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Abstract

We present a method for speaker recognition that uses
the duration patterns of speech units to aid speaker clas-
sification. The approach represents each word and/or
phone by a feature vector comprised of either the dura-
tions of the individual phones making up the word, or

the HMM states making up the phone. We model the

vectors using mixtures of Gaussians. The speaker spe-

curacy under normal conditions should see considerable
improvement by using both low- and high-level cues.
In fact, higher-level lexical, prosodic, and pronunciation
features extracted from conversation-length test samples
have recently been shown to give dramatically improved
speaker recognition accuracy when combined with tradi-
tional state-of-the-art systems [2].
In this work we exploit a novel high-level knowl-

cific models are obtained through adaptation of a “back- €dge source for speaker recognition: the differences in
ground” model that is trained on a large pool of speak- detailed duration patterns exhibited by different speak-
ers. Speaker models are then used to score the test data;ers- Each word and each phone is modeled in terms of its
they are normalized by subtracting the scores obtained durations and/or those of its constituent units. Speaker-
with the background model. We find that this approach SpPecific models are used to compute scores for speaker
yields significant perfomance improvement when com- recognition, which in turn can be combined with scores
bined with a state-of-the-art speaker recognition system from other systems to give considerable accuracy im-
based on standard cepstral features. Furthermore, the im- Provements. - Specifically, we investigate combinations
provement persists even after combination with lexical ©f duration models with the MFCC-based scores used
features. Finally, the improvement continues to increase N a state-of-the-art speaker recognition system, as well
with longer test sample durations, beyond the test dura- @s With models that capture speaker-specific word usage.

tion at which standard system accuracy level off.

1

Humans use several types of perceptual cues to identify
a particular speaker from his or her voice. One set of

I ntroduction

We also investigate the effect of test set length on speaker
recognition accuracy.

2. Duration Models

In this study we express duration patterns as vectors of

cues reflect the spectral properties of speech. These cuesdurations of speech units. We looked at three types of

are a direct function of the detailed anatomical structure
of the speaker’s vocal tract, and are modeled using very
short time slices. A second set of cues, which we will re-
fer to as higher-level cues, span longer temporal regions.
These are behavioral in nature, and include idiosyncratic
patterns in pronunciation, word usage, and prosody. Such
behavioral cues are influenced by many factors, including
dialect, cognitive style, pragmatics, and sociolinguistic
context.

Current speaker recognition systems are based on
cues of the first type, i.e., low-level acoustic information
based on Mel-frequency cepstral coefficients (MFCCs)
[1]. These systems are therefore quite sensitive to noise
and channel mismatch. We expect that adding high
level information could make such systems more robust.
Furthermore, to the extent that high-level features en-
code independent information, speaker recognition ac-

feature vectors:

e Word features: The features for each word are the
sequence of phone durations in the word. Thus
word models have varying numbers of compo-
nents, depending on the number of phones in their
pronunciation. Each word pronunciation is treated
separately. This approach is derived from an ap-
proach we have used for scoring speech recogni-
tion hypotheses [3].

Phone features (1-component): The features are
simply the durations of the phones and are one-
dimensional vectors.

e Phone features (3-component): The features are
the sequences of HMM state durations in the

phone. Since our recognition system uses 3-state



phone HMMs throughout, all feature vectors are number is then divided by the number of components that
three-dimensional. were scored (this is better than dividing by the number
of models because not all the models are formed by the
For the extraction of these features we use the state- same number of components in the case of the word fea-
level alignments from a large-vocabulary speech recog- tures). The final score is obtained as the difference be-
nizer. To make the most effective use of each type of tween the speaker-specific model score and that from the
feature we use three different systems, one for each fea- background model. This step makes the scores less de-
ture type. Each system generates a speaker recognition pendent on what was spoken, and effectively cancels out
score for a given test sample, and the three systems are score components that are not adapted to the speaker.
then combined at the score level. We find that this ap-
proach yields better results than an approach we used pre- 4.1. Scoring context-dependent models
viously, in which word models woultdack offto phone-
level models only when insufficient word-level training
data was available [3]. We also suspect that modelin
the phone durations in a separate system may yield bet-
ter performance than adding phone durations as a fourth
component to the three-component phone features.

