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Text-Independent Speaker Verification Using
Covariance Modeling

Ran D. Zilca

Abstract—This letter describes speaker verification using a co-
variance-modeling approach for speaker and world modeling. Two
verification methods are suggested: frame level scoring and utter-
ance level scoring. Both methods exhibit extremely low computa-
tional and model-storage requirements. The suggested methods are
tested on the male segment of the 1999 NIST Speaker Recognition
Evaluation corpus, using a single training session, and compared
to a Gaussian mixture model (GMM) system. The degradation in
accuracy and the computational requirements are estimated. Co-
variance modeling is seen to be a viable alternative to GMM when-
ever computational and storage requirements must to be traded
with verification accuracy.

Index Terms—Covariance modeling, second order statistics,
speaker recognition, text independent, utterance level scoring.

I. INTRODUCTION

T HE prevailing approach in current speaker verification
systems is to score each speech frame separately against

the claimant speaker’s model and combine frame scores to
form an utterance score. The need for scoring frames separately
may be associated with the present modeling approaches,
where local clusters in the feature space are modeled explicitly,
e.g., vector quantization (VQ) [1], Gaussian mixture model
(GMM) [2]. The tested utterance includes only a subset of the
phonetic space modeled by the text-independent speaker model
and therefore cannot be compared in its entirety to the model,
and each frame is actually scored mostly against local feature
clusters. For example, for VQ models, the frame is compared
to the closest codebook vector, and for GMM the frame’s
score is in effect influenced only by the closest Gaussian
components. This multimodal nature of speaker modeling
mandates extensive computation since each frame is scored
separately against the multimodal models during verification,
and training is iterative. Motivated by these observations, we
seek a simple unimodal modeling approach that will allow
simplified training and verification procedures. Previous work
on covariance modeling focused on speaker identification tasks,
with no background normalization (e.g., [3], [4]). We suggest a
simple extension to such methods that allows performing score
normalization for speaker verification.
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A. Single Gaussian (SG)

The SG method is a reduction of GMM, where a single
Gaussian models the speaker’s training data. When cepstral
mean subtraction is used [5], the mean equals zero, resulting
in a covariance-only model. Verification using SG is obtained
by calculating the difference between the speaker and world
scores, according to the standard GMM verification framework
[6].

B. Divergence Shape Ratio (DSR)

Thedivergence shapeis an information-theoretic measure be-
tween two Gaussian classes, introduced by Campbell as a mea-
sure of dissimilarity between a reference speaker utterance and a
tested utterance [4]. Let be the covariances of speech fea-
tures extracted from the two utterances, the divergence shape
equals

(1)
Campbell used the divergence shape for text dependent speaker
identification, and tested it with clean speech and line spectra
pairs (LSP) [4]. We suggest using this measure forscore normal-
izationas part of a text independent, telephone speaker verifica-
tion task with mel frequency cepstral coefficients (MFCC). Prior
to verification, a “world model,” denoted as , is computed
as the sample covariance of speech features gathered from a di-
verse speaker population. For each speaker, a model is trained by
computing the sample covariance of the speaker’s training data,
denoted as . Scoring a test utterance against a claimed
speaker is accomplished by calculating its sample covariance
matrix and then the DSR, defined as the ratio between the
divergence shapes of the utterance with respect to the speaker
and the world models, taken with an opposite sign, i.e.,

(2)

As seen from (2), a speech utterance having small divergence
shape with respect to a speaker model, relative to its divergence
shape from the world model, will produce a high score and
vice versa. The utterance sample covariance is calculated frame
by frame, yet unlike the frame likelihood based approach (SG,
GMM), each frame calculation is performed regardless of the
speaker model. Therefore, once the utterance covariance is ob-
tained, scoring with respect to a model (either speaker or world)
involves only a single operation. Speaker verification involves
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scoring with respect to more than one model in order to obtain
a normalized score, and DSR allows obtaining the normalized
score using a single frame level computation.

