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Point Process Models for Spotting Keywords
in Continuous Speech
Aren Jansen and Partha Niyogi

Abstract—We investigate the hypothesis that the linguistic content underlying human speech may be coded in the pattern of timings of various acoustic “events” (landmarks) in the speech signal.
This hypothesis is supported by several strands of research in the
fields of linguistics, speech perception, and neuroscience. In this
paper, we put these scientific motivations to the test by formulating
a point process-based computational framework for the task of
spotting keywords in continuous speech. We find that even with a
noisy and extremely sparse phonetic landmark-based point process
representation, keywords can be spotted with accuracy levels comparable to recently studied hidden Markov model-based keyword
spotting systems. We show that the performance of our keyword
spotting system in the high-precision regime is better predicted by
the median duration of the keyword rather than simply the number
of its constituent syllables or phonemes. When we are confronted
with very few (in the extreme case, zero) examples of the keyword
in question, we find that constructing a keyword detector from its
component syllable detectors provides a viable approach.
Index Terms—Keyword spotting, point processes, speech recognition.

I. INTRODUCTION

I

NVESTIGATING the speech recognition task of spotting
predefined keywords in continuous speech has both practical and scientific motivations. Keyword spotting (KWS) is a
technologically relevant problem, playing an important role in
audio indexing and speech data mining applications. It is also a
task that humans perform with astonishing ease, even in situations where little access to non-lexical linguistic constraints is
provided (e.g., spotting native words in a unfamiliar language).
Several computational approaches to this problem have been
proposed (for a thorough review of the issues involved, see [1]).
1) One of the first keyword spotting strategies, proposed by
Bridle [2], involved sliding a frame-based keyword template along the speech signal and using a nonlinear dynamic time warping algorithm to efficiently search for a
match. While the word models in later approaches changed
significantly, this sliding model strategy was used in other
approaches (see [3], [4]).
2) A standard hidden Markov model (HMM)-based method
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ground model, and a filler model. The keyword model is
tied to the filler model, which is typically a phone or broad
class loop, meant to represent the non-keyword portions of
the speech signal. Finally, the background model is used
to normalize keyword model scores. A Viterbi decode of a
speech signal is performed using this keyword-filler HMM,
producing predictions when the keyword occurs. Variations of this approach are provided in [5]–[10].
3) Another common approach is to perform a search through
the phone or word lattice of a large vocabulary speech recognizer to spot keyword occurrences. The main research
effort is focused on defining specialized confidence measures that maximize performance [11]–[14]. While these
systems do not require a predefined vocabulary, they rely
on language modeling and are thus highly tuned to the
training environment.
In this paper, we operate within the sliding model paradigm, and
thus do not need to explicitly account for the filler regions. Furthermore, our keyword models are not based on dynamic time
warping or HMMs operating on a frame-based representation;
instead, we consider keyword and background point process
modeling of a sparse, event-based representation of the speech
signal. Our motivation for considering such a representation
may be traced to several scientific traditions.
First, acoustic phonetics and the study of speech production
(for example, see [15]) has provided the insight that speech is
generated by the movement of independent articulators that produce acoustic signatures at specific points in time. These include the point of greatest sonority within a syllabic nucleus,
the points of closure and release associated with various articulatory movements such as closure-burst transitions for stop consonants; obstruent–sonorant transitions; and onsets and offsets
of nasal coupling, frication, or voicing. Linguistic information
is coded both in terms of which events occur and the durations
between these events (e.g., voice onset time). Stevens [16] refers
to these events as acoustic landmarks and assigns them a central
status in lexical decoding.
Second, many neuroethological studies have demonstrated
the existence of neurons that fire selectively when a constellation of acoustic properties are present in the stimulus (see
[17]–[19]). In conjunction with these results is the synchronization hypothesis that auditory information is further encoded
in the temporal pattern of such neural activity, i.e., temporal
coding. See [20] for one articulation of these ideas.
Third, there has been significant recent interest in sparse
coding more generally, not only in the cognitive sciences (see
[21] for a review), but in other machine learning application
areas as well (e.g., computer vision [22], [23]). The theoretical
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benefit is clear: sparse representations require less model complexity. This can provide improved generalization with limited
supervision and can permit fast optimization and evaluation
(these principles are behind several recent learning and signal
processing algorithms [24]–[26]). However, there is recent
evidence in other domains that adopting sparse representations improves robustness as well [27], [28], which may be
counter-intuitive from a purely information theoretic perspective. Frame-based representations, which are common to all
modern speech recognition systems, are but one operating point
for reducing the original waveform to a lower dimensional
representation. The pros and cons of further reduction beyond
the frame level have yet to be determined.
These scientific perspectives suggest that the linguistic information of the speech signal may be efficiently coded in sparse
point patterns in time comprised of acoustic events in the speech
signal and neural firing patterns in the brain. In the context of
keyword spotting, there are two guiding design principles for
such a point process representation. First, this representation
should efficiently encode the underlying linguistic content and
produce as sparse a set of events as necessary. Second, given a
suitable point process statistical model, the temporal point patterns within instances of the keyword should be distinguishable
from the background arrival rates. Since our representation is
not frame based, we are led to a different statistical formalism to
model the timing patterns of acoustic events. The framework of
point processes is a natural fit and we explore the applicability
of such models in this paper (see [29] or [30] for reviews and
applications of point process models to neural spike pattern detection; as far as we know, explicit applications to speech using
such models did not exist before our own work.1)
Finally, we are interested not only in the case when training
data is abundant, but also in the case where we have extremely
limited access to examples of a particular keyword. Clearly, humans can easily spot a novel keyword in continuous speech after
very limited exposure to others speaking it. This intuition implies that building keyword detectors from lower-level primitives may be a useful strategy (the lattice search methods implicitly take this point of view, as well). Indeed, the principle of
compositionality (see [32]) manifests itself in the observation
that words are composed of syllables, and syllables themselves
of phonemes. The underlying intuition is that although we may
have very few examples of the word in question, we may have
many more examples of the syllables that compose it. We test
this experimentally.
Formally, our keyword spotting task amounts to learning a
that takes high values when keyword
function of time
occurs and low values otherwise. This detector function,
,
may be defined in terms of the (log) likelihood ratio
(1)
where

are the set of observations in the utterance and
is an indicator function of time that takes the value

1Note that explicit temporal modeling of sparse acoustic events has been previously considered in the context of time-delayed neural networks (see [31]).

