substrate UBMs
are trained in a feature spaceidentical up to a linear trans-
form, however were composedfrom di®erent data sets, and,
in general, N0 6= N1. Possibilities of overcoming the feature
spaceassumption are outlined in Section 4.

The following one-iteration algorithm implements the
MAP principle based on the means of the obsolete model
and given the parameters of the new substrate.

1. Reconstruct the obsolete sample means µ̂0i of the tar-
get speaker from the adapted M0 and W0 for each
Gaussian i. For the typical adaptation formula µ0i =

n i
n i +r µ̂0i + r

n i +r m0i ([1]) this can be easily achieved
knowing the global relevance factor r, the vector soft-
count ni (which is assumed available along with the
obsolete model), and using the obsolete UBM mean
m0i .

2. Calculate the set of posterior probabilities of Gaussian
i of the new UBM accounting for the obsolete sample
mean µ̂j

γij = Pr(i|µ̂0j ) (1)

=
π1i p1i (µ̂0j )

P N 1
k =1

π1k p1k (µ̂0j )

1 ≤ i ≤ N1, 1 ≤ j ≤ N0

where π1i denotes the prior probabilit y and p1i (·) the
observation probabilit y of Gaussian i of model W1.

3. Calculate new sample mean estimates on the new sub-
strate:

µ̂1i =
N 0X

k =1

nk γik µ̂0k /

N 0X

k =1

nk γik

1 ≤ i ≤ N1 (2)

Note that each component contribution is weighted by
the original sample size nk attributed to each mixture
component to re°ect the natural proportionalit y of the
data. This is identical to multiplying by an obsolete
prior probabilit y π0k which, however, is typically not
used in mean-only MAP adapted systems and is typi-
cally replaced by π1k .

4. Compute new (migrated) mean parameters via adap-
tation:

µ1i = αi µ̂1i + (1 − αi )m1i

αi =
N 0X

k =1

nk γik /

Ã
N 0X

k =1

nk γik + r

!

(3)

1 ≤ i ≤ N1 (4)

The above algorithm can be interpreted as one provid-
ing a new MAP estimate basedon the new substrate model
W1 of a feature vector sequencecomprised of the individual

obsolete mean vectors in their original proportional repre-
sentation. Further elaborating this idea, the described mi-
gration is identical to using the original training vector se-
quence,however, without its original causalordering, quan-
tized into N0 di®erent codebook vectors via the obsolete
substrate model W0.

In caseof di®erencesin feature spacesdue to invertible
linear transforms, such as the Maxim um Lik elihood Lin-
ear Transform (MLL T) [2], a straightforw ard transforma-
tion can be applied as follows

µ̂ = A1(A0)¡ 1µ̂0 (5)

with µ̂0 the mean in the spaceof A0, and A1 the transform
into the spaceof W1.

Note that in computing the posteriors in Step 2, only
the obsolete mean parameters are used. An alternativ e
approach to further include the obsolete covariances into
the softcount computation utilizes the symmetric KL di-
vergenceof two Gaussiansde¯ned as

DK L (Np ||Nq) =
1
2
tr

£
(§ p − § q)(§ ¡ 1

q − § ¡ 1
p )

¤
+

1
2
tr

£
(§ ¡ 1

p + § ¡ 1
q )(µp − µq)(µp − µq)T

¤
(6)

This measure becomes0 i® µp = µq and § p = § q , as op-
posed to the quadratic term in the exponent of the Gaus-
sian function, (µp − µq)T § ¡ 1

p (µp − µq) which becomes0
already with µp = µq . Utilizing the KL divergencecan pre-
vent overemphasizing particular Gaussian pairs in γij due
to pure mean similarit y. To obtain a a proper scalewe use
(6) in an exponential form as follows:

γij =
√

π1i π0j exp(−DK L (p1i ||p0j ))/Cj (7)
1 ≤ i ≤ N1, 1 ≤ j ≤ N0

with Cj the normalizing term to satisfy
P

i γij = 1. The
above form of γ is used in Step 2 in place of (2).

3. EXPERIMENTS

3.1. Database
The performanceof the described method wasevaluated us-
ing data from the cellular part of the Switchboard (SWB)
telephone corpus, as de¯ned by NIST for the 1-speaker cel-
lular detection task in the 2003 Speaker Recognition Eval-
uations (SRE) [3]. The 2003 set consists of 356 speakers,
and a total of 37664veri¯cation trials.

The 2001 celullar SRE, the 1996 SRE landline-qualit y
dataset and an internal cellular-qualit y data collection
served as the data for the estimation of two substrate mod-
els (UBMs) and scorenormalization via T-Norms.