II. EXPERIMENTS AND CONCLUSIONS

The DET curves [7] in Fig. 1 show the verification results
for the male segment of the 1999 NIST Speaker Recognition
Evaluation corpus. Training was performed using only one of
the two training sessions (session “”), resulting in 1-min-long
training sessions. It should be noted that this task is more dif-
ficult than the original NIST-1999 evaluation. First of all, only
1 min of training data is made available instead of 2 min. In
addition, the training data originates from a single training con-
versation, whereas for the original evaluation two training ses-
sions were available, allowing for some intersession variability.
We may therefore expect worse results compared to the results
of the evaluation [8]. The duration of the test segments varies,
mostly between 15 and 45 s. A detailed description of the NIST
evaluation data and conditions may be found in [8].

The results are presented for three different mismatch condi-
tions.

1) Same number same type (SNST). Verification of true
speakers (“target trials”) performed from the same
telephone number as the enrollment, using the same
handset type (handset types may be either carbon-button
or electret). Imposter trials are made from a different
number using the same handset type.

2) Different number same type (DNST).
3) Different number different type (DNDT).
All experiments were conducted using handset-type depen-

dent world models, trained using all the 3-s male test sessions
of the 1998 NIST Speaker Recognition Evaluation data, ap-
proximately 2 h of speech for each handset type. Preprocessing
included 25 ms framing with 50% overlap, using only voiced
frames to extract 18 MFCC per frame and perform cepstral
mean subtraction.

The covariance modeling methods were compared to a
512 component Bayesian adaptation GMM, trained using
the procedure and adaptation parameters described in [6]. As
seen in Fig. 1(a), in SNST conditions, SG and DSR perform
similarly, degrading the GMM performance from 10% equal
error rate (EER) to 14% (40% relative degradation), though
DSR and GMM performance merge in the upper left part (high
false rejection, low false acceptance). In DNST conditions
[Fig. 1(b)], verification EER drops from 19% to 28% and
33% for SG and DSR, respectively (47% to 74% relative
degradation). In DNDT conditions [Fig. 1(c)], the gap between
the GMM and covariance models is significantly smaller. The
degradation relative to GMM is 30% for SG and 18% for DSR.
Interestingly, DSR seems to exhibit similar performance for
DNDT and DNST conditions, unlike GMM and SG.

An example that illustrates the CPU time required for enroll-
ment and verification for the different methods, as measured
for a single verification trial (utteranceeaaa, speaker 4309), is
shown in Table I. CPU time was measured on a P-III, 450 MHz
workstation. To allow a fair comparison GMM verification was
performed using a five-component approximation as described

Fig. 1. DET curves comparing DSR, SG, and GMM performance in different
mismatch conditions.

in [6]. However, the computational advantage of the covariance
modeling methods is evident. Training is four orders of mag-
nitude faster than GMM. SG verification is eight times faster
than GMM, and DSR verification is approximately 1300 times
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TABLE I
COMPARISON OFCPU TIME [SECONDS], FORENROLLMENT AND VERIFICATION.

faster than GMM verification, owing to utterance level scoring.
Furthermore, the covariance models require only 171 memory
cells, compared to 18 944 for GMM.

The observed verification rates, CPU times, and storage
requirements clearly indicate that covariance models allow
graceful trading of computational complexity with accuracy
requirements. In particular, DSR is shown to be an efficient,
promising technique.

The computational advantages of DSR are most useful for
speaker recognition systems that involve scoring a single ut-
terance against several models, since the utterance covariance
is computed once, frame by frame, but subsequently may be
scored against each model in a single operation. For example,
in speaker verification systems that use world modeling, as de-
scribed in this letter, the tested utterance is scored against two
models: the speaker’s and the world. DSR may be also used with
cohort normalization for speaker verification [2], where each ut-
terance is scored against a set of background speakers for nor-

malization. In the case of cohort normalization, the computa-
tional advantage would be more significant compared to frame
likelihood methods such as GMM.

Future work should focus on tuning and improving the DSR
method and evaluating its performance in cohort-based speaker
verification.
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