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ABSTRACT

This paper discusses building gender dependent gaussian mixture
models (GMMs) and how to integrate these with an efficient gen-
der detection scheme. Gender specific acoustic models of half
the size of a corresponding gender independent acoustic model
substantially outperform the larger gender independent acoustic
models. With perfect gender detection, gender dependent mod-
eling should therefore yield higher recognition accuracy without
consuming more memory. Furthermore, as certain phonemes are
inherently gender independent (e.g. silence) much of the male
and female specific acoustic models can be shared. This paper
proposes how to discover which phonemes are inherently simi-
lar for male and female speakers and how to efficiently share this
information between gender dependent GMMs. A highly accu-
rate and computationally efficient gender detection scheme is sug-
gested that takes advantage of computations inherently done in the
speech recognizer. By making the gender assignment probabilistic
an increase in word error rate (WER) seen for erroneously gender
labeled speakers is avoided. The method of gender detection and
probabilistic use of gender is novel and should be of interest be-
yond mere gender detection. The only requirement for the method
to work is that the training data be appropriately labeled.

1. INTRODUCTION

Gender specific models are known to yield improved accuracy over
gender independent models and have previously been considered
extensively in the literature. The most typical use is a two-pass ap-
proach where in the first pass a gender-detection scheme is used to
detect the gender of a speaker and in the second pass the speech is
recognized with the corresponding gender specific acoustic model.
See [1, 2] for examples of use of gender information in acoustic
models.

The experiments described in this paper was performed on an
IBM internal database, [3, 4]. The baseline acoustic model con-
sisted of a standard 39 dimensional FFT-based MFCC frontend
(13 dimensional cepstral vectors and corresponding A and AA
cepstral vectors spliced together). Digits are modeled by defining
word specific digit phonemes, yielding word models for digits. In
total 680 word internal triphones are used to model acoustic con-
text and the gaussian mixture models used to model the individual

allophones consisted of a total of 10253 gaussians. The number
of gaussians assigned to each allophone was determined using the
Bayesian Information Criterion as described in [5]. The database
used for training was well balanced between the genders. It con-
sisted of a total of 462388 utterances out of which 228693 cor-
responded to female speakers and 233695 corresponded to male
speakers. The training data was collected in a stationary and mov-
ing car at two different speeds — 30 mph and 60 mph. Data was
recorded in several different cars with a microphone placed at a
few different locations — rear-view mirror, visor and seat-belt. The
training data was also appended by synthetically adding noise, col-
lected in a car, to the stationary car data. The test set was similarly
well balanced with a total of 73743 words out of which 36241
words were uttered by female speakers and 37502 by male speak-
ers. The test data comprises of 22 speakers recorded in a car mov-
ing at speeds 0 mph, 30 mph and 60 mph respectively. Four tasks
were considered: addresses (A), commands (C), digits (D) and ra-
dio control (R). Following are typical utterances from each task:
A: NEW YORK CITY NINETY SIXTH STREET WEST

C: SET TRACK NUMBER TO SEVEN

D: NINE THREE TWO THREE THREE ZERO ZERO

R: TUNE TO F.M. NINETY THREE POINT NINE

2. COMPARISON OF GENDER DEPENDENT AND
GENDER INDEPENDENT MODELS

By a male, female or gender dependent GMM we mean a GMM
built from the portion of the training data uttered by speakers of
that specific gender. Since a gender dependent GMM is built from
roughly half of the training data, it is strictly speaking not obvious
that a gender dependent model will outperform a gender indepen-
dent model built from the entire training data. One test of the use-
fulness of gender is that a gender dependent GMM of the same size
as the gender independent GMM should outperform the gender in-
dependent model on test data for speakers of that same gender.
Table 1 shows performance on diagonal covariance GMMs corre-
sponding to the gender dependent and gender independent models
each with a total of 10253 gaussians. Also, listed in Table 1 is the
performance for MLLT (semi-tied covariance) gaussians, [6, 7].
Two points are worth noting in the table. Firstly, that the oracle'



Gender of training data
Test both  female male oracle
Gender diagonal GMMs
both 334% 6.22% 6.52% | 2.41%
female | 4.40% 290% 11.27% | 2.90%
male | 2.32% 9.42% 1.93% | 1.93%
MLLT GMMs
both 295%  5.95% 6.52% | 2.11%
female | 3.69% 2.48% 11.10% | 2.48%
male | 2.24%  9.30% 1.76% | 1.79%

Table 1. Word error rates broken down on gender for 10K gender
dependent and gender independent GMMs

yields a 29.7% and 28.5% relative improvement in the error rate
over respectively the baseline diagonal or MLLT model. Secondly,
the cross-gender performance, i.e. a female GMM decoding male
speech or a male GMM decoding female speech, is dramatically
worse than the gender independent performance. The first point
implies that there is a lot of room for improvement using gender
information. The second point implies that a gender classification
error will be very costly. On the other hand, the high cross gen-
der classification error indicates that the models are quite different
from each other thus one may suspect that gender classification
will be a simple task.