Fig. 1. Architecture of our keyword spotting framework. In general, we may
construct one signal processor S for each acoustic feature of interest (F
jF j), which produces a specialized vector representation X . Each representation is input to a feature detector D that produces a temporal point pattern
N . The combined set R of point patterns for all of the detectors analyzed compared with a statistical model for a given keyword w , determining the keyword
detector output for the presented utterance.

=

1 when the word is uttered2 and 0 otherwise. The detector output
is thresholded by a suitable value , and the local maxima that
remain define a set of keyword detection times. To account for
the variation in duration across instances of a particular keyword, we can introduce a latent duration variable , in which
case the likelihood of the observations given
takes the
form

(2)
. In general,
where we have imposed the constraint that
and
will
the models for
depend largely on the nature of the observation space. However,
can be
the distribution over keyword durations
estimated directly from a set of keyword training instances.
to be a
As indicated above, we define our observations
family of temporal point patterns
produced by
detectors for a set of linguistic properties (e.g., phones, distinctive features) or acoustic signatures (e.g., band energy inflec, the point pattion points, periodicity maxima).3 For each
tern
is specified by a collection of time points
,
. Arrivals of each process, which may be viewed
where
as acoustic event landmarks, should ideally occur when and only
when the corresponding feature is maximally expressed, articulated and/or most perceptually salient. Furthermore, asynchronous detectors imply that the quantization of arrivals of
each feature’s point process may vary. In practice, creating an
ideal detector is of course unachievable, so we may generalize
this notion to marked point process representations
where the marks
are interpreted as the
strengths (e.g., probabilities) of the corresponding landmarks.
Fig. 1 shows a schematic of our keyword spotting architecture.

()

2For the most part, we assume that  t is 1 at the end of the word. However,
one may take other appropriate definitions of  and in particular, some of our
experiments are done with  taking the value 1 at the maximally sonorant point
at the center of the vowel bearing primary stress in the keyword.
3The design of a suitable family of detectors is itself the subject of an interesting program of research (see [16], and [33]–[39]). However, we will not
explore this question in any detail here. Rather, we will assume that a detectorbased representation is made available to us and models for recognition will
have to be constructed from such representations. In the experiments presented
in this paper, we choose a simple phone-based detector set, which we define in
Section IV-A.
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The final ingredient of our keyword spotting strategy is the
statistical model itself, which amounts to specifying the form of
and
in (1) and (2),
the terms
where we take
. Outside the given keyword, we assume a
constant arrival probability for each detector, and thus the background spike trains are modeled as homogeneous Poisson processes. However, for the keyword observations, for which we
expect a characteristic spike pattern, we consider inhomogeneous Poisson process modeling. This approach has previously
been shown to be a useful means to describe the statistics of
this sparse point process representation in the context of phone
recognition [40]. In the present study, however, we instead consider Poisson process models of keywords and their constituent
syllables rather than models of regions of constant sonority.
In Sections II and III, we provide a formal treatment of the
models employed, both in the case of many keyword training
examples, as well as in the data-starved regime where we have
few or no examples of the keyword itself (but have access to the
constituent syllables). In Section IV, we present sets of toy and
comprehensive keyword spotting experiments that demonstrate
the viability of our approach. These results lead us to several
interesting conclusions regarding both our proposed framework
and the task of keyword spotting in general.

is
sponding density function
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, which leads to a corre-

Since the process is memoryless, the likelihood4 of the
pattern becomes

point

(3)
It follows that the likelihood of the entire point processes obsertakes the form
vation
(4)
Training this homogeneous Poisson process model, then,
amounts to estimating
for each
. In particular, if we
are given normalized-length training segments, and the total
number of landmarks of type observed in those segments,
is given by
the maximum-likelihood estimate of
(5)

II. LEARNING WITH SEVERAL KEYWORD EXAMPLES
If we are provided a collection of training utterances, including several instances of a keyword , we may proceed by
estimating the distributions of (1) and (2). While the distribution
over keyword durations may be estimated directly, the form of
the distributions over the observations will depend on the nature of implemented representation. In particular, if our set of
observations are taken to be the point process representation
introduced above, we consider homogeneous and inhomogeneous Poisson process models for the background and keyword
observations, respectively. Thus, we begin with a brief presentation of the theory of Poisson processes.
A. Theory of Poisson Processes
A homogeneous Poisson process is founded on the assumption that in any differential time interval, , the probability of
, where
is a constant rate parameter.
an arrival is
This probability is independent of spiking history and hence the
Poisson process is memoryless. For the inhomogeneous case,
the constant rate parameter is generalized to a time-dependent
, but the memoryless property still holds.
function
1) Homogeneous Poisson Processes: Consider a collection
, where
of independent point patterns
and
. If
is
and we assume
the number of time points in the interval
is generated by a homogeneous Poisson process with rate
parameter , we may write

2) Inhomogeneous Poisson Processes: In general, the inhomogeneous Poisson process is characterized by the intensity
, which now varies as a funcfunction (rate parameter)
tion of time. One could consider many different forms for such
a time varying intensity function. For simplicity, we consider a
piecewise continuous rate parameter over uniformly spaced
divisions of the interval
given by
for
, where
. In this case, the Poisson
process can be factored into independent homogeneous processes operating in each division. That is, if

where
, and
, then the
likelihood of an individual point pattern is determined by

where, according to (3)

Here,
is defined as the rate parameter for the th homogeneous process for feature . It follows that the maximum-likelihood estimate of the rate parameters are given by [cf. (5)]
(6)
where we assume we have been provided with training seglandmarks for feature in the
ments containing a total of

where
. It follows the probability that the first arrival
. Therefore,
occurs after time is
the probability that the first arrival lies in the interval

4We will use the notation P to denote likelihood of the data, i.e., the density
evaluated at the data points. We use IP(E ) to denote the probability of the event
E.
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th segment piece. Finally, the likelihood of the whole point
process representation can be computed as

into regions,
If we divide the normalized interval
landmarks of feature in the th division, from
with
(7) we may write

