FOUR WEIGHTINGS AND A FUSION:
A CEPSTRAL-SVM SYSTEM FOR SPEAKER RECOGNITION

Sachin S. Kajarekar

Speech Technology and Research Laboratory
SRI International, Menlo Park, CA, USA
sachin@speech.sri.com

ABSTRACT

A new speaker recognition system is described that uses Mel-
frequency cepstral features. This system is a combination of
four support vector machines (SYMs). All the SYM systems
use polynomial features and they are trained and tested
independently using a linear inner-product kernel. Scores from
each system are combined with equal weight to generate the
final score. We evaluate the combined SVM system using
extensive development sets with diverse recording conditions.
These sets include NIST 2003, 2004 and 2005 speaker
recognition evaluation datasets, and FISHER data. The results
show that for 1-side training, the combined SVM system gives
comparable performance to a system using cepstral features
with a Gaussian mixture model (baseline), and combination of
the two systems improves the baseline performance. For 8-side
training, the combined SYM system is able to take advantage
of more data and gives a 29% improvement over the baseline
system.

1. INTRODUCTION

A commonly used baseline system in speaker redognitses
Mel-frequency cepstral coefficients (MFCC) in a Gsian
mixture model (GMM) framework [1]. Such a systermuied
to measure the effectiveness of novel featuresmaadeling
approaches. Research on novel features has ramged f
transformations of cepstral features to discretghdével
features modeling prosodic events [2]. Modelingrapphes
have been of two types: generative models like GNiMisand
discriminative models such as support vector mashin
(SVMs) [2-5].

This work investigates an SVM-based approach for

modeling cepstral features. It is motivated by gemeralized
linear discriminant sequential (GLDS) kernel apptoa

proposed by Campbell [6]. The GLDS approach uses

polynomial features, modeling higher-order momedtsjved
from MFCCs. These features or transformations afs¢h
features are used in an SVM, and the resultingesystas
shown to outperform a baseline system.

For the speaker recognition task, the SVM is trine
classify between features for impostors and a taspeaker;
there are more instances of impostors (on the owfer
thousands) than of true speakers (up to 8). Whéynpmial
features (on the order of tens of thousands) ard as features

with an SVM, a peculiar situation arises. Sincedhgre more
features than impostor speakers, the distributfofeatures in
a high dimensional space lies in a lower dimendienbspace
spanned by the background (or impostor) speakéis. [dwer
dimensional subspace is referred to as theekground

subspace. A subspace orthogonal to this subspace captlires a

the variation in the feature space not observedvdmmt the
background speakers. This is called thHmckground-
complement subspace. It is evident that these two subspaces
have different characteristics for speaker recammit

When using polynomial features, the SVM is typigall
trained in high-dimensional feature space. Howevethe

background and background-complement subspaces have

different characteristics, the classification candivided into

two parts: (1) classification based on information the

background subspace and (2) classification basedthen
background-complement subspace. Researchers hadiedst
the background subspace and found improvementsg utsin
transformations [7, 8]. However, no such work haen done
investigating the background-complement subspace.w&

will show, the combination of two decisions basedtioe two

subspaces can do better than a single decisiord iasdhe

complete feature space.

This paper is organized as follows. Section 2 dessrthe
datasets used for the experimentation. Sections8ries the
baseline system in brief. Section 4 describes tmbined
SVM system and Section 5 compares the resultsiobifstem
with the baseline. The paper concludes with a sumrra
Section 6.

2. DATASETS

We used five different databases for the experimé) NIST
2002 cellular speaker recognition evaluation (SRE)
(Switchboard cellular), (2) NIST 2003 extended d&RE
(Switchboard-11, landline) [9], (3) FISHER [10], XANIST
2004 SRE (Mixer) [9], and (5) NIST 2005 SRE datax@)
[9]. Note that all the databases contain conversatispeech
recorded over telephone (landline or cellular) meks. The
first dataset is used exclusively as a part oftihekground
dataset. The next two datasets are divided intackdyound

! Background data refers to the data used to tr&in th
background model in a GMM system. The same daiadd as
impostor data to train an SVM system.



dataset and the development dataset. The last étesets are
used exclusively for evaluation of systems. Tabkhaws the
statistics of the speaker models and trials (moektl-pair) in
each dataset.