As many of the context dependent models (especially the

pause context models) are usually adapted to the speaker
J with very few samples, it is necessary to use a back-off
strategy. When the context-dependent model correspond-
ing to the current feature vector has not been adapted to
the speaker with more than a certain number of samples
o . (30 for the phone models, 15 for the word models), the
3. Modé training and adaptation context-independent model is used instead.
After feature extraction for the whole corpus, a subset

of the data is used to create background models for each 4.2. Avoiding poorly adapted models

word and phone. This subset is composed of complete For many of the word features, models may not be

cqnversatlons from.many speakers_; hence the models O.b' adapted to the speaker with enough samples for robust
tained can be considered speaker-independent. Gaussian

ot dels (GMM irained f h 4 and estimation. We find that if we only score those models
mixture models ( s) are trained for eac wordand st were adapted to the speaker with more than 5 sam-
each phone (both 1- and 3-component versions). The

. X . ples, we obtain better results than when all test words are
size of each of these GMMs is determined by the num-

ber of training samples available for that model in the scored.
background model data. .
Once these models are trained, the training conversa- 5. Lexical Features
tions for each target model are used to adapt the back- We were also interested in whether duration features
ground model to the speaker. This way a speaker-specific could offer any benefit to a system that uses not only
model is robustly obtained for each word and each phone. standard features but also features from a speaker’s word
usage patterns. Following Doddington [4], we record
3.1. Pause context dependencies speaker-specific word bigram frequencies, and score the
test data with the likelihoods of observed bigram counts.
The log probabilities thus obtained are normalized by
subtracting scores from a background model trained on
all the data, and then dividing by the number of observed
words, similar to the way other scores are normalized.

Duration patterns often change when the speaker is about
to pause. For this reason we train context-dependent
models along with the context independent ones. The
pause contextmodel is trained for each word using the
samples that are found before a pause longer than 200
msec. Aword contextmodel is trained for each word .
using the samples that are not followed by pause, or are 6. Experiments

followed by pauses shorter than 200 msec. For the phone 6.1, Methodology

models, the pause context models are trained using the ) ) )

phones that are found in the last syllable of a word fol- 1h€ data used in these experiments is from the NIST
lowed by a pause longer than 200 msec. The rest of the 2001 speaker recognition evaluation extended-data task

phones are used to train the word context phone models. [5]: The dataset uses the entire Switchboard-1 corpus [6],
and is divided into six sets, or “splits”, for jacknifing. We

report performance of systems in terms of equal error rate
(EER) for a training condition of 8 whole conversations
Three different scores are obtained for each test, one for and for different test lengths. EER is computed by mov-
each set of features: word features, 1-component phone ing a threshold over the receiver operating characteristic
features and 3-component phone features. Each of these (ROC) curve. At every point, false-acceptance and false-
scores is computed as the sum of the likelihoods of the rejection errors are calculated. EER is the point on the
feature vectors in the test utterance given its models. This ROC where the two types of errors are equal.

4. Score Computation



System True | Recog.
Baseline (MFCC features) 0.90%
Lexical bigrams 8.65% | 9.30%

3-comp. phone duration features. 3.71% | 3.30%
1-comp. phone duration features10.88% | 8.82%
Word duration features 5.22%| 6.22%

Table 1: Equal error rates for the baseline, the word

bigram-based system and the three proposed duration-

Features used EER

Baseline (MFCC features) 0.90%
Baseline + lexical features 0.57%
All duration features combined 2.59%
Baseline + duration features 0.40%
Baseline + lexical + duration features0.29%

Table 2: Equal error rates for the baseline system and var-
ious combinations of lexical and duration-based models.

based systems. For each system, results using true wordsAll results are based on automatic word recognition.

and automatically recognized words are reported.

To provide a baseline system for combination with
our proposed new features, we extended SRI's conven-
tional speaker recognition system, a system based on
Gaussian mixture models [1] that uses standard Mel-
frequency cepstral coefficients (MFCCs) as features. The
background GMM is trained with data from many speak-
ers and the speaker GMM is adapted from the background
GMM as is done for the duration models.