(7)
(10)
While we will not explore marked point process models in this
paper, note that we can extend the Poisson approach described
above by introducing mark-dependent rate parameters,
(see [40]).
B. Poisson Process Keyword Model
We assume there are two underlying stochastic processes generating the observed point process representation . The first is
a homogeneous Poisson process that generates the observations
in regions outside keyword instances. The second is an inhomogeneous Poisson process that generates the various instances of
the keyword.
Given a time and a candidate keyword duration , we can
partition the point process representation observed for an utterance of total duration into three subsets:
,
, and
. We assume conditional inand
are
dependence between subsets and assume that
generated by the homogeneous background process regardless
of whether the word generated . Thus,
for
, so we may write

Since
tion of (1) (

where
is the th division rate parameter for feature .
Note that we have made use of the fact that the normalized
interval has unit duration. Training the model for a given
keyword amounts to computing the rate parameters of each
feature detector over instances of the keyword (normalized
to unit duration) according to (6).5
distribution, we need only con2) For the
sider a homogeneous Poisson process model that depends
of landmarks observed for
solely on the total number
each feature and the total duration of the segment (in this
case ). In particular, from (4), we may write
(11)
where
is the background rate parameter for feature .6
Training this model for a given keyword amounts to computing the rate parameters as the average detector firing
rates over a large collection of arbitrary speech [see (5)].
Given a novel utterance, we may evaluate the detector func(regtion by sliding a set of windows with durations
ularly-spaced with interval ) and approximating the integral
expression of (8) by

does not depend on , the detector func) reduces to
(12)

(8)
Now,
is determined by the homogeneous
is determined by
background model and
the inhomogeneous keyword model, as follows.
distribution, we begin by nor1) For the
malizing
to the interval
; that is, we
to
such that for each
there is a corremap
where
. Given this
sponding
mapping, it follows that
(9)
where each
factor arises from the Jacobian of the
change of variables. Furthermore, we make the simplifying
.
assumption that
These equivalences assume that the observations for each
instance of the keyword are generated by a common, -independent inhomogeneous Poisson process operating on
that is subsequently scaled by to a point
the interval
. In this way, the number of
pattern on the interval
firings of the different detectors in a keyword is invariant
to the actual duration of the keyword. The duration of the
keyword itself is modeled by a separate durational model.

where
is given by (10) and
is given by (11). Finally, the distribution
may be estimated from a set of measured keyword durations
using kernel density estimation or any other non-parametric
technique.
C. Restricting the Search to Candidate Stressed Vowels
The above prescription for evaluating the detector function
involves sliding a set of windows across the utterance and evaluating (12). Since the stressed syllable of every keyword is always the same, we could define our model with respect to that
syllable’s vowel position and limit our search to a set of candidate vowel landmarks, as determined by a vowel detector.
5Rate parameter estimates of zero imply small, but finite, upper bounds. Thus,
such zero-valued estimates were increased to 10 to prevent extremely rare
feature detector errors from derailing otherwise strong candidate keyword detections.
6It may be reasonable to expect the keyword duration T to scale inversely with
the speaker’s overall speaking rate. Therefore, the background rate parameters’
T -independence makes the implicit assumption that the background detector
firing rate is independent of speaking rate. Introducing a speaking rate nuisance
parameter and estimating separate sets of background rate parameters for several
speaker rate ranges may provide a more realistic background model. We leave
this extension to future work.
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Let
be a set of times produced by such a
vowel detector.7 Then, we can define a modified detector function as
if
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of conversational speech where the speech content itself can be
relatively sparse.
III. LEARNING WITH MINIMAL OR NO KEYWORD EXAMPLES

(13)

is defined by (1). However, there is one caveat: the
where
analysis window is now relative to the position of the stressed
vowel and the stressed vowel position varies across instances
of the keyword. To address this, we must introduce a second
, the fraction of the word duration
nuisance parameter
that occurs before the stressed vowel landmark. This requires
two modifications to the above formulation.
likelihood function of (2) now takes the
1) The
double integral form, as shown in the equation at the
bottom of the page, where we have assumed conditional
independence of and .
2) Since the evaluation of the detector function at time is
now relative to the stressed vowel position, the candidate
.
keyword interval is given by
Thus, the point process representation restricted to
the candidate keyword interval is now defined as
.
Given these adjustments, the derivation of Section II-B remains
otherwise unchanged. Thus, given a set of candidate stressed
(regularly-spaced with invowel landmark positions
), the sliding model detector function of (12) now takes
terval
the form
(14)
where

Again, the forms of
and
are given by (10) and (11), respectively. The distribution
may be estimated from a set of keyword training
instances using kernel density estimation.
Limiting our detector evaluation to a sparse set of vowel land, where is the fraction
mark times results in a speedup of
of the sliding model time points that contain a vowel landmark.
Thus, limiting the search to vowel landmarks can lead to significant reductions in processing times, especially in the setting
7A clarification is useful here. For the ith vowel, the time t is identified with
a “vowel landmark” which corresponds to the point of maximal sonority (whose
acoustic correlates can be measured through energy, periodicity, etc.) within that
vowel. Such a vowel detector has been implemented in [39], for example.

