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Abstract
Conventional HMMs have weak duration constraints. In noisy
conditions, the mismatch between corrupted speech signals
and models trained on clean speech may cause the decoder to
produce word matches with unrealistic durations. This paper
presents a simple way to incorporate word duration constraints
by unrolling HMMs to form a lattice where word duration prob-
abilities can be applied directly to state transitions. The ex-
panded HMMs are compatible with conventional Viterbi de-
coding. Experiments on connected-digit recognition show that
when using explicit duration constraints the decoder generates
word matches with more reasonable durations, and word error
rates are significantly reduced across a broad range of noise con-
ditions.

1. Introduction
Automatic speech recognition (ASR) based on hidden Markov
models (HMMs) has achieved great success, but performance
often degrades significantly in the presence of noise. One rea-
son is that conventional HMMs have weak duration models.
The state duration distribution is implicitly modelled by an in-
appropriate Geometric distribution and there is no modelling of
word durations [1]. Therefore the process of decoding noise-
corrupted speech may produce word matches with unrealistic
durations, given models trained on clean speech. This some-
times has disastrous consequences during the matching process:
word strings where the associated word models have short du-
rations tend to be favoured over competing strings with fewer
words but longer durations. This effect can be observed in a
connected-digit recognition task with no grammar constraints,
where the number of insertion errors greatly exceeds that of
deletions and substitutions in noisy conditions [2].

There have been several attempts to model explicitly state
durations by adapting HMM-based systems (e.g., [3] and [4]).
However, the minor improvements produced often do not jus-
tify the extra complexity introduced [5]. While the meaning
of modelling state-level durations is obscure, modelling word-
level duration constraints is potentially more effective for im-
proving ASR in noise [6]. Word durations are, despite of the
influence of the Lombard effect on speech [7], relatively in-
sensitive to moderate noise levels. However, with the Markov
state independence assumption, modelling state duration does
not necessarily produce a good model of word durations. Ma
and Green [6] have shown that an explicit word duration model
can help the decoder to combat the corruption of acoustic fea-
tures in noisy conditions.

This paper reports a generic way to employ word-level du-
rational knowledge for robust speech recognition by unrolling
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HMMs to form a lattice where word duration probabilities can
be applied directly to state transitions. The expanded HMMs
are fully compatible with conventional Viterbi decoding. In the
next section we investigate some characteristics of word dura-
tions. Section 3 presents techniques for expanding HMMs to
implement the duration model. Recognition experiments using
the Aurora 2 corpus are described and discussed in Section 4.
Section 5 concludes and presents future directions.

2. Word duration analysing and modelling
Crystal and House [8] performed a series of experiments
analysing segmental durations in connected-speech signals, in
an effort to apply durational information to the automatic anal-
ysis of speech. Among many factors that may influence seg-
mental durations for an individual speaker, the stress patterns of
a language are a primary factor. Speakers tend to lengthen sylla-
bles (or words) when stressing them. For example, in the Crys-
tal and House experiments the mean duration of stressed vow-
els is found to be 70 ms greater than the average for unstressed
vowels. Crystal and House also discussed a strong prepausal
lengthening effect [9] on vowel durations, an effect in which
vowels followed by syntactic pauses (e.g., sentence markers)
are longer than the others. In a connected-digit domain where
high-level linguistic cues are minimised, this effect can also be
observed [6].
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Figure 1: Word duration histograms for digit ‘six’. Left: raw
histogram computed from all duration examples. Right: a com-
parison of duration histograms in different contexts.

Column ‘All’ in Table 1 shows durations of various digits in
the Aurora 2 corpus in milliseconds. These duration examples
were obtained from the Aurora training data using an automatic
Viterbi alignment for each word in the vocabulary based on a set
of well-trained word-level HMMs. Different words have differ-
ent duration statistics. They are difficult to model accurately
with a single Gaussian because their distribution has a skewed
shape, as shown in the left panel of Fig. 1. As word durations
are themselves discrete, a discrete distribution is attractive for
a small vocabulary task where sufficient training data are avail-
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Table 1: Mean durations (Mn.) and standard deviations (s.d.), in milliseconds, of various digits in Aurora 2 corpus. Prepausal context
as indicated. N = number of cases; Mn. Inc. = relative mean duration increase in the prepausal context.