In our target application memory is severely constrained.
Thus, it is out of the question that the number of gaussians can
be doubled even if only half of the gaussians is used once the gen-
der has been determined. Table 2 shows the performance for male
and female models that consists of less than half as many gaus-
sians, i.e. 5034 gaussians. The relative improvement for the oracle
model is now 19.8% and 19.0% respectively for the diagonal and
MLLT models.

Gender of training data
Test 10K, both  female male oracle
Gender diagonal GMMs
both 3.34% 6.75% 727% | 2.75%
female 4.40% 3.45% 12.66% | 3.45%
male 2.32% 9.93% 2.06% | 2.06%
MLLT GMMs
both 2.95% 6.61% 7.01% | 2.39%
female 3.69% 289% 12.29% | 2.89%
male 224% 10.21% 1.90% | 1.90%

Table 2. Word error rates broken down on gender for SK gender
dependent and 10K gender independent GMMs

!Oracle here refers to the situation where the gender of the test speakers
is known and the appropriate gender model is used for decoding.

3. USING GENDER INFORMATION
PROBABILISTICALLY

The improvement in the oracle model for the merged 5K gender
models are noticeably smaller than for the 10K models, but still
substantial. When using a gender detection scheme to detect gen-
der there will inevitably be errors, especially at times of gender
changes. As the crossgender performance is very poor, a scheme
with a less dramatic deterioration in the word error rate would be
desirable. The gender independent 10K GMMs is of course such
a model. Table 3 shows the performance for three different inter-
polation values for the diagonal covariance GMMs. Note that the
performance of the model where the male and female GMMs are
equally interpolated is only slightly worse than the performance
of the gender independent models. What this means is that if
it is difficult to assess the gender one can simply use the model
0.5 * GMM¢ + 0.5 * GMMy, at little cost in accuracy.

Test 0.5*GMM¢ 0.8*GMM;¢ GMM;
Gender | +0.5*GMM., +0.2*GMMp,

both 3.51% 3.44% 6.75%
female 4.60% 4.04% 3.45%
male 2.46% 2.87% 9.93%

Table 3. Word error rates for interpolated gender dependent diag-
onal GMMs.

Let pr and pm, pr + pm = 1 represent how certain we are that
speech originated from a speaker of a particular gender. If the only
acoustics observed from a speaker is a single frame x; the best
estimate for pr is the aposteriori gender probability
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where G is the collection of all gaussians and F and M are the
collection of gaussians corresponding to male and female speak-
ers. With more speech the estimate can of course be improved.
With frames x1, ..., X7 areasonable estimate for ps is simply

The problem with this estimate is that it does not easily allow de-
tection of a change of speaker. One possible method to fix this is
to not use all previous frames, but to create a moving window, i.e.
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A tiny drawback to this strategy is that it requires the memoriza-
tion of the previous n — 1 values of y¢;. Also, this strategy weights
each previous sample equally. Intuitively the most current acoustic
information should carry more weight than the older acoustic in-
formation. A probability distribution solving these two problems
is the discrete geometric probability distribution ¢; = (1 — a)a’,



i =0,1,.... With this distribution we define p¢(T") by

pe(T) = qu,T—t.
t=0

This quantity can now be efficiently computed by the formula
pi(T) = axpe(T = 1) + (1 — o) % y,7—4,

requiring only the memorization of p¢(T — 1)2. The mean of
@i is @/(1 — «) which can be interpreted as the effective win-
dow size when using the weights ¢;. In the speech recognizer
cepstral vectors are computed every 15ms and « was chosen so
that /(1 — @) = 100. Thus, the effective gender switch-
ing time for ps(T) * GMM¢ + pm(T)GMMy, is of the order
of 1.5 seconds. The decoding result with the acoustic model
pe(T) * GMM¢ + pm (T)GMMi, is given in Table 4. This acous-
tic model did not capture much of the gain inherently available
in the oracle model. Detailed analysis shows that this is due to
pe(T") and pw (T') being very close to 0.5. This could mean that
pe(T) is not a good predictor that speech originated from a female
speaker, but luckily this is not so. ps(T") tend indeed to be greater
than 0.5 for female speech as can be seen in Fig. 1. The cure that
is needed is a “sharpening” of the aposteriori probabilities ps(T")
and pm (7). Introduce the boosted gender detection probabilities
m¢(T) and 7w (T') by

pe(T)°
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The larger 3 the sharper the 7¢(T'), 7m (T') probabilities become.
Table 4 shows results for decoding with the model 7¢ (1) GMM¢ +
Tm (T)GMMy, for 3 = 6. As can be seen almost all of the gain
in the oracle model, which has an error rate of 2.75%, is captured
by this acoustic model.

Test baseline pr * GMM;¢ e * GMM;¢
Gender +pm * GMMy,  +7mm * GMMy,

both 3.34% 3.29% 2.88%
female 4.40% 4.26% 3.61%

male 2.32% 2.34% 2.18%

Table 4. Word error rates for time mediated averaging of the gen-
der dependent diagonal GMMs.