In the face of minimal or no training instances of the keyword
of interest, we will not have adequate statistics to accurately
and
estimate the distributions
of (2). However, given a word is a sequence of syllables,
and the most common syllables are shared among a plethora
of words, we can reduce the keyword spotting task to syllable
detection with a coincidence constraint. In this way, we may be
able to build a detector for a word with no examples of the word
but plenty of examples of the constituent syllables in question.
A. Poisson Process Syllable Model
Consider a keyword composed of a sequence of syllables,
. If provided with adequate training examples of each
syllable, we can construct a collection of syllable detector funcin exactly the same manner used for keywords
tions
(see Section II). Such syllable detectors will presumably function in a significantly noisier manner than multisyllabic keyword
detectors. However, we can combat this problem with the following strategy.
1) Determine a set of high-sensitivity syllable detector oper, one for each syllable deating thresholds
tector, in order to minimize false negatives.
2) Evaluate the syllable detectors at candidate vowel landmarks only (see Section II-C).
3) Invoke the powerful constraint of detector coincidence
(with delay) to integrate noisy syllable detectors and
obtain relatively high keyword detection accuracy.
produces a set of candiFormally, if each syllable detector
date syllable detection times , then, given a reasonable upper
bound on the syllable duration, we may define the keyword
detector according to the scaled Boolean function

(15)
where
if
s.t.
otherwise
where each
is the detection for syllable that satisfies
, and is the corresponding log likelihood score for that detection. Note that the Boolean function must be evaluated from
is a function of the
that
left to right, as each
to evaluate to one.
allows
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B. Subsyllable Models
The syllabary of English is made up of approximately 12 000
syllables, so collecting enough training examples of each to
build a set of detectors for an arbitrary word can be practically
infeasible. However, it is interesting to note that the most
frequent 324 syllables in a typical speech corpus can cover
two-thirds of it [41]. To address rare syllables in our framework, one could fall back to a set of detectors for each constant
sonority segment that comprise the rare syllable, in conjunction with an appropriately modified coincidence constraint.
Nonetheless, we will limit the syllable model experiments
in this paper to words comprised of common syllables only;
exploring segmental detector-based strategies lies outside the
scope of the current study.
IV. KEYWORD SPOTTING EXPERIMENTS
In this section, we consider the performance of the various
models described above for the task of spotting instances of a
given keyword in unconstrained speech. Each of our proposed
algorithms employs a true detection paradigm, capable of
spotting the keyword with minimal knowledge of the ambient
linguistic environment. In particular, the background homogeneous Poisson process model is tantamount to a simple
measurement of the mean firing rates of the detectors that form
the point process representation.
Depending of the feature set , such mean firing rates can be
largely independent of the environment, whether it be English,
nonsense, or a foreign-language.8 This is in contrast to other proposed KWS approaches that attempt to isolate keywords based
on the probabilistic output of an HMM-based continuous speech
recognizer. Such embedded keyword spotters rely on a more detailed model of the language, which may render them useless in
the case of nonsense or foreign language background. Clearly,
humans are adept at spotting native keywords in both nonsense
speech and foreign languages, so we view this as a reasonable
requirement for an automatic keyword spotter.
All experiments were conducted using the TIMIT [42] and
Boston University Radio News [43] speech corpora. TIMIT was
primarily used for training feature detectors that determine the
point process representation, as well as for training and testing
in the toy keyword spotting experiments described below in
Section IV-D. Boston University Radio News (BURadio) was
used exclusively for large scale keyword spotting performance
evaluations described below in Section IV-E. We begin with a
precise description of the implemented point process representation, the vowel landmark detector, and keyword spotting evaluation procedures.
A. Construction of the Point Process Representation
We arrive at our point process representation by mapping
the speech signal
to a collection of point patterns

, where is some set acoustic or linguistic properties that is adequate to differentiate the phonological units in
. In general, this mapping is defined by the following three
operations.
windows of the signal collected every
sec1) Given
an acoustic front end that
onds, construct for each
produces a -dimensional vector representation
, where
. Each representation
should be capable of isolating frames in which feature
is expressed and, to that end, the window and step sizes
may be varied accordingly.
for each
2) Construct a detector function
that takes high values when feature is expressed
and low values otherwise. Each detector may be used to
to a detector time series
.
map
3) Given a threshold , we can compute the point process
for feature according to

(16)
and
Here, we assume
are ordered such that
and
, where
.
In the present study, we define set to be the set of phones itself (i.e., there is a one-to-one correspondence between features
and phones
). The precise structure of is defined
to be the standard 48 phone set of Lee and Hon [44]. Since BURadio is not used in feature detector creation, the differences
between TIMIT and BURadio phone labeling conventions are
irrelevant.
While the point process representation can theoretically (and
perhaps, ideally) be constructed from multiple acoustic representations tuned for each phonetic detector, we implemented a
single shared front end for all of the phone detectors. In particular, we employed the RASTAMAT package [45] to compute
a traditional 39-dimensional Mel-frequency cepstral coefficient
(MFCC) feature set for 25-ms windows sampled every 10 ms.
This included 13 cepstral coefficients computed over the full frequency range (0–8 kHz), as well as 13 delta and 13 delta-delta
(acceleration) coefficients. Cepstral mean subtraction was applied on the 13 original coefficients, and principal component
diagonalization was subsequently performed for the resulting
39-dimensional vectors.
,
Next, given labeled MFCC training examples
where each
is contained in a segment of phone
, we define our set of detector functions
such that
. In our implementation, we used
the normalized MFCC vectors for each phone to estimate the
distributions assuming a -component GMM for each
, given by
(17)

8For

the phone-based detector set we implement, mean detector firing rates
are roughly equivalent to a unigram phone language model. However, if lowerlevel detector sets are implemented (e.g., spectro–temporal features or band energy inflection points), our KWS strategy would have increased invariance to
changing linguistic environments.

where
and
for each
; and
is a normal distribution with mean and full covariance matrix
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point process representation after applying a threshold of
.9 The drastic reduction of information resulting from
the conversion produces an exceedingly sparse point process
representation. It is precisely this sparse representation that will
be used in the experiments presented next.
B. Vowel Landmark Detector
For evaluating our keyword spotting strategies that operate on
a vowel-by-vowel basis (see Sections II-C and III), we require
a vowel landmark detector. We can construct such a detector
in much the same manner used for the individual phone detectors described in Section IV-A. In particular, given the GMM
for each
(see (17)), we can define a
estimate of
as
detector for the set of vowels

Finally, given a suitable threshold, we can use
to determine
a set of candidate vowel locations according to (16).
C. Model Evaluation Procedure

Fig. 2. (a) Lattice of log P (pjx) values for an utterance of the word “greasy,”
where higher probability is darker. (b) The corresponding (unmarked) point
process representation, R = fN g
, computed with  = 0:5.