When training a system, we use a common backgréamd
impostor) speaker set across all datasets. Wetreggmits on a
1 conversation side (1side) and 8 conversation &dale)
training conditions, and a 1 conversation side ingst
condition. Typically a conversation side containS ginutes
of speech. The scores from a system are normalisétg
TNORM [11], where TNORM speakers are chosen spetifi
the dataset (as described in the following subses}i Overall,
we have five results for the 1side-1side conditaord four
results for the 8side-1side condition.

2.1 NIST 2003 extended SRE data

We used version 1 of the control file accordinghi® NIST
evaluation specification. Each conversation sid¢his set is
about 2.5 minutes (excluding silence). In the odisetup, the
data was divided into 10 non-overlapping splitspi€slly, the
splits are divided into two sets: 1-5 and 6-10.a0at training
the background model and for score normalizationaken
from one set and evaluation is performed on therathbt.

We modified the data as follows. First we removed
conversations from the speakers who were usedato the
automatic speech recognition systeifthen, we took two splits
each from these two sets, such that the performahtieese
sets before and after removing the splits is similBhese four
splits were used to train the background model. fEngaining
three splits from each set were used to evaluaesystems.
While evaluating a split, TNORM speakers are choem
the other split.

2.2. Fisher
The Fisher dataset is created from a subset oFitteer [10]
database, collected and distributed by LDC. Wecsatketwo
sets of speakers from this data; one set wherekspea
participated in a single conversation and a sec®idwhere
speakers participated in more than one conversafiaoh set
has an equal proportion of speakers with diffegartders and
an equal proportion of different handsets (electostrbon-
button, cell-phone) used in the conversation. Tihs et is
used to create the background model for the diffesgstems
and the second set is divided equally into twotsphf 249
speakers each.

An evaluation set is created from these splitstierl and
2 conversation side training conditions. The triate chosen
as follows. First all the speakers are scored agaith the test
data. All the true speaker trials are preservegoBbtor trials
are obtained by evenly sampling the overall imposiore
distribution. Only the data for 1 conversation stdsning is
used as a development set (devset) for the evatuaBach
conversation in the evaluation set is about 2.5 utei
(excluding silence) and each conversation in thekdpaund

2 The systems described in this paper do not use Agput
but some other SRI systems do use it. The purpose o
removing speakers is to make a consistent dataset f
evaluating all the different systemshich may or may not use
ASR output.

set is about 5 minutes (excluding silence). Wheaiuating on
a split, TNORM speakers are obtained from the ospét.

2.3 NIST 2004 and 2005 SRE data

This data was distributed as a part of the NISTuatmns [9].

It is a part of the Mixer collection [12]. The datas collected

in different languages and in different recordirgditions. In

this paper, we report results on the English-oné} tondition

for the SRE 2004 dataset and for common-condititatstfor

the SRE 2005 dataset. For both datasets, TNORM is
performed using speakers from the Fisher dataset.

Table1 Model and trial statisticsfor different datasets

Data #'I_’raln Split Referred Models | Trials
sides toas

1side 1 e03-1s-1 578 9765

NIST 2 e03-1s-2 585 9977
2003 8side 1 e03-8s-1 546 4911
2 €03-8s-2 559 5298

NIST 1side 1 e04-1s 479 15317
2004 8side 1 €04-8s 225 7336
NIST 1side 1 e05-1s 598 20907
2005 8side 1 €05-8s 464 16053
. . 1 fsh-1s-1 734 16578
Fisher | 1side — —— 4 72 | 702 | 14598

3. BASELINE SYSTEM

This system uses 13 Mel frequency cepstral coeffisi
(MFCCs). They were estimated by a 300-3300 Hz béatttiw
front end consisting of 19 Mel filters. Cepstrahtigres are
normalized using cepstral mean subtraction (CM8} are
appended with delta, double-delta, and triple-dedifficients.

