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ABSTRACT

Recent work in speaker recognition has demonstratesl
advantage of modeling stylistic features in additido

traditional cepstral features, but to date thereshiaeen little
study of the relative contributions of these déferfeature types
to a state-of-the-art system. In this paper wevige such an
analysis, based on SRI's submission to the NISB Ejeaker
Recognition Evaluation. The system consists afbgystems (3
cepstral, 4 stylistic). By running independent Ayvgubsystem
combinations for increasing values of N, we findttlil) a

monotonic pattern in the choice of the best N systallows for
the inference of subsystem importance; (2) the rardeof

subsystems alternates between cepstral and styligB)

syllable-based prosodic features are the strongstsiistic

features, and (4) overall subsystem ordering depesrdcially

on the amount of training data (1 versus 8 conv@sasides).
Improvements over the baseline cepstral system,nwdie

systems are combined, range from 47% to 67%, vetbel

improvements for the 8-side condition. These resptbvide

direct evidence of the complementary contributiohgepstral

and stylistic features to speaker discrimination.

1. INTRODUCTION

Automatic speaker recognition is the task of idgimg a
speaker based on his or her voice. Convention&msgsfor this
task use features extracted from very short tingmsats of
speech, and model spectral information using Gaanssiixture
models (GMMs) [1]. This approach, while successiuhatched
acoustic conditions, suffers significant perfornamiegradation
in the presence of handset mismatch or ambientenois
Furthermore, since spectral information is not nhedleas a
sequence, short-term cepstral modeling fails tduraplonger-
range stylistic aspects of a person’s speaking\behasuch as
lexical, rhythmic, and intonational patterns. Rebgrit has been
shown that systems based on longer-range stylfstitures
provide significant complementary information to eth
conventional system [2, 3]. In addition, modelinfy spectral
information by GMMs can be improved or complemertigdhe
use of other modeling techniques like support wentachines
(SVMs) [4,5], or by transformations of the cepstpace [6].

The National Institute of Standards in TechnolotyST)
conducts annual speaker recognition evaluation&§pR allow

for meaningful comparisons of different approactaesl to
assess their performance relative to state-of-theystems. In
this paper, we describe SRI's submission to thes2BRE. The
system uses a number of novel long-range feataesyell as
new approaches to short-term cepstral modeling, eaniieved
outstanding results in the evaluation. The mainugoof this
paper, besides describing the submitted systeom the analysis
of the relative importance of the cepstral andistigl subsystems
we have developed. This is essential for the utaeding of the
source of the achieved improvements in performanith
respect to the baseline cepstral GMM system andyfiding
future research.

The remainder of the paper is organized as foll@estion 2
briefly describes the evaluation setup, the devalt datasets
and the speech recognition system used. Sectiommd3 4
summarize the subsystems included in our submissimhthe
methods used to combine them. Section 5 presesuigand an
analysis of subsystem contributions. Final conclusiare given
in Section 6.

2. BASIC SETUP

The 2005 NIST SRE dataset (referred to as SREQ#grisof the
conversational speech data recorded in the Mixefept. The
data contains mostly English speech and was redooer
telephone (landline and cellular) channels. The luat@n
consists of twenty main conditions differing in thenount of
available training and test data, and in the rdogrdonditions
[7]. The core condition, for which all evaluatioarficipants are
required to submit results, allows one side of kpteone
conversation for training and another side for ingst The
common condition is defined as the subset of tf@sny of the
main conditions for which all train and test corsations were
spoken in English using handheld phones. We sudtittsults
for the (1-side train, 1-side test) and (8-sidéntrd-side test)
conditions. The common condition subset for theseditions
consisted of 20,907 and 15,947 trials respectively.