. The maximum-likelihood estimate of these GMM parameters are found using the expectation-maximization (EM) algo. These distributions derithm on the training data
termine the family of detector functions
as
(18)

where
is the frame-level probability of phone as computed from the training data. Note that for the toy experiments
presented in Section IV-D, we measured performance for
to study the performance for various detector reliabilities. For the large scale experiments presented in
Section IV-E, which are meant for comparison to other systems,
case.
we study just the
Fig. 2 shows for an example instance of the keyword
and the corresponding
“greasy” the evaluation of

Both the TIMIT and BURadio corpora provide a time aligned
word transcription. This transcription may be used to determine
that contain the keyword
a set of intervals
. While keyword spotting literature has relied on multiple performance metrics in the past, we employ a community standard
figure of merit (FOM score) in our evaluation (for other examples of it use, see [10], [13], and the references therein). Given a
of detections of keyword , this figure of merit is defined
set
as the mean detection rate when we allow
false positives per keyword hour. This metric is a means to summarize
the high precision performance10 of the detectors; this performance may be graphically characterized by the initial region of
operating curves measuring the relationship between detection
rates versus false alarms per keyword, per hour, as threshold is
varied.
In computing this figure of merit, we consider a keyword
to be “correct” if there exists an interval
detection
such that
, where is a short tolerance that is set according to the precision of the word transcripms for BUtion (transcription inaccuracies require
Radio). Any degenerate detections (i.e., multiple “correct” detections in a single occurrence of the keyword) are discarded.11
Finally, any detection that is neither correct nor degenerate is
considered to be a false alarm.
9This threshold is an intuitive choice, as it corresponds to an optimal Bayes
binary classification for each landmark (i.e., is the phone more likely present
than not).
10It is worth noting that the ROC curve provides a complete characterization
of the performance. In some applications, one may be interested in the high
precision regime that is captured by the FOM score described here. In other
applications, however, the high recall regime may be of greater interest. For
reasons that are not entirely clear to us, many recent papers on keyword spotting
have provided the average FOM score and for ease of comparison, we have used
this FOM score to evaluate our performance.
11In practice, it is very easy to suppress such degenerates by simply discarding
all but the highest probability detection in a small (of the order of the keyword
duration) window around each candidate. In our experiments, this strategy removes all degenerate detections without reducing the overall detection rates.
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Our initial exploration of the keyword model behavior exposed a rather weak dependence of performance on the number
of divisions in the inhomogeneous Poisson process; thus, we
chose not to perform an exhaustive validation procedure for each
led
model. While not necessarily optimal, a setting of
to reasonable performance early on, so we used that value for all
experiments discussed in this paper (both whole word and syllable models). Ultimately, we believe any significant improvements in this department will result from implementing parameterized estimation of the inhomogeneous Poisson intensity functions, not from tweaking values of .
Finally, for each whole word or syllable detector implemented, the training instances produced a sample of durations
and fractional vowel positions. We used the sample means
and
) and standard deviations (
and
) to de(
termine a set of values with which we compute (12) and 14:
for
and
for
. Increasing the number of evaluation points produces slight performance improvements at the
expense of longer run times.

Fig. 3. Inhomogeneous Poisson process rate parameters of each phone detector
[see (10)] and
[see
for the word “greasy,” where we have set
(17)].

D = 20

C=8

D. “Greasy” Experiments
Since we have constructed our point process representation
using TIMIT phone data, it is useful to evaluate our keyword
spotting strategy on TIMIT test data. Since the TIMIT corpus
was designed to be phonetically and lexically diverse, the only
content words with high frequency are those contained in the sa
sentences that are spoken by all 630 speakers. Given this circumstance, we chose the word “greasy”, which is contained in the
sa1 sentences, to evaluate performance of each proposed method
as a function of both the number keyword training examples and
the reliability of the detector set. It should be emphasized, however, that these are truly toy experiments, since every instance
of “greasy” occurs in the same context. However, this also provides a control that allows us to isolate the speaker invariance
of each approach as we provide fewer and fewer speakers from
which we may learn the keyword model. Note that for each of
the “greasy” performance values listed in this section, we tested
on all sa1, sx (phonetically compact), and si (phonetically diverse) TIMIT test sentences, amounting to 1512 sentences totalling 1.31 h of continuous speech.
1) Keyword Model Performance: Fig. 3 shows the Poisson
process rate parameters for the keyword “greasy,” trained on all
462 training instances of the keyword in the TIMIT sa1 sentences. As expected we observe large rate parameters for the [vcl
g r iy s/z iy] phone detectors as we pass through the word. However, also present are moderate rate parameters for the phones
that are highly confusable with those actually present. For example, when the [g] detector exhibits a high firing rate, we observe a moderate [k] detector firing rate. Note that since the keyword occurs in the same context in each sa1 sentence (“…in
greasy wash …”), significant rate parameters for the [ng] and
[w] detectors at the beginning and end, respectively, become
part of the word model. This is an artificial cue that may actually benefit performance in this toy setting.
Table I list the “greasy” keyword model figure-of-merit performance, using both sliding model and vowel landmark-based
(“grea” is stressed) processing, as we vary the number of

Gaussian mixture components used to construct the phone
detectors [ in (17)]. Each of the word models produce exceedingly reliable keyword spotters when compared with the
average figure-of-merit values reported for other systems. However, it is again important to note that the present experimental
protocol is extremely artificial, so these high figure-of-merit
values should be taken with a grain of salt (see the BURadio
experiments in Section IV-E for a more standard benchmark).
Still, the controlled nature of our toy experiments allows us to
make several strong conclusions about the nature of the model
presented above.
1) The keyword spotting performance is remarkably stable
as we decrease the number of mixture components used
for the phone models. Reducing mixture components produces less reliable detectors and, accordingly, more detector confusions. The Poisson process model’s robustness
to this degradation is due in part to the fact that it models
the behavior of each detector regardless of whether that
detector is behaving poorly. In this way, a reliable false
alarm is as useful as a true positive. In fact, this property makes it possible to use phone detectors trained using
TIMIT for detecting keywords in BURadio data with mismatched acoustic conditions. Furthermore, if we instead
implemented a non-phonetic detector set, the notion of feature detector-level false alarms would be inapplicable, but
the keyword models could still produce reliable keyword
spotters.
2) For all values of , vowel landmark-based processing produces essentially equivalent performance compared with
the exhaustive sliding model method. This indicates that
the set of vowel landmarks contains all the relevant positions to look for the occurrences of a given keyword.
The small improvements over the sliding model method
can be attributed to vowel-based methods
for
reducing the opportunities for false alarms.
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Fig. 4. Figure-of-merit performance of the whole word model plotted against
the number of training speakers (one keyword example per speaker), used to
construct the model.