3.2. System Setup
The data composition in the two substrate models di®erred
as follows: while the 2001SRE data wereusedin both mod-
els, the \obsolete" substrate set included also the 1996SRE
data set, and the \new" substrate model included the inter-
nal data set as well as the SRE 1996 but postprocessedby
a GSM transcoder [4]. For experimental purp osessubstrate
models with varying sizesbetween 256 and 2048 Gaussian
components were created using the techniques described in
[4]. The two models each had a di®erent linear transform
applied, which for the purp oseof model migration wascom-
pensated for via (5).



In the detection phase, log lik elihood ratio scoresare cal-
culated given each test utterance, target model and the
corresponding substrate model. Furthermore, the T-Norm
score normalization technique is applied. A total of 234
speakers from the 2001 cellular SRE served as T-Norm
speakers in both systemsand are used in a gender-matched
fashion in the test.

The system performance was measuredat two operating
points, namely in terms of the Equal-Error Rate (EER) and
the minim um Detection Costs Function (DCF) as de¯ned
in the evaluation plan [3].

3.3. Naiv e Baseline
Given the previously stated assumption of the original
waveform being unavailable, it may bedebatable what other
realistic baseline solution should be considered to compare
to the described migration. We consider a simplistic solu-
tion using the obsoletemodel as a target lik elihood genera-
tor while calculating the background lik elihood on the new
substrate. Later on, this baseline is referred to as naive,
noting however, that in many real caseseven such a sim-
plistic solution is not practical as even a di®erencein the
GMM size may not allow for a proper integration.

3.4. Ideal Baseline
Migration results will further be compared to an achiev-
able performance obtained by using the original waveform
to recreate the target models. Although this baselineis ide-
alistic as it goes beyond our original assumption of wave-
form absence,it provides a neccesaryperformance reference
point.

3.5. Results
Experiments were carried out on varying sizesof the sub-
strate (and consequently target) models in both the obsolete
domain (i.e. sizeN0 of W0) and the new domain (N1, W1).
Of interest is the behavior of the migrated models with re-
spect to the di®erencein size during the migration process
as well as in absolute senseof the size.

An initial overview of the essential migration con¯gu-
rations and the two baselines for a particular case of a
2048→ 256 mixture component conversion is shown in Fig-
ure 1. Between the two delimiting DET curves, i.e. the
naive baseline, which turns out to provide a rather poor
performance (EER of 40%), and the ideal baseline that in-
cludes the T-Norm (EER of 10.2%), three variants of a mi-
grated system are plotted: 1) converted models without
score normalization, 2) converted models with scoresnor-
malized using the new system's T-Norms, and 3) converted
models normalized using a set of T-norms migrated consis-
tently along with the obsolete targets (EER=12.3%). The
latter normalization appears to have a signi¯can t positive
impact on the performance of migrated models resulting in
an overall loss of about 2% absolute points in the EER to
the ideal baseline, therefore the consistent T-Norm is ap-
plied in all subsequent experiments.

An exhaustive set of experiments with migrating models
from and to various sizes ranging between 256 and 2048
Gaussian components for unnormalized and T-normed sys-
tems is summarized in Table 1 and Table 2, respectively.
Each row in a table corresponds to a particular obsolete
size N0 (or waveform in case of ideal baseline) with each
corresponding column showing performance in terms of the
DCF and the EER after a migration to its speci¯c new sub-
strate size N1.

Several trends can be readily extracted from theseresults.
First, compared to the ideal baseline the performance no-

Table 1. DCF/EER results for migrated systems
without T-Norm

Original Target size (Number of GaussiansN1)
Size (N0) 256 512 1024 2048
256 80.2/22.2 94.8/32.0 97.3/35.6 99.1/39.3
512 85.2/23.3 76.6/21.5 90.0/29.1 96.3/34.7
1024 79.6/20.5 81.2/22.8 64.9/18.7 87.7/29.7
2048 70.3/17.4 73.1/18.8 68.4/19.7 64.7/20.2
Ideal Bsl 46.6/11.4 42.6/10.8 39.9/10.1 37.1/9.4

Table 2. DCF/EER results for migrated systems
with T-Norm

Original Target size (Number of GaussiansN1)
Size (N0) 256 512 1024 2048
256 49.0/13.5 61.7/16.3 74.2/19.8 85.6/23.0
512 50.1/13.8 45.2/12.2 58.0/15.7 75.8/20.4
1024 48.1/13.3 47.4/13.0 41.0/11.1 63.0/16.6
2048 46.4/12.3 46.1/12.4 44.6/12.0 47.2/12.4
Ideal Bsl 35.6/10.2 33.5/9.3 32.4/8.8 31.9/8.4

tably degradeswith larger di®erencesin the sizesN0 and N1

while the least relativ e loss occurs around the diagonal ele-
ments where N0 = N1. In those particular cases,the migra-
tion challenge is reduced to aligning two substrate models
of samesize but of di®erent data composition, while in the
other casesthe additional task of one-to-many or many-
to-one Gaussian mapping comes to play. Second, as can
be expected, a migration from larger to smaller substrates
tends to preserve more accuracy than the vice versa case.
This is easily explained from the viewpoint of vector quanti-
zation where smaller obsolete substrates relate to a coarser
quantization and consequently a greater unrecoverable loss
of information.