For channel normalization, the feature transforomati
described in [1] is applied to the features.

Our baseline uses 2048 Gaussian components for the
background model. This GMM is trained using gended
handset-balanced data (electret, carbon-buttori;pkehe).
We use approximately 300 hours of data from FISHEARt of
the NIST 2003 extended SRE data, and the NIST 2e0alar
SRE development data.

Target GMMs are adapted from the background GMM
using MAP adaptation of the means of the Gaussian
components. Verification is performed using 5-b@8sussian
components per frame selected with respect to dckdsound
model scoresError! Reference source not found. shows the
performance of this system on different datasets.

4. CEPSTRAL SVM SYSTEM

This system is an equally weighted combinatiorhef dutputs
from four SVM systems (referred to as “combined SVM
system). The four systems use a linear kernel antbst
function that makes false rejection 500 times numgtly than
false acceptance. To train any SVM system, we &1
unique speakers from the background set as impakita
points.



These four systems use the same polynomial feathats
are derived from the basic features used in thelin@ssystem.
They are estimated as shown in Figure 1. The lieaiares are
13 MFCCs with delta and double-delta coefficienthis
vector is processed using CMS and feature transfiiom to
mitigate the effects of handset variations. Thendfarmed
vector is appended with second- and third-ordeymmhiaf
coefficients. The resulting vector has 11479 dinmrsand is
referred to as the polynomial feature vector. Hynalve
estimate the mean and standard deviations of tfesgares
over a given utterance.

Two systems use mean polynomial (MP) feature vedsr
follows. Principal component analysis (PCA) [13p&rformed
on the polynomial features for the background speak
utterances. A mentioned earlier, the number of ufeat
(F=11479) is much larger than the number of imposto
speakers (S=1673). The distribution of high-dimenal
features lies in a lower dimensional speaker sutsspganly S-

1 leading eigenvectors (also referred to as praicip
components, PCs) have non-zero eigenvalues. Thairmim
F-S+1 eigenvectors have zero eigenvalues.
13
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Figure 1 Flowchart of the SVM featur e extraction and
scor e combination strategy.

The leading eigenvectors are normalized by the
corresponding eigenvalues. All the leading eigetorscare

3 The second order polynomial of X5[x,] is
Poly(X,2)=[X xi* 4 % %]
and the third order polynomial is
poly(X,3)=[p(X.2) x°> XXz Xxz* X2° |.

selected because the total variance is distribetetly across
them. The mean polynomial features are projecte dme
normalized S-1 eigenvectors, and the resultingficoerits are
used in one SVM system. Similarly, the mean polyiabm
vectors are projected onto the remaining F-S+1 tmalized
eigenvectors and the resulting coefficients ared uise the
second SVM system.

In the remaining two systems, we modify the kertzel
include the confidence estimate obtained from ttaadard

deviation. If X and Y are two mean polynomial vectors, the
kernel used in the first two systems can be desdrés

KX.Y)=X"Y=Yxy.
We modified this kerﬂel tgbe
k(x,Y)_Za o= XN

This implies that the inner product is scaled by #tandard
deviation of the individual features, where thendixd
deviation is computed separately over each utteraimstead
of modifying the kernel, we modify the featuresdiytaining a
new feature vector that is the mean polynomial aredivided
by the standard deviation polynomial vector (MSDP).

PCA is performed on the MSDP as described eari&e
get two sets of eigenvectors. The first set cooedp to
nonzero eigenvalues and second set correspondsertm z
eigenvalues. In the first set, the eigenvalues rexe spread
evenly as they are for mean polynomial vectorss Thidue to
the scaling by the standard deviation terms. We kedy the
first 500 leading eigenvectors (corresponding t8096f the
total variance) and use coefficients obtained ftoem in the
first system. The second system uses as features th
coefficients obtained using the trailing eigenvesto
corresponding to zero eigenvalues.