TABLE I
WORD-BASED MODEL FIGURE-OF-MERIT PERFORMANCE
FOR THE KEYWORD “GREASY”

3) When testing the vowel landmark-based processing, we
employ a high threshold of 0.95 for vowel detector described in Section IV-B (i.e., we keep vowel landmarks
). Since our goal is to evaluate
that have
the word models around stressed vowels only, all the landmarks of interest are sufficiently high probability. (This is
not necessarily the case for syllable models.)
4) It is important to note that the vowel detector is defined by
the same -component phone GMMs used to construct the
phone detector set. Thus, the drop in performance as we decrease is in part due to missed vowel landmarks from the
degraded vowel detector. This explains the slightly lower
performance of the vowel landmark-based method relative
.
to the sliding model method for
Fig. 4 displays the dependence of the word model, using vowel
landmark-based processing, on the number of training examples
of the keyword.12 More interestingly, since each speaker provides exactly one example, this plot may be interpreted as the
figure-of-merit performance as we vary the number of speakers
we learn the keyword from. This curve provides two important
insights into the nature of the word model.
12It

is important to note that when we provide very few training examples,
the performance of the word model depends on which particular training examples are used. Thus, the figure-of-merit values displayed in Fig. 4 are averages
over several random selections of training examples for each number of training
speakers value.
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The first is that we observe remarkably stable performance
given the relatively large number of parameters to estimate
(48 10), with the figure-of-merit dropping only ten points
when we reduce the number of speakers from 462 to 25. It
is important to reemphasize here that the figure-of-merit is a
measurement in the very high precision regime, making even
the lower values admirable. For example, when we achieve a
figure-of-merit of 80% when providing only ten examples, it
means that from ten training speakers we can recognize 135
of the 168 distinct test speakers with next to no false alarms.13
Even when providing only five training speakers, we still can
detect the keywords of 123 distinct test speakers.
With that being said, the second property to notice is that
there is in fact a steep fall off in figure-of-merit performance
below 50 training speakers. While this sort of behavior should
be expected of any machine learning method, it begs the question of how many speakers would humans need to learn a word
from before they could generalize to a much larger set. While
human requirements are unknown to us, it is clear from Fig. 4
that limiting access to very few examples is not adequate for the
present whole word models. Note that implementing parameterized models of
would reduce the number of parameters
that need to be estimated, which may provide more stability as
we decrease the number of training examples. We leave such an
investigation to future work.
2) Syllable-Based Model Performance: When we have access to zero or a very limited number of training instances of
a given keyword, it becomes untenable to achieve a good estimate of the parameters of a Poisson process model of the entire
keyword. As we saw in Fig. 4, there is a significant drop in performance when we provide as few as five training examples, a
trend which would surely continue as the number of training
speakers continues to fall to zero. In this situation, however, we
can fall back to the syllable-based keyword detectors presented
in Section III.
To construct a syllable-based model for the keyword “greasy,”
we constructed syllable detectors for “grea” and “sy.” There is
a fair amount of pronunciation variability, especially across dialect regions. Thus, the “grea” model included syllable pronunciations [vcl g r iy] and [vcl g r ix], while the “sy” model included [s iy],[z iy],[s ix], and [z ix]. Next, we set the syllable
detector coincidence delay to 400 ms. Finally, since the syllable
“sy” is unstressed, and the syllable detectors are processed on
a vowel landmark basis, our vowel detector must be capable of
detecting unstressed vowels in this case. We found this could
be accomplished by simply reducing the vowel threshold from
0.95 to 0.5.
Table II lists the syllable-based “greasy” detector performance for various phone detector reliabilities. Since the TIMIT
corpus does not include a syllabic transcription, automatically
distinguishing true instances of a particular syllable from the
equivalent non-syllabic phonetic sequences is not possible
13It is important to note that while we limit the number of keyword examples,
the set of phone detectors is trained on the entire training set. Thus, the same
baseline knowledge of acoustic variability across speakers is provided to the
system in each case. The keyword model encapsulates lexical variation, both in
phonetic composition and prosody, and this experiment provides a measure of
how many examples are needed to capture it.
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TABLE II
SYLLABLE-BASED MODEL KEYWORD SPOTTING FIGURE-OF-MERIT
PERFORMANCE FOR THE KEYWORD “GREASY”

without a syllabic dictionary. Hence, we performed two experiments; the first involved training the syllable models solely
from the sa1 sentences (the “ sa1 Only” column in Table II),
which produce exactly one actual syllable example per speaker.
The second experiment involved training on all occurrences in
the entire TIMIT training set of the phonetic sequences listed
above for each syllable (“All TIMIT” column in Table II).
Again, there are many observations that can be made upon
inspection of these results.
1) When we train the syllable models using examples culled
from instances of the keyword only, we nearly match or
slightly outperform the performance of the whole word
model over various values of . In this case, we are using
exactly the same information from the speech signal, but
modeling the constituent syllables separately. Since the
two syllable detectors are significantly noisier than their
whole word counterpart, this high keyword spotting performance demonstrates the power of a detector coincidence
constraint for preventing false alarms.
2) When we instead train using all phone sequences in the
TIMIT database that match the syllable of interest, we
observe a significant drop in performance. However, it is
important to remember that, in this case, we are 1) provided no training instances of the keyword and 2) the syllable examples may occur in arbitrary contexts. Still, with
no keyword data, we outperform the whole word model
performance when it is provided as many as ten keyword
training examples (see Fig. 4). This means that it is possible
to decompose the keyword spotting task into that of constituent syllable spotting and detect keywords without any
previous exposure to them. Thus, if it is possible to store
and process an adequately large number of syllable detectors, this keyword spotting strategy provides a entirely
point process-based path to lexical access.
3) Finally, it is important to note that 1) the syllable training
instances in the “All TIMIT” case are not all true syllables
(i.e., they can be syllable fragments or contain phones that
span two syllables), and 2) in the “ sa1 Only” case, all
training instances are the appropriate syllables, but always
occur in the context of the word. Thus, we believe the true
performance of the proposed method, which would ideally
be training on true syllable examples in arbitrary contexts,
lies somewhere in between the two sets of experimental
results shown in Table II.
E. Boston University Radio News Experiments
While the toy experiments described above provide a controlled benchmark for internal comparison, we also require a