The main performance metric in the NIST SRE is the
detection cost function (DCF), defined as the Baysls with
Prarget = 0.01, Cri=1, and Ciss= 10 [7]. In this paper, results are
presented in terms of the minimum value of the D@&asure
over all possible score thresholds and the equat eate (EER),
for the trials corresponding to the common conditio

The component subsystems and combiners describidlsin
paper were developed using three different datas: set



Switchboard, Fisher, and SREO4 (last year's evimoatet). The
Fisher database consists of three disjoint selgcaground set
and two test splits, Fisherl and Fisher2. The &&igher trials
was designed to be similar to the SREO4 set irptbportion of
impostor to true-speaker trials and other charities. For a
description of these databases, see [8]. The bawchkdr data
from Switchboard and Fisher (or, in some casesibaet of it)
was used for creation of the background models dbr
component systems described in Section 3. A se#6fl-side
speaker models balanced by gender and handseteypacted
from Fisher2 data, was used to compute TNORM scffs
SREO04, Fisher and SREOQ5 data were processed exaethame
way, using the same background models and TNORMksps.
The scores from Fisher and SRE04 were used fola@went.
Transcriptions were generated with SRI's 3xRT CTS

recognition system. The final pass of the recognijtwith 21%
word error rate (WER) on Fisher data, was usedalbrthe
component systems that needed transcriptions, exoephe
state duration system for which we used an easlisge of the
recognition (with 29% WER). This is because we nithat for
state duration features the less constrained atitorspeech
recognition (ASR) output leads to better speakeogaition
performance. See [8] for more details on the AS&Resy used.

3. COMPONENT SUBSYSTEMS

Our submission consisted of the combined scorews feven
subsystems. Three of those systems are based asiratep
features, while the other four aim to model lontggm stylistic
features. Table 1 shows the performance of eattese systems
for SREO5. All results shown are after TNORM.

Cepstral GMM system: This is a conventional cepstral
Gaussian mixture model system adapted from a waler
background model, using a 2048-component GMM. #kith
are described in [8].

Cepstral SVM system: This system uses multiple projections
of PCA-transformations of mean polynomial vectorgero
cepstral features (two of which are variance noed). These
features are modeled using SVMs, generating foparsee
scores that are combined with equal weight to predhe final
score [5].

MLLR transform SVM system: This system uses as features
the components of the maximum likelihood linearresgion
(MLLR) transforms used in SRI's speech recognitigstem for
speaker adaptation. The transform coefficientsnaoeeled by
SVMs [6].

Word N-gram SVM system: This system uses an SVM with a
linear kernel with first-, second-, and third-ordeord N-gram
frequencies as features [8].

SNERF system: This system uses a set of prosodic features
extracted over automatically estimated syllabldse Todeling
is done by SVMs [10]. Apart from the features dimt in
[10], a set of word-specific SNERFs were added&vector of
features. The addition of these new features prediuan
improvement of around 10% relative to the origiSNERF
system on the development sets, even though thefemures
are much more sparse (comprise only 24 unique et are
already modeled indirectly in the overall SNERFtsgs

Table 1: Performance of components systems for SRE05 (DCF
refers to minimum DCF).

Short 1-side training 8-side training
System

name | pcraoo| %EER | DCKk100 | %EER
Cepstral GMM| CepGm 2.48 7.17 1.69 4.91
MLLR SVM CepMI 252 | 10.34 1.20 5.5
Cepstral SVM | CepSv 2.68 7.26 1.03 3.05
SNERF StySn 5.22 14.06 2.75 6.52
State Dur StySd 6.03 15.36 3.19 8.02
Word Dur Stywd 7.83] 19.23 3.74 8.62
Word N-gram | StyWn 8.60 24.58 4.84 11.25

Duration systems: Two sets of duration features — state- and
word-level — modeled by GMMs are used in this sysfé1].
The phone-level durations were not used in thisuat@n since
they were found to be redundant in most cases diverother
available systems.

With respect to last year’s evaluation, the cep&¥&V and
the MLLR transform SVM systems are new additionlsoAthe
SNERF system has been improved significantly byiribkision
of the word-dependent features. Several of theesystwe used
last year were not used in this year’s system Isecae found
that they did not significantly improve the perf@nee on the
SREO04 data.

4. SYSTEM COMBINATION METHODS

Three different combination methods were used ferging the
scores produced by the subsystems into a singlee.sto all

three cases, the scores from the subsystems strexdirmalized
to have zero mean and unit variance with respettidtatistics
in the set used for training the combiner.

