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Abstract

In this paper we propose a voice activation method based
on prosodic keyword verification. In current voice activa-
tion systems features like the fundamental frequency contour
have not been considered so far. Normally a continuous lis-
tening word spotter is used to detect a certain predefined key-
word. We conducted an experiment which shows that people
emphasize this keyword when they address a recognizer. To
capture the prosodic information we trained an HMM on the
fundamental frequency and energy contour of the keyword.
The prosodic model is used to verify the keyword hypotheses
of a phonetic recognizer. We investigated the performance of
the prosodic model to distinguish between the same keyword
spoken in command and non-command phrases. The intro-
duction of the prosodic information significantly reduced the
false alarm rate whereas the detection rate was only slightly
degraded.

1. Introduction

One crucial point for the practical use of speech recognizers
is the activation of the system. Many current systems require
a “push-to-talk” activation. However, for practical applica-
tions such a manual activation is unsuitable. A voice activa-
tion of the recognizer is often more ergonomic as it enables a
complete hands- and eyes-free speech interface. Voice acti-
vation systems usually consist of a continuous listening word
spotter which detects a certain predefined keyword or key
phrase [1]. They use a word HMM for the keyword and
represent non-speech and non-keyword segments by garbage
and filler models. The greatest challenge for a voice ac-
tivation system is the robust rejection of out-of-vocabulary
(OOV) words in order to avoid false alarms [2]. But even
in the case of an ideal word spotter false alarms occur if the
keyword is uttered in another context than a command. For
example an activation keyword like “computer” will most
likely occur outside command phrases, too. The common so-
lution to that problem is choosing exotic, but not necessarily
user-friendly, keywords which occur rarely in normal speech.
However, people also emphasize a keyword in some way
when they address a recognizer. Thus we can use prosodic
features like the fundamental frequency, the intensity or the
word or syllable duration to determine whether the keyword
was uttered as part of a voice command or not. In current
voice activation systems the fundamental frequency and the
intensity have not been considered as prosodic features so far.
However, Yamashita and Mizoguchi showed in [3] that the
performance of a keyword spotter benefits from additional
prosodic knowledge. They calculated the prosodic similar-

ity between a keyword reference pattern and input speech
through a Dynamic Time Warping approach. However, this
approach is speaker dependent. For a speaker independent
system selecting only one template as prosodic model is in-
adequate. Therefore we propose to model the prosodic fea-
tures of the keyword by an HMM. The primary goal of our
work is a more robust voice activation without using exotic
keywords through the combination of phonetic recognition
and prosodic verification.

2. The prosodic model

In [4] Ljolje and Fallside showed the capability of HMMs to
model the essential features of isolated prosodic patterns in
terms of fundamental frequency, timing and intensity. We use
the fundamental frequency Fy, the RMS energy and their first
time derivatives as features to describe the prosodic patterns
of keywords intended as a command. The calculation of raw
Fy and RM S features was done by the widely used ESPS
tool get £0. Observation vectors were calculated every 10
milliseconds. Voiced segments shorter than 40 milliseconds
were rejected and reset to zero. Unvoiced segments were in-
terpolated by a spline function to achieve a continuous F
contour. For a speaker independent processing RM S and
Fy contours were normalized, smoothed by an average fil-
ter and converted to a log-scale. Figure 1 shows average F'g
contours of the keyword “computer” for 30 Speakers. Con-
tours of keywords intended as a command are printed in gray,
contours of keywords occurring in normal speech are printed
in black. The speech samples were recorded during speech
controlled slide presentations (see section 4.2). The speech
melody significantly differs between command and normal
speech. Thus the fundamental frequency can be used as a
discriminative feature. To model the prosodic features we
trained a seven state left-to-right prosodic HMM

PHMM — {V, B, {N}, I/(V),W(E)} (1

consisting of anode set V and a directed edge set E C V x V.
Through the map vV) : V — {N} a single 4-dimensional
Gaussian probability density function NV;(p,,%;) € {N}
with full covariance matrix ¥ is assigned to each node.
Each edge carries a transition probability 7 (¥) : F — RO,

We performed a Viterbi training with 138 recorded sam-
ples of 3 female and 3 male German speakers. All training
samples were visually inspected for obvious failures of the
automatic Fjy extraction. Erroneous samples were removed.
The Gaussians where initialized by distributing the feature
vectors uniformly over the model states.
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Figure 1: F{y contours of the keyword “computer” taken from command and non-command phrases

During the classification procedure we build a linear graph
X from the observation feature vector sequence X which as-
signs exactly one feature vector to each node of the graph.
Then the graph & is matched on the trained model PHMM
using a Viterbi search:

2]
U* = argmax Z D (z(u) N (u;)) )
UCPHMMx X |

where U/* denotes the path through PHMM which maximizes
the sum of the log-likelihoods of the feature vector z given
the Gaussians N (vy,):

Drr(zV(vr)) = —(z — ) 2 (& — p) — I [Se| (3)

We write LL*(X |PHMM) for the log-likelihood sum along
the best path ¢/*. To incorporate state duration information
into the PHMM we implemented a heuristic method based on
normalized state duration histograms [8]. During the training
stage normalized state duration histograms are created for
every state. These histograms are used to estimate state du-
ration probability density functions p(7;) which are consid-
ered to be Gaussian with 2 to 5 mixtures. In the recognition
stage the normalized state durations 7; are calculated after
the Viterbi segmentation is done. Then, the log-likelihood
value LL* of the optimal state sequence is incremented by
the log of the state duration probability p(7;):

N
PS=LL(X[PHMM) + 7> loglp;(rj)] (4
Jj=1

where 7 is a scaling factor. We use this modified log-
likelihood sum as a prosodic confidence measure PS to
determine how similar the observations X and the trained
model PHMM are.

3. Command recognition with voice activation

For our experiments we equipped the SMG [7] based UASR
[5] recognizer with the prosodic model described above. The
acoustic models were trained with approximately 30 hours
of machine labeled spontaneous speech taken from the Ger-
man VERBMOBIL database [6]. The recognizer was config-
ured for command phrases using a small lexicon and an ex-
plicit command grammar. One command phrase consists of

the keyword “computer” followed by a command. After the
acoustic recognition the PHMM was utilized to verify the
keyword hypotheses of the recognizer.

The command phrase recognizer applies two confidence
measures to reject OOV utterances. Both use an uncon-
strained phoneme recognition as reference. The command
recognition and the reference recognition employ identical
SMG monophone models. The first confidence measure is
calculated at the feature vector level and compares the num-
ber of matching phoneme symbols between command and
reference recognition. The higher the RPMS the better is
the phonetic confidence. We called this the relative phonetic
match score (RPMS):

number of matched phoneme labels

RPMS = 5)

number of all phoneme labels

The second confidence measure combines the acoustic and
prosodic log-likelihood scores. It is called relative acoustic
score difference (RASD):

(ASema — ASres) — w(|PS| — |PS)|)
AScmd

AScma denotes the log-likelihood of the command recog-
nition, AS,.s represents the log-likelihood of the reference
recognition and w(| PS| — |PS|) is a prosodic penalty from
the PHMM which can be scaled by the factor w. |PS| is the
average prosodic score of all keywords [3]. The smaller the
RASD the higher is the acoustic and prosodic confidence of
the recognition result. A weightw = 0 gives a (baseline) sys-
tem BL not using any prosodic information in contrast to a
system VA with w > 0 which applies the proposed prosodic
keyword verification.

We tested two rejection strategies. In the first one (OP)
predefined thresholds v and 3 are used which mark a fix op-
erating point OP(«, 3). A recognition result will be accepted
if RASD < oand RPMS > f5.

The second strategy (CMC) treats the rejection process as
a confidence measure classification task. We assume that the
distribution of the confidence measures for the classes k €
{emd, oov} can be described by a 2-dimensional Gaussian
with mean vector fi;, and covariance matrix . The vector
¢=(RASD RPMS )T represents both confidence values
of a recognition result. Based on the Mahalanobis-distance

di(¢) = (¢— ﬁk)TE,jl(c”— ) @)
speech input will be rejected if dema(C) > doow (C).

RASD =

(6)
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4. Experiments

The voice activation was evaluated on a speech controlled
slide presentation given by 24 male and 6 female German
speakers. All speech material was recorded at 16 kHz sam-
pling frequency, 16 bit quantization with a headset micro-
phone in a laboratory environment. The speech data con-
tain 344 phrases with the keyword “computer” followed by
a command to control the presentation (e.g. “next slide”)
and 193 phrases that start with the keyword but were part of
the talk and not intended as commands. The remaining data
were automatically segmented into 3630 OOV utterances of
approximately the length of a command phrase. The whole
database comprises 0.69 hours of speech. The speakers were
not told to use a special speaking style to address the recog-
nizer. The vocabulary consisted of 7 words, an explicit gram-
mar defines four different commands on this vocabulary.

The experiments were divided into three different tasks.
In the first task we investigate the influence of the prosodic
weight w (see equation 6) on the performance of the com-
mand recognizer. The second task evaluates the ability of
the prosodic model to distinguish between keywords in com-
mands and normal speech. It also compares the performance
of the PHMM with the results of human test subjects in two
listening tests. The third task examines the performance of
the command recognizer, particularly the rejection of OOV
utterances.