TABLE III
KEYWORDS USED IN THE BURADIO EXPERIMENTS

large-scale keyword spotting test bed that can be used to establish our performance relative to established systems. Unfortunately, there is currently no standard corpus or task defined
by the speech recognition community for this purpose.14 In the
spirit of [10], who use the WSJ0 corpus, we test our system on
the Boston University radio news corpus; both corpora consist
of read newscaster style speech.
Like the TIMIT database, BURadio is clean, 16 kHz/16 bit
read speech, making it a tolerable acoustic match for our set of
GMM-based phone detectors, which was trained in TIMIT as
described above. Furthermore, the radio newscaster style is a
natural but controlled style that minimizes the complication of
major pronunciation variations, which the present models are
not explicitly designed to accommodate.15 BURadio consists of
seven speakers (four males and three females), each reading on
the order of 1 h of speech for a total of 7.3 h. We partitioned
the speakers into a training group, consisting of the two males
and two females (f1a,f3a,m1b,m2b), and a testing group of the
remaining speakers (f2b,m3b,m4b).
Unlike the TIMIT database, the broadcast news content provides several multisyllabic words of relatively high frequency
in arbitrary contexts. Table III lists the 20 keywords (18 content, 2 function) used in our experiments, along with the stressed
vowels considered and number of occurrences in each division
of the data. Also listed is the median duration over the training
instances of each keyword. These words were chosen to cover a
wide range of word complexities in both duration and numbers
of phones and syllables.
1) Keyword Model Performance: Each BURadio keyword
model was trained on all instances of the target word in the
training group. Each keyword detector was evaluated on at least
14The one caveat to this statement is evaluation protocol used in the recent
and ongoing NIST spoken term detection (STD) evaluation. While this protocol
is similar to those used in word spotting experiments, the differences between
KWS and STD tasks (STD is explicitly vocabulary independent) make the comparison with STD results meaningless for the time being.
15One possible solution to this problem would be to employ a Poisson process
mixture model, with the hope that each component would handle a given pronunciation of the keyword. We leave exploration of such a model to future work.
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one hour of test group speech containing all of the instances
of both the keyword and words that contain that keyword.16
Table III (second-to-last column) lists the figure of merit performance using whole word point process models (PPM) for each
keyword. Several insights emerge from this evaluation.
1) Our average figure-of-merit of 56.8% for whole word
Poisson process models is well within the range of other
quoted values in the literature. While each prior study
uses varying corpora, keyword complexities/durations,
and acoustic model capacities, there are still several results that are relatively fair comparisons to our work. To
list a few examples, each using a context-independent
(monophone) acoustic model, [10] reports an average
figure-of-merit ranging from 42.6–61.5% and 18.4–33.1%
for 30 content and 20 function keywords, respectively
(WSJ0 corpus); [13] reports an average figure-of-merit of
58.5% for a set of one monosyllabic and 24 multisyllabic
content keywords (Multicom 94.4 corpus); and, [9] reports
an average figure-of-merit of 47.7–64.5% for a set of 17
(mostly multisyllabic) content keywords in conversational
speech (ICSI Meeting corpus). To provide a more direct
comparison, the results of our BURadio evaluation the
keyword-filler HMM approach of [9] are presented below.
We believe our approach of providing the individual performance of each keyword, along with numbers of training/
testing examples and durational information, is the only
meaningful manner to report performance. The large variation across keyword performance in Table III, which is presumably present for all keyword spotting systems, attests
to this need. However, very few studies of other proposed
keyword spotting systems have taken their analysis beyond
reporting an average figure-of-merit value across all keywords ([46] is one notable exception).
2) Upon inspection of the individual keyword figure-of-merit
values, it is not immediately clear what word property—number of syllables, number of phones, or median
duration—is the best predictor of performance. It turns out
that the number of syllables is the least predictive, with a
. Next is the number of
correlation coefficient of
phones (counting closure silences) with
. While
these correlations are significant, they are egregiously
incompatible with a handful of keywords’ performance.
In particular, consider the keywords “hundred,” which has
one of the poorest performance levels, and “program,”
which has one of the best. These are both two-syllable
words with the same number of constituent phones; however, the median duration of “program” is 65% longer
than that of “hundred.” Indeed, the correlation coefficient
,
between figure-of-merit and median duration is
making duration the best single predictor of keyword
spotting performance.
Fig. 5 plots figure-of-merit versus median keyword duration for each keyword, along with the best linear fit for the
relationship. We attribute the remaining variance about this
16Note that care was taken to manage the imperfect correspondence between
embedded keyword strings and embedded keyword utterances. For example,
“timely” and “bipartisan” were treated as containing a positive examples of the
keywords “time” and “by,” respectively; “sentiment” and “abysmal” were not.
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fit line to three second-order factors: 1) variations in individual phone detector performance exposed by variation of
phonetic composition across keywords; 2) variation in the
number of training instances used to construct each keyword; and 3) differing levels of pronunciation variability
for each keyword. Interestingly, the relative hypoarticulation of function words did not cause a significant deviation
from the linear relationship.
3) In listening to the various samples extracted by the word
detector, the important role of pronunciation variability becomes clear, even in broadcast news data intended to minimize it. We believe it plays a major role in the linear relationship between performance and median duration. This
somewhat counter-intuitive claim is motivated by the fact
that if two pronunciations of the short word “year” differ
by the particular vowel produced, that change accounts for
roughly a third of the perceptual cues; it may therefore
be more difficult to describe both pronunciations with a
single keyword model. If the comparatively longer word
“Massachusetts” had two pronunciations that differed by a
single vowel, they would sound much more similar on the
whole and thus would be easier to associate with one another using a single keyword model.
In fact, the significant variation in pronunciation of short
keywords, especially function words, across contexts highlights the vital role higher level linguistic constraints must
play in human word recognition. Our context independent
sliding model method is using no such information, so it is
not surprising many mistakes are made.17 However, when
a word is sufficiently long and/or phonetically rich, our
system performs exceedingly well.
2) Keyword-Filler HMM Performance: Next, we consider
the same BURadio evaluation on the standard keyword-filler
HMM approach, as specified in [9]. To provide a direct comparison to the above results, we built our keyword-filler HMM baseline system using the same monophone model (one 8-component GMM per phone) used to construct our point process representation. Each keyword HMM model was constructed from
the same keyword training instances used to construct the point
process keyword models. The lack of significant pronunciation
variability in BURadio required only one pronunciation path per
keyword (i.e., the number of keyword model states was equal
to the number of phones in the keyword). The filler/background
model was taken to be a phone loop, with transition probabilities
estimated from BURadio utterances. In order to produce an adequate number of candidate detections, the filler to keyword transition probability was increased from its estimated value (the
value of 0.3 was experimentally determined to be appropriate).
Each candidate detection was scored in the standard manner
with a log likelihood ratio between Viterbi paths through the
keyword and background models.
17Consider spotting native keywords in a foreign language. In this setting,
the listener’s access to high level linguistic constraints is severely limited. Everyone’s informal experience is that native keywords can be spotted fairly easily.
However, it is clear that short words, especially one-syllable words, can be often
be misheard throughout the foreign speech, if one is looking for them, when they
have not actually occurred.
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Fig. 5. Figure-of-merit performance of the whole word models plotted against median duration for each of the 20 keywords. The dashed line shows the best linear
fit to the data.