Neural network (NN) combiner: The baseline combiner is a
single-layer feed-forward network that uses a sigmautput
node during training and a linear output for thrafipredictions.
The linear output allows better combination of thesedictions
with the ones from the other two combiners. The@gtron is
trained to achieve minimum squared error with otifpbels 0
(impostor) and 1 (target). Target and impostor rgriare set to
0.09 and 0.91 during training in order to optimize DCF.

SVM combiner: Three SVMs with polynomial kernels of orders
1, 2, and 3 are trained with equal penalty forefaeceptance
and false rejection. The three scores obtainedaaeeaged to
produce the final score.

Class-dependent (CD) combiner:This combiner relies on
clustering both the target models and the testantes in a
vector space defined by the MLLR features computedthe
speaker during ASR [12]. For each class in the ycbdet, that
is, (target, test) pair of clusters, we allocateparate combiner
trained to fit the data in that class. During tegtia weighted
average of the scores given by each of those caris used
as the final score. The weights for averaging avergby the
probability of the trial of belonging to each oéthlasses.



The combiner for the 2005 system was trained usimy
scores obtained for SRE04 data, which we beliewedd a
reasonable match to the SREOQ5 data. This provédz: ta good
choice: the EER for the NN combiner on SREOQ5 isiath5%
better when the combiner is trained on SREO04 deta when it
is trained on Fisherl data.

The final score submitted for the evaluation wasjgoted as
the average of the scores given by the three carbihescribed

above. Scores from the three combiners are prdyious

normalized to zero mean and unit variance usingrtiring set
statistics. This allows for the usage of equal Wisdn the final
sum. A few different weights for the three combgerere tried
during development, but a simple average provdeketthe more
robust choice. This final combiner will be calleNSC

(NN+SVM+CD) combiner in the following sections.

5. RESULTS AND ANALYSIS

With all these systems available for combinatiom arious
different ways of combining them, several questicarsse:
Which systems are more important for the combim&iGan we
ignore some of them without loosing accuracy? Ddties
importance of the systems depend on the amounaiafrig data
or on the combiner approach? In this section weétwilto give
answers to these questions.

Table 2 shows combination results for some meaningf
subsets of systems. The first line correspondshéo depstral
GMM system alone. This system is the conventiomedaker
recognition system and is commonly used as thdibasggainst
which new systems are compared. The second linessitioe
combination results of that system with the two elowepstral
systems, the cepstral SVM and the MLLR SVM. The biorad
system achieves an improvement in the DCF of 33¢4he 1-
side condition and 53% for the 8-side condition.imifr
improvements are obtained when combining the basediith
the four stylistic systems: word N-gram, SNERF anath
duration systems. Finally, when all systems arehined, the
relative improvement over the baseline alone is 4ii%he 1-
side condition and 67% in the 8-side condition. adlie the
benefit of the new systems, both cepstral andssityliincreases
as more data is available for training.

Table 2: Performance for the cepstral GMM (baseline) ard th
combination of that system with the rest of thestegh systems,
the stylistic systems and all system together.

Systems being 1-side training 8-side training
combined DCFx100| %EER | DCK100| %EER
Baseline 2.48 7.17 1.69 491
Baseline + new cepstra 1.664 4.61 0.80 2.45
Baseline + stylistic 1.77 4.89 0.83 2.4b6
All systems combined 1.31 4.10 0.56 2.03

Tables 3 and 4 show the best combination resulenwie
allow a fixed number of systems for the NN and tH86C
combiners for both training conditions. Each padirlines in
these figures shows which systems lead to thepdsfirmance

for each combiner wheN systems are allowed. There is only
one line for the best 1-way because that choicebigously
independent of the combiner. Note first that theFDgbtained
when we use the NSC combiner is always better thanwith
the NN combiner, for any number of allowed systems.
Furthermore, except for the 7-way case, addingva system
always improves the performance for the NSC conmbfifés is
not always true for the NN combiner, as can be skgn
comparing the 5-way with the 6-way results in TaB)e After
the sixth system is added, though, we observe moovement
by adding the final system. In fact, in the 8-samdition the
performance is significantly hurt by adding thetestduration
system to the combination. This indicates two thinfiyst, the
state duration system is most probably redundaoe ¢ime other
systems are being used, and second, our combireersaable
to handle redundant features well. Ideally, we &thdne able to
detect these cases and ignore those systems ¢habtaneeded.
To this end, further research on system selectiohnaore robust
combiners is needed.