Lexical bigram features are obtained using the word
hypotheses produced by a pared-down version of SRI's
conversational speech recognizer [7]. The recognition
word error rate on the data processed was 30%. Dura-
tion features were extracted using the phone- and state-
level alignments of the recognizer output. To assess the
effect of recognition errors we also tested systems that

Clearly, none of the non-standard knowledge sources
alone is competitive with the baseline system. Further-
more, systems based on word units (including lexical bi-
grams and word-level duration models) degrade some-
what as a result of recognition errors, as might be ex-
pected. However, the degradation is small (about 20%
relative in the worst case) considering the relatively high
word error rate. Somewhat surprisingly, the phone-level
duration models actually improve when automatically
recognized words are used. Itis conceivable that speaker-
specific misrecognitions (e.g., due to pronunciation vari-
ation) are captured and modeled by the phone duration
models, and therefore benefit speaker recognition. Still,
this result merits further investigation. For example, this
may mean that phone models could benefit from the use
of a simple phone recognizer instead of the automatic

were based on the words and alignments of the reference speech recognition system we currently use.

transcripts.

The background model and the target models are al-
ways obtained on independent splits. For example: for
target models in Splits 1, 2 and 3, the background model
is computed on Splits 4, 5 and 6. Scores obtained with
the baseline and lexical features are combined with du-
ration scores, using a multilayer perceptron with 10 hid-
den layers. The classifiers are trained using 6-fold cross-
validation. For example, for Split 1, the perceptron is
trained using Splits 2, 3, 4, 5, and 6.

6.2. Reaults

Table 1 shows the EERSs for the individual systems for
two different test conditions:

e Features extracted using forced alignments for the
true words

e Features extracted using alignments for automati-
cally recognized words

In both cases full conversation sides are used for test-
ing.

Note that models were trained and tested in matched
conditions; in particular, the models used on recognition
output were also trained on recognition output.

We now turn to systems that make use of combina-
tions of knowledge sources. Table 2 shows results for
several such systems, using automatic word recognition
and full conversation sides as testing conditions. The
three duration models combined give only a modest er-
ror reduction (20% relative) over the single best duration
model, the three-component phone duration model, indi-
cating that there is a large amount of redundancy among
the three duration models. However, all combinations
with the baseline system give significant error reductions
relative to the baseline. Adding the duration features cuts
EER by more than 50%. Adding both lexical and dura-
tion features reduces the EER to one third of the base-
line. Relative to a baseline of combined cepstral and lexi-
cal features, the duration features again achieve an almost
50% error reduction.

6.3. Effect of test segment duration

Our duration models use much larger speech units than
does the baseline system, and hence work with many
fewer data points per unit time. (The same is true of the
lexical model.) We were therefore interested in the rela-
tionship between test data duration (how much speech is
available to identify the speaker by), and the effectiveness
of our models. For this study we used a stripped-down
baseline system that did not incorporate some advanced
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Figure 1: Performance for duration model, baseline
model, and combined model, as a function of test sam-
ple length. Note the two graphs use different ordinate
scales. “Full Conv. Side” = full conversation side; this

result is plotted at 180 sec. because that is roughly the
mean duration over full conv. sides.

functions, such as handset normalization. The resulting
baseline EER was about 1.8%.

We tested the models on test segments of varying

lengths, between 10 and 180 seconds. (The latter cor- 3

responds roughly to the mean test length if testing on full
conversation sides. Although in principle one could ex-
amine lengths longer than 180 seconds, we run into a
problem of data sparseness at high lengths because to-
tal conversation time was limited in the collection proce-
dure for the present corpus.) To obtain these test sets we
concatenated speech segments with only short embedded

pauses, so that the nominal test set lengths corresponded

mainly to speech, not silence. Similar to results in Ta-
ble 2, we used automatic word recognition to obtain the
duration features. Results are shown in Figure 1.

As expected, all models degrade on less test data, and
this is (unsurprisingly) especially true for the duration
system. Yet interestingly, even at the shortest test length
there is still an improvement to be gained from duration
modeling. Furthermore, while baseline system perfor-

mance levels off at about 120s, the duration model con-
tinues to improve as more data is available. Thus, alter-
native models such as the duration model described here,
may prove particularly useful for certain applications be-
cause they can take advantage of additional available test
data.

7. Conclusions

We have shown that duration features based on auto-
matic speech recognition are highly effective knowledge
sources for speaker identification. Duration features are
useful at the word, phone, and state level. When com-
bined with information from a state-of-the-art conven-
tional speaker recognition system, duration features re-
duce identification error by as much as 50%. This gainin
performance does not disappear when other helpful fea-
tures, such as word-usage based models, are also present.
In addition, duration-based features have the ideal char-
acteristic that their contribution to performance contin-
ues to increase as test sample length increases; in con-
trast, conventional systems saturate after test durations of
a few minutes of speech and do not make use of addi-
tional available data.
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