Fig. 6. Figure-of-merit performance of the keyword-filler HMM plotted against median duration for each of the 20 keywords. The black dashed line shows the
best linear fit to the data; the gray line shows the fit line from Fig. 5.

The last column of Table III lists the resulting keyword-filler
HMM figure-of-merit scores. We observe some variation in performance relative to the point process models across the keyword set. However, the average FOM over the keyword set is
remarkably similar with only a 1.3 percent (absolute) improvement over the point process models of a significantly sparser
representation. As was the case for the point process models, the
individual keyword-filler FOM values show the strongest corre). Fig. 6
lation with median duration of each keyword (
plots figure-of-merit versus median keyword duration. There is
again a clear linear relationship, with the best fit line is shown
in black. Also shown in grey is the best fit line from Fig. 5,

demonstrating the remarkably similar response of the two keyword spotting as word length increases.
It is interesting to notice from Table III that the individual
keyword point process model results do not simply shadow
those of the HMM system. Instead, there is significant variation
in relative performance, with the point process model sometimes significantly better (e.g., 29.4% for “congress”) and
sometimes significantly worse (e.g., 29.4% for “yesterday”).
Thus, it should be clear that the point process model is not
simply a sparsified or compressed version of the HMM-based
system, but rather a fundamentally distinct dynamic model with
different characteristic behavior.
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3) Syllable-Based Model Performance: Finally, we consider
the syllable model based keyword spotting performance on the
BURadio corpus. For the monosyllabic keywords, the whole
word and syllable-based detectors are nearly equivalent, so there
is no change in performance.18 To get a flavor for the effect
on multisyllabic keywords, we built syllable-based detectors for
three of the better performing keywords: “program,” “Boston,”
and “committee” When we trained on syllables embedded in the
keywords only (cf. the “ sa1 Only” results in Section IV-D), we
measured figure-of-merit values of 94.0%, 87.9%, and 61.4%
for “program,” “Boston,” and “committee,” respectively. The
relatively small drops from the whole word model performance
listed in Table III are consistent with the behavior observed in
the TIMIT “greasy” experiments described above.
The second experiment involved training the models on syllable instances not contained in the keywords of interest, when
possible. Even though BURadio does not provide syllabic transcriptions for all speakers, we were able to isolate a significant
number of true occurrences for some syllables by searching for
an alternative set of words that also contain the syllables of interest. For example, to get examples of “pro” not contained in
“program,” we collected training instances from “protest, prohibit, probation, and protein.” (The syllable “gram,” however,
was only contained in “program.”) In this more realistic setting,
we measured a figure-of-merit values of 90.6% for “program.”
For the keyword “Boston,” we were unable to collect a sufficient number of syllable examples outside of the keyword to
train on them alone; instead, we augmented the original training
set with true examples contained in other words (for example,
“boss” and “Washington”). This lead to a figure-of-merit performance of 86.4%. Lastly, since the keyword “committee” contains three very common syllables, we were able to construct
syllable models solely from true instances contained in other
words. This led to a figure-of-merit performance of 55.8%, representing a less than six point drop from that when we trained
on syllable examples taken from the actual keyword.
V. CONCLUSION
We have shown that Poisson process modeling of a highly
sparse phone-based point process representation is sufficient to
spot keyword occurrences in continuous speech at performance
levels comparable to equivalent frame-based methods. We have
demonstrated that our system has the capacity to generalize
from a relatively small number of training speakers and is robust
to the degradation of the phone detector set reliability. We also
found that processing the speech signal on a vowel-by-vowel
basis using landmarks is equivalent to an exhaustive sliding
window search.
In extremely data starved regimes, where keyword instances
are not available, we found that using constituent syllable detectors in conjunction with a delayed coincidence constraint is
adequate to nearly reproduce the performance of whole word
models constructed with several keyword examples. While we
have yet to evaluate it, we believe this approach would likely
18Technically, the syllable model for a monosyllabic word could also be
trained on instances embedded in other words. However, this expansion
produces a negligible effect on the already low performance.
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work using other sliding window-based keyword spotting approaches as well. Moreover, this syllable-based strategy provides a computationally plausible path for event-based lexical
access and for dealing with out of vocabulary words quickly.
Finally, we have found that the figure-of-merit performance
of our system (as well as the baseline keyword-filler HMM) is
most highly correlated with median keyword duration. If this
property is true of other keyword spotting systems more generally, the parameters of this linear relationship (e.g., slope or
-intercept) may provide a keyword-independent performance
metric, which would help normalize system benchmarking.
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