Tables 3 and 4 also offer a great opportunity foalygzing
the importance of the systems. Even though the Nesistems
for each value oN are chosen independently so as to optimize
the performance for that number of systems, for M@®C
combiner the subsets of systems chosen for a wéytailways
includes the subset chosen f&f-1 systems. This was a
remarkable finding. There is nothing forcing, st best 2-way
combination to include the single best system,emthan two
other systems that, when combined, give betteppaence than
the best system alone. But given that the resuftsetl out this
way, we can very easily rank the importance of #Hewen
systems by looking at the order in which they aimfp added as
we allow more systems in the combination.

From the tables we see that the order in whichegystare
chosen is highly dependent on the amount of trgimata. In
Table 1 we can see that the performance of theystérss is,
without exception, relatively closer to the baselin the 8-side
case than in the 1-side case. For example, the BERe
SNERF system is twice that of the baseline for ifsde case,
while it is only 30% worse for the 8-side case.sTéxplains the
bigger relative improvement obtained from combinitige
baseline with the other systems for the 8-side ttimmdthan the
1-side condition (Table 2), and it also explains thfference in
the order in which the systems are added for thoee
conditions in Tables 3 and 4. Both the SNERF aredWhord-
Ngram systems are added earlier in the 8-side tiondihan in
the 1-side condition where they have a worse pmdoce
relative to the baseline. Overall we see that Hattors, the
performance of the system with respect to the beselind the
amount of new information the system conveys abihet
speakers, affect which system is chosen next. Ghalitative
observation accounts for the alternated way stylestd cepstral
systems are added to the combination.

We are also interested in knowing how much improzem
we have achieved since last year. For this, we eoenphe
performance of last year's system and this yearsesn when
run on the English-only SRE04 subset. (Note thaséhresults
do not agree with those in [8] because the latteresponded to
the common condition trials. We are presentingEalifish
results here because the number of trials is ttinees larger,
allowing for more significant comparisons.) The twgstems
differ in many aspects: the background data thar yecludes



both Fisher and Switchboard data, while last yearduded
only Fisher data, new systems have been added, sldanes
have been discarded, and some have been improedde B
compares the results when the combiners are traindeisherl
data; we can see overall improvements between 2&43% in
both DCF and EER.

Table 3: Best possible N-way combinations for the NN and the
NSC combiners for the 1-side training conditionst8yn names
refer to those defined in Table 1.

N | Giner | Gm | | Sn | we | Sv | wa | Sa | xioo
: 0 Tos
3 EamEy
s LN 122

Table 4: Same as Table 3 but for 8-side training condition.

NEEE EHE
5 NN 8:22
W 7 555

, LW 7z | 0.60

Table 5: Performance on SRE04 data using 2004 and 2005
systems with NN and NSC combiners trained on Fida&a.

System/Combinerl __1-side training 8-side training
used DCFx100 | %EER DCK100 | %EER
SREO04/NN 3.15 7.73 1.60 3.50
SREO5/NN 2.20 5.27 0.91 291
SREO5/NSC 2.18 4.85 0.91 2.62
Rel. improvement 31% 37% 43% 25%

6. SUMMARY AND CONCLUSIONS

We have described our submission to the 2005 NIp&aker
Recognition Evaluation. Results show a relative rompment
over last year's performance (on last year's dafanore than
25% relative. This improvement was achieved mainyythe
introduction of two new cepstral systems, the improent of
the SNERF system and the use of a new class-depende
combination method. We have focused our analysisflts on
the relative importance of the cepstral and stylisgstems being
combined. It was found that improvements over thseline
cepstral system when combining all subsystems rémge 47%

to 67%, with larger improvements for the 8-sideditian. This
justifies and encourages the development of thasestandard
systems that utilize prosodic or lexical featui@swhich model
the spectral features in a manner different fromM&MAnNalysis

of the order in which systems are chosen for thet be
combination of increasing number of systems shawali@rnate
pattern of stylistic and cepstral features, witghieir priority for
the stylistic features when more training dataviilable.
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