4.1. Task 1: Choosing the prosodic weight

Figure 2 shows the command detection rate (DR) and the
false alarm rate (FAR) for different prosodic weights w in
a fix operating point OP;(0.09,0.25). The baseline system
BL achieves a detection rate of 95.1 % at a false alarm rate
of 28.5 % at the test set described above. With increas-
ing prosodic weight the false alarm rate drops significantly
whereas the detection rate is only slightly degraded. For the
following experiments we use the prosodic weight w = 0.2.
Using this weight the VA system achieves 90.1 % detection
rate at 4.5 % false alarm rate.
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Figure 2: Effect of the prosodic weight w

4.2. Task 2: PHMM vs. human performance

In this experiment 50 isolated instances of the keyword
“computer” taken from the test set were automatically clas-
sified as “command” or “normal speech” using the prosodic
model described in section 2. Additionally we performed
two listening tests with 32 test persons doing the same clas-
sification task. As the listening samples contained only the
keyword the subjects were forced to make their decision
purely based on prosodic information. The keyword in-
stances were uttered by 4 male and 4 female speakers. In the
first test (T1) the samples from all speakers were randomly
arranged. In the second test (T2) the samples were grouped
by the eight different speakers. To provide the subjects with
further information on the speaking style a short sentence of
the current speaker was presented in T2. Table 1 compares
the average detection and false alarm rates for the test listen-
ers with the automatic classification. In T1 the human perfor-
mance is only slightly better than the automatic classification
which indicates a quite good performance of the PHMM. The
results of the test T2 reveal a good ability of humans to adapt
to different speaking styles when they were supported with
more speaker dependent information. This suggests to apply
speaker adaptation techniques on the PHMM in the future.

Humans PHMM
TI T2 Model
Detection rate [%] 81.1 | 88.3 74.2
False alarm rate [%] | 29.6 | 19.3 25.5

Table 1: Results of the listening tests and the automatic clas-
sification PHMM

4.3. Task 3: Command recognition

To benchmark the prosodic verification we compare a
baseline system BL without prosodic information with a
system VA using the proposed prosodic keyword verifica-
tion. Figure 3 shows the performance of both systems for
several operating points of the recognizer. For instance, at
10 % false rejection rate, the proposed system VA resulted in
4 % false alarm rate. This clearly outperforms the baseline

20....|....|....|....'....

— BL
...... - VA

False alarm rate [%)]
> o
T 1 1 7T

T T T
s
TR 1

N

ol v 1 v i s SO

0 20 40 60 80 100

False rejection rate [%)]

Figure 3: Comparision of the baseline system BL and the
proposed voice activation VA (w = 0.2)
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right).

system BL which achieved a 14 % false alarm rate at the
same 10 % false rejection rate. The equal error rate of the
baseline system BL was reduced from 13.1 % to 6.9 % in
the case of the VA system.

Figure 4 shows the distribution of the confidence measures
RASD and RPMS with and without prosodic keyword veri-
fication. Further the Mahalanobis discriminant function is
shown in contrast to the two rejection thresholds which mark
the operating point OP;. This Mahalanobis discriminant
function was used to evaluate the second rejection strategy.
Compared to the baseline system BL which achieved a
89.0 % detection rate at 6.1 % false alarm rate, both rates
were improved by the additional prosodic verification. For a
weight w = 0.2 the VA system resulted in a 92.2 % detection
rate at 2.7 % false alarm rate. Based on a representative
training set suitable discriminant functions can be estimated
to reject OOV utterances.

Table 2 summarizes the experimental results of the systems
BL and VA for both rejection schemes.

| | BLop | VAop || BLeme | VAcemc |
DR [%] 85.2 914 89.0 92.2

FAR [%] 13.1 6.9 6.1 2.7
FRR [%] 13.1 6.9 10.3 1.7

Table 2: Detection rate, false alarm and false rejection rate
(DR, FAR, FRR) for both systems BL and VA depending on
the used rejection strategy.

5. Conclusions

Experiments show that humans emphasize the keyword of a
voice activated speech recognizer in some way. We proposed
a voice activation system based on prosodic keyword verifi-
cation. To capture the prosodic information we trained a Hid-
den Markov Model using fundamental frequency and energy

based prosodic features of the keyword. We showed that a
voice activation using prosodic verification significantly out-
performs a conventional recognizer without prosodic infor-
mation. In our future work we will implement a pause detec-
tion tailored to voice activation and investigate methods of
speaker adaption for an enhanced prosodic modeling.
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