Overall, in terms of the EER perfomance the described
migration technique including a consistent score normal-
ization causesan averageloss of about 3-4% for larger sub-
strates (1024+ Gaussians)with conversionsbetweenreason-
ably close sizes(half or double the size). The least overall
losswith respect to the ideal baselineoccurs with migrating
the largest (2048) to any other smaller system.

Table 3 comparesthe migration algorithm using observa-
tion probabilit y to compute softcounts as in (2) with using
the alternativ e symmetric KL divergenceas in (7) on two
selectedmigration cases.Although the KL-based migration
outperforms the standard observation probabilit y in the un-
normalized case,the samedoesnot hold when applying the
T-Norm. An explanation for the degradation in conjunction
with the T-Norm requires further study.

Table 3. DCF/EER results for migration based on
probabilities versus the KL div ergence

Migration 512→ 256 2048→ 256
Prob. (plain) 85.2/23.3 70.3/17.4
KL (plain) 62.8/16.8 60.5/15.6
Prob. (T-Norm) 50.1/13.8 46.4/12.3
KL (T-Norm) 56.4/16.0 52.2/14.0
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Figure 1. Migration example from a 2048- to a 256-
Gaussian system with and without T-Norm. The
naiv e baseline uses obsolete mo dels while the ideal
baseline recreates mo dels from the original wave-
form.

4. DISCUSSION

The experimental results obtained using the described
migration technique appear promising particularly because
of the fact that neither of the presented baselines may in
fact be a practical solution to the legacy problem. While
the naive baseline by far doesnot provide a necessarylevel
of accuracy, the ideal baseline will not be existent as per
initial assumption.

Although a system migrated via the MAP method en-
tailing about 20% relativ e performance degradation for the
converted accounts could well be consideredusable, we also
argue that the acoustic performance can fully be recov-
ered (even improved) in a wider conceptual authentication
framework of Conversational Biometrics (CB). The CB ap-
proach relies on two information sourcesconveyed through
voice, namely the acoustic voiceprint re°ecting the related
biometrics and personal knowledge extracted from a dialog,
thus vastly increasing its robustness and °exibilit y [5, 6].
Thanks to the double footing, a CB-based system governed
by a policy manager [7], i.e. a component determining re-
liance on the two individual information sources,is capable
of compensating for an expected degradation in the acous-
tic biometrics by temporarily emphasizing the knowledge
extraction component. The newly acquired acoustic sam-
ple can subsequently be used to adapt a freshly migrated
account to further improve its accuracy. Due to the CB
process,such an adaptation can be carried out in an unsu-
pervised fashion and securely. More detail on adjusting CB
policies can be found in [7].

As initially pointed out, focusing on more common
casesof system mismatches involving con¯guration model
changes and data updates covers a ¯rst proof of concept
for model migration. However, the class of more dramatic
system mismatches still remains to be studied, including
examples of incompatible feature spacesand classi¯ers. In
general, we argue that any waveform modeling system can
be inverted to produce the original information less a loss
incurred by the modeling. For example, using specialized

algorithms waveform signals can be synthesized from cep-
stral features [8]. Thus, it is reasonable to assume a mi-
gration between any two systems through such synthesis
is possible, however with varying degradation. This area
surely remains open and is lik ely to be addressedin the fu-
ture with wide-spread deployments of voice authentication
technology.

5. CONCLUSIONS

The presented experimental results show that statistical
model migration is a viable way of converting models, that
were rendered obsoleteby system con¯guration changes,to
new models compatible with a new system. In compati-
ble feature spaces,the migrated system incurred a relativ e
degradation in EER and DCF performanceranging between
15 - 30% in most cases,dependent on the degree of mis-
match in model size. This loss is compared to an ideal
baseline that usesthe original waveform signal to recreate
the models. In absenceof the waveforms, a naive baseline
using the obsolete models directly provides error rates of
about four times higher than the proposedmigration algo-
rithm. The use of consistent T-Norms was shown as bene-
¯cial to the migrated system. We outlined the useof model
migration in a framework of Conversational Biometrics in
which the relativ e performance loss is compensated for by
increasing the emphasis on knowledge veri¯cation with a
subsequent acoustic adaptation step carried out on the mi-
grated model.
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