The four systems are trained separately. Scores fhe
four systems are summed with equal weights to medhe
final scores.

4.1 Implementation

The background and background-complement transfemas
estimated as follows. As mentioned earlier, theadance
matrix from the features (F) for background speskK&) is a
low-rank matrix. Its rank is S-1. Instead of penfiimg PCA in
feature space, we perform PCA in speaker spaces iEi
analogous to kernel PCA. Then we transform the Krhel
PCs to the corresponding PCs in feature space. Hney
divided by the eigenvalues to get (S-1)*F backgobun
transforms.

The background-complement transform is implemented
implicitly. A given feature vector is projected ontthe
eigenvectors of the background transform. The tiegul
coefficients are used to reconstruct the featurovein the
original space. The difference between the origiaad
reconstructed feature vectors is used as the &eaaator in the
background-complement subspace. Note that this 4s F
dimensional subspace.

An interesting property of the background-complemen
subspace is that all the feature vectors correspgnid the
background speakers get mapped to the origin. Tdrere
SVM training is very easy. The origin is a singigiostor data



point (irrespective of the number of impostors) ae or
more transformed feature vectors from the targenhimg data
are the true speaker data points. This is vergmdifft from the
training in the background speaker subspace, wthere are S
impostor data points and one or more target spedkéa
points.

5. RESULTS

Table 3 shows the performance of the three systeing MP
vectors and their combination. The performancesported in
terms of equal error rate (EER). This is the pant the
detection error tradeoff (DET) curve — false acasapé vs.
false rejection — where the two errors rates argled ater,
results are also presented in terms of minimumevalfithe
detection cost function (DCF) as defined by NIST]. [9
Although the results are presented on 4 differetasets, the
latest results are on NISR 2004 and 2005 SREs. eThes
columns are highlighted for the better readabiliby.addition,
the results from individual experiments are diffdéigted from
the combination experiments usirglic font for the later.

Note that all the combinations of the SVM systems a
performed at the score level using equal weights.
Combinations of SVM and GMM systems are performsidg
a neural network combiner as explained in the sektsection.

Results show that systems using the backgroundftran
(A1) and background complement transform (A2) penfo
comparably to each other, specifically A2 perforgnipetter
than both Al and the system using original featfeé® in
8side training. The combination of the systemagisihe
transform (A3=A1+A2) gives an average performanteath
systems, which is worse than AO in the 1side tranand
better than AO in the 8side training. The combratof all
three systems (A4=A0+0.5*(A1+A2)) gives improvemener
AO and A3. This is a surprising result becauseesystAl and
A2 use subspaces of the original feature space usekD.
However, they appear to be making complementarisides.

Table 4 shows the performance of systems using MSDP
and their combinations. Results show that the sysiging the
background transform (B1) is better than the sysising the
background complement transform (B2) on 1side ingirand
vice versa for 8side training. Unlike MP, the condiion of
B1 and B2 (B3) outperforms the system using origieatures
(BO). Finally, when BO and B3 are combined (B4ph n
significant gains are observed. This shows thatsdiaation in
subspaces is better than the complete space forRViSDte
that the difference between A3 and B3 is that Aédsusll the
eigenvectors using non-zero eigenvalues and Bl ardgshe
500 leading eigenvectors.

Table 5 shows various combinations using the A Bnd
systems. AO and BO perform comparably and combittiegn
(CO0) does improve performance. Since AO combineltl with
A3 (A1+A2), we combine it with B3 to get C1. Thisvgs a
small improvement over either one of them. Finalllye
combination of A3 and B3 into C2, gives the beserall
performance and is either the same as or better tha
component systems.

5.1 Comparison and combination with baseline

Table 6 shows the performance of the combined Sysfem
with the baseline and their combination. The coratiam is
performed using a neural network combiner (LNKradtvgare
[14]). The combiner is trained with two layers (wout a
hidden layer) and a sigmoid nonlinearity at thepattiayer.
The training priors are optimized for the NIST DCBne
combiner is trained on the Fisher dataset anddeste SRE
2004 data and another combiner is trained on SRE 2iata
and is tested on SRE 2005 data. The same comiinsed for
SRE 2004 1side and 8side conditions, but diffecembiners
are used for SRE 2005, 1side and 8side conditions.