4. SHARING OF GAUSSIANS BETWEEN GENDER
DEPENDENT MODELS

It is clear that silence is inherently gender independent and thus
many of the gaussians modeling silence are bound to be unneces-
sary. Possibly even some of the other phonemes are inherently not
different under gender variations too. If we share the gaussians for
the sounds that are inherently gender independent we may be able
to squeeze out some of the difference between the 10K oracle and

2The only distributions with the “no memory property” is the geometric
distribution and for continuous distributions the exponential distribution
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Fig. 1. Graph of p¢(T") and 7¢(T") for the first 1000 cepstral vectors
uttered by a female speaker.

5K oracle models. To measure the difference between two acoustic
models for a phoneme X we use the Kullback Leibler divergence

D(flm) = /R log ( ,{1((“2)) f(x)dz. @

If f = GMM;¢(X) and m = GMMuu(X) consists of a single
gaussian (2) can be computed exactly. Otherwise, the distance
must be computed numerically. Monte Carlo estimation can be
used to compute the integral in the general case. Let {z;}7—, be n
samples from the distribution f(z), then

/Rd f(x)logm(z)dr =~ %glog m(z;).

Using the Kullback Leibler distance we can now decide which
phonemes vary little between the genders. Table 5 shows the list of
phonemes with smallest and largest Kullback Leibler distance. To
take advantage of this we built gender dependent acoustic models
with 6.3K gaussians and gender independent models with 7K gaus-
sians. To combine these we computed the Kullback Leibler dis-
tance between all context dependent phonemes and sorted these.
We can afford a total of 10K gaussians. Combining the 6.3K
male and female acoustic models gives a total of 12.6K gaus-
sians. To reduce the number of gaussians we sort the context
dependent phonemes according to the Kullback Leibler distance
and replace with gaussians from the gender independent gaussians
starting with the smallest distance first. When the number comes
below 10K we stop. Table 6 shows the decoding results.

4.1. Fast gaussian evaluation

The previous experiments are a bit unrealistic in that not all the
gaussians are evaluated for every frame in a real time speech rec-
ognizer. In computing 7¢(7") we will only have a small set of
gaussians that are evaluated for each frame. This may possibly
lead to poorer performance in the gender labeling. Table 7 shows



D(f|lg) phoneme || D(f|lg) phoneme
0.5059 PD_3 18.3031 ow_1
0.5322 F_1 16.8553 EH_1
0.5626 F_2 16.6865 ER_3
0.6652 F_3 16.3531 EY_3
0.7608 H_1 16.3488 EH_1
0.7662 SIL_1 16.3469 EH_2

Table 5. Top few context dependent phonemes (allophones) with

largest and smallest Kullback Leibler distance.

cedure. First, collect statistics on the female training data with the
composite model, but update only the gaussians corresponding to
the female speakers. Then, repeat for male speakers and iterate this
procedure. The improvements after several iterations are shown in

Table 8.

Test e * GMM¢ retrained
Gender | +mm * GMM,

both 3.23% 3.09%
female 3.87% 3.63%

male 2.61% 2.57%

Test baseline e * GMM¢
Gender +7m * GMM

both 3.34% 2.80%
female 4.40% 3.55%

male 2.32% 2.07%

Table 6. Word error rates for time mediated averaging of the gen-
der dependent diagonal GMMs with shared gaussians.

the results with fast gaussian evaluation for the gaussian models
considered in Table 6. As most speech recognizers are highly op-
timized with respect to computational cost even the computation
of 7¢(T") and 7m (T') can be prohibitively expensive. One way to
save on computation is to further reduce the number of gaussians
available in the computation of 7¢(T") and 7m (T). In the extreme
where we only keep one gaussian the quantity s ; is O if the top
scoring Gaussian belongs to M, 1 when it belongs to F and 0.5
otherwise. We will denote this case by 7 (7T") and 7, (T'). The
computation of 7 ¢(T") now merely corresponds to simple count-
ing and the evaluation of (1) and as can be seen in Table 7 the word
error rate actually improves slightly.

Test baseline e * GMM¢ 7y % GMM¢
Gender +mm * GMMy  +7p, * GMMp,

both 3.72% 3.23% 3.21%
female 4.73% 3.87% 3.82%

male 2.73% 2.61% 2.62%

Table 7. Word error rates for decodings with fast hierarchical eva-
lutation of GMMs and a fast gender detection scheme.

5. RETRAINING GENDER AVERAGED ACOUSTIC
MODELS

Just as we could merge gaussians to share the common structure in
the acoustic models we could imagine letting the EM algorithm au-
tomatically discover such structure. If we force 7 (T") and 7 (T°)
take on the values 0 or 1 according to the gender of the speaker
in the training data the new models will not differ from the current
models. Similarly experiments showed that using the values 7¢(T")
described for decoding does not yield any gains either. However,
we can fix m¢(T) and 7m (T") to 0.5 and adopt the following pro-

Table 8. Word error rates for retrained averaged gender dependent
GMMs.

6. CONCLUSION

This paper describes a technique that takes advantage of gender
information in the training data and shows how to squeeze out the
most of this information. By using a probability value to average
male and female GMMs the dramatic deterioration in cross gender
decoding performance is avoided. Finally, the computation needed
is negligible and no extra memory is needed to see a substantial
drop in the word error rates.
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