Results for e04 show that the combined SVM sysi€#g) (
performs comparably to the baseline for the 1lsidéning
condition. The combination improves on the indidtu
performances both in DCF and in EER. For the 8sigi@ing
condition, there is a different trend. The combin8Y%M
system does significantly better than the baselfdrther,
combination with the baseline does not give anyraowpment.

These observations are consistent on e05 dataptetice
combination of combined SVM and baseline for 84rdéing
condition results in a small improvement in DCF.isTh
difference can be attributed to the fact that tbenlziner for
e04-8s was trained using fsh-1s-1 but the comioree05-8s
was trained using e04-8s. Therefore, the trainiatp dvas
better matched to e05 than to e04.

Results for the combined SVM system and baseliee ar
analyzed further in Table 7. The results are preskenn the
SRE 2005 8side training condition because the most
improvement is observed for 8side training conditand the
SRE 2005 8side condition has the highest numbetrials
across all 8side conditions. Note that results ntegloas e05-8s
are on the common condition, where the training sest
language is English and a certain restriction &cedl on the
type of handset. For this analysis, we include Eiglish
language trials. That gives us 20856 trials, wiéchore than
what is shown in Table 1.

Table 7 shows the results for different sets -eich
gender, for same channel typand for a mix of channels.
Results show a consistent improvement of 29% foth bo
genders using the SVM system. For different channel
combinations, the SVM system gives around 22%
improvement for the same channel condition and 29%
improvement for mismatched channel condition.

6. SUMMARY AND CONCLUSIONS

We have described a new approach for using cegetrires
in an SVM framework. It consists of training fouy®s using
four different features derived from cepstral feasu The final
output is generated by combining their outputs wetjual
weights.

* Channel type and gender were determined by an atitom
gender and handset detector. The detector is sitnithe
baseline GMM system.



Table 2 Baseline system performance

%EER
st
System €03-1s-1|e03-1s-2|e03-8s-1|€03-8s-2|fsh-1s-1|fsh-1s-2| €04-1s | €04-8s | e05-1s | €05-8s
Baseline 4.63 4.74 1.92 2.0§ 487  3.997.77 4.95 748 | 4.83
Table 3 Performance of the systems and combinations, using mean polynomial vector
System %EER
Using mean
Index ? €03-1s-1|e03-1s-2| €03-8s-1|€03-8s-2[fsh-1s-1{fsh-15-2| €04-1s | e04-8s | €05-1s | €05-8s
polynomial vector
A0 original 5.92 6.00 1.44 1.62 5.3 4.22 | 9.84 | 437 X X
Al |after background transfofm 6.97 6.83 1.28 1.42 550 452 | 984 | 452 | 10.2 4.25
A2 after background | 575 | 706 | 112| 132 597550 | 1152 | 394 | 11.08 | 3.83
complement transform
A3 Al1+A2 6.61 6.68 1.23 132 | 550 | 452 | 977 | 437 | 922 | 359
Ad A0+0.5*(A1+A2) 5.19 5.15 1.06 122 | 484 | 414 | 857 | 3.49 X X

Table 4 Performance of the systems and combinations, using mean divided by standard deviation polynomial vector

System %EER
Index | USngmean div_std oq; 1o 1103 15.2e03-85 1/e03-85-2|fsh-15-1|fsh-15-2| €04-1s | €04-8s | €05-1s | €05-8s
polynomial vector
BO original 5.32 5.57 1.55 1.52 5.24 4.229.14 4.08 X X
B1 | after background transform5.38 6.06 1.71 1.76 4.71 4.1 9.28 4.32 8.05 4.25
B2 after background 589 | 6.33| 139| 142 577 4821061 | 394 | 11.08 | 3.83
complement transform
B3 B1+B2 4.45 4.95 1.23 1.47 4,58 3.77 8.29 3.35 7.49 3.29
B4 B0+0.5%(B1+B2) 450 4.86 1.38 1.32 4.44 3.84 8.22 3.35 X X
Table 5 Performance of the combination with systems using both types of polynomial vectors
Systems %EER
€03-1s-1| e03-1s-2 |e03-8s-1| €03-8s-2 |fsh-1s-1|fsh-1s-2| €04-1s | €04-8s | €05-1s | €05-8s
CO AO0+BO 5.56 5.62 1.49 1.51] 5.24 4.069.14 | 4.08 X X
C1 AO0+B3 4.96 4.98 1.17 1.27] 4.64 4.148.71 | 3.35 X X
Cc2 A3+ B3 4.38 4,51 1.06) 1.17] 4.3 3.998.01 | 335 | 7.26 3.05
Table 6 Combination results with the baseline system
Training Test o DCF Training ; o DCF
Split Split Systems %EER (x10) Split Test Split Systems Y%EER (x10)
X X Baseline 7.73 0.311 X X Baseline 7.48 0.253
Cc2 8.01 0.313 Cc2 7.26 0.272
fsh-1-1 e04-1s Baseline + C4 6.54 0.281 e04-1s e05-1s Baseline + C2 5.73 0.215
X X Baseline 4,96 0.211 X X Baseline 4.83 0.164
C2 3.35 0.126 C2 3.05 0.112
fsh-1-1 e04-8s| Baseline+ C4 3.94 0.143 e04-8s e05-8s Baseline + C2 3.11 0.102




Table7 %EER for different conditions from SRE 2005 8side
training condition. Theresultsarefor all English trials.

Cepstral Gender Channél
ALL -
System M F Same Different
GMM 5.03 473 5.18 1.07 7.08
Combined
SVM 354 | 3.34 3.63 0.83 4.99

The four SVM systems use a linear kernel and diffethe
types of features. Two of the systems use trangfdrfeatures
from the mean polynomial vectors and the other wmse
transformed features from the mean polynomial wedteided
by the standard deviation polynomial vector. Theo tw
transformations are obtained using features for se¢ of
background speakers. The idea behind the transfiamsais
based on the observation that the number of speakenuch
smaller than the number of features. Thereforectassification
in original feature space can be divided into twbspaces: (1) a
subspace modeling the variation across backgropeakers,
and (2) the subspace orthogonal to it.

In the case of cepstral features, these two subsphave
different properties as seen in the combinatiothe§e systems.
Although the systems using subspace projectionth@fmean
polynomial vector give similar performance, theyoyide
improved performance both in their combination aimd
combination with the original system. The systemsing
subspace projections of the mean polynomial vedidded by
the standard deviation polynomial vector are
complementary to each other, and their combinagierforms
significantly better than the original system. Hipathe four
systems using the subspace transformations
complementary output so that their
combination gave the best overall performance.

An interesting result is obtained in the backgreund
complement subspace. As mentioned earlier, therfeatectors
for background speakers all map to the origin. glassification
is performed with one impostor data point and B ¢&rget data
points. Considering the simplistic features usethis system, it
is remarkable that it performs comparably to theteay using a
subspace spanned by features from background gspedkes
shows the importance of the characteristics not etead by
background speakers. More work is needed to uratetghese
characteristics and to exploit them for speakengaition.

The combination of the final result with a statetlod-art
baseline system showed different trends for 1side &side
training conditions. For the 1side training, thentined SVM
system performed comparably to the baseline gayeifisiant
improvements in combination. For 8side trainingg tombined
SVM system performed significantly better than laseline and
gave a small improvement in combination with thedbae.

The combined SVM system was tested extensivelygusin

various databases recorded in a variety of chacoedlitions.
This gave five results for 1lside and four resulbs 8side
training. The consistent performance of the comtirg/M
system across all datasets shows that this is @igirg
approach for speaker recognition.

also

produce
equally weighted
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