All examples Non-prepausal Prepausal
word N Mn. s.d. N Mn. s.d. N Mn. s.d. Mn. Inc.
one 2545 357 94 1784 325 80 761 432 80 33%
two 2531 338 99 1757 302 85 774 421 75 40%
three 2521 349 92 1769 314 75 752 433 72 38%
four 2539 373 97 1748 338 83 791 450 79 33%
five 2491 407 111 1698 360 83 793 509 96 41%
six 2545 436 123 1756 374 79 789 572 87 53%
seven 2525 426 88 1778 397 77 747 493 74 24%
eight 2515 323 95 1752 280 64 763 420 83 50%
nine 2492 406 99 1715 369 80 777 488 87 32%
oh 2500 324 94 1769 291 79 731 402 80 38%
zero 2523 448 100 1761 419 91 762 515 88 23%

able. We therefore employ a histogram-based word duration
model proposed in [6]. This word duration model will not scale
to medium or large vocabulary tasks because it may become in-
tractable to collect robust word duration statistics. Therefore a
parametric model (e.g., a Gaussian mixture model) may be em-
ployed1. The duration examples are used to compute histograms
with a bin width of 10 ms. Let P (d|w) denote the probability
of word w having a duration d. To evaluate P (d|w), the his-
tograms are smoothed using a 5-point median filter and then
normalised to have area 1. Because of the high dimensionality
of the feature vectors typically used, there is a scaling factor to
control the impact on the decoding procedure, forming the word
duration penalty D(d|w):

D(d|w) = P (d|w)γ (1)

where γ is the empirical scaling factor on word durations.
The left panel in Fig. 1 shows that the duration histogram

for digit ‘six’ has a bimodal distribution. This observation is
due to the prepausal lengthening effect discussed previously.
To further examine this effect we divide the duration exam-
ples of each digit for two conditions: examples followed by
a digit and examples preceding a long pause. In Aurora 2
corpus there is a long pause at the end of each utterance and
our experiments show that the brief inter-digit pauses in some
long digit strings do not give a strong prepausal lengthening ef-
fect. Therefore only the sentence-final words are considered as
prepausal words. Two duration histograms are computed for
the two conditions and their distributions are shown in the right
panel of Fig. 1, along with the duration distribution of all ex-
amples. It is clear the bimodal distribution becomes two uni-
modal ones. Table 1 lists the mean and standard deviations
of the duration of each digit in both the prepausal and non-
prepausal contexts. Prepausal words demonstrate longer du-
rations and the relative mean duration increase is up to 53%
(digit ‘six’). The duration standard deviations in each context
are also narrower than those of all examples. The prepausal
lengthening effect is observed for all the digits but is least strong
for two-syllable digits (‘seven’ and ‘zero’). This suggests that
only the emphasised syllable may be lengthened but no fur-
ther investigation has been done in this study. To model the
prepausal lengthening effect, we estimate P (d|w, c) – the prob-
ability of word w having a duration d in context c. In our case
c = (prepausal | non-prepausal). By applying a scaling factor,

1A parametric model can be employed in the same manner.

we can compute the context-dependent word duration penalty:

D(d|w, c) = P (d|w, c)γ (2)

3. Incorporating duration constraints
With standard HMMs we wish to apply word duration con-
straints to word sequence hypotheses as they leave word-final
states. This cannot be done directly in the Viterbi algorithm as
it does not keep a record of durations of different paths. There-
fore it is not possible to correctly apply duration penalties. Ma
and Green [6] proposed a multi-stack decoding algorithm to
incorporate a word duration model based on the NOWAY de-
coder [10]. It extracts the most likely hypothesis from every
stack, computes one-word extensions, applies word duration
penalties for the word, and places all the new hypotheses into
corresponding stacks. However, most HMM-based ASR sys-
tems employ a Viterbi decoder and it may not always be feasi-
ble to incorporate a stack decoder. In this section we propose
a more generic technique which amounts to little more than
expanding the HMM topologies so that word duration penal-
ties can be incorporated. This technique is fully compatible
with existing ASR systems. It is theoretically equivalent to
the multi-stack decoding technique and therefore produces the
same recognition results as reported in Section 4.2.

Assuming a no-skip, left-to-right HMM with N states
q1, q2, . . . , qN for word w is being expanded. We can com-
pute corresponding duration penalties using Eq. (1) with an ex-
pected duration range dwmin to dwmax. Each emitting state qi is
then duplicated dwmax times, which share the same Gaussian pa-
rameters of qi. The duplicated states qi form a sequence and the
self-transition of each state is replaced by a one-way transition
between two adjacent states. For N states in the old HMM we
get N state sequences. Except for the last state sequence qN ,
the jth state in the sequence qi is connected to the (j + 1)th

state in the next state sequence qi+1, with the transition prob-
ability the same as that from qi to qi+1 in the old HMM. The
beginning non-emitting state is connected to the first state in the
first state sequence q1 with a transition probability of 1.0 as an
entry point. Each state in the last sequence is connected to the
non-emitting state at the end as one of the terminating points in
the expanded model. When word sequence hypotheses leave a
model from any of the final states qN , different paths within the
model to the leaving state are guaranteed to have the same du-
ration. Therefore the duration penalty can be safely applied in
the expanded HMM. We use the corresponding duration penalty
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Figure 2: Illustration of unrolling a standard no-skip, left-to-right HMM with word duration penalties.

to replace the transition probability from each state in the last
sequence qN to the terminating non-emitting state.

Fig. 2 illustrates this procedure using an example of a 3-
state no-skip, left-right HMM with 2 non-emitting states (dark
circles) at the two ends. The states that will not be visited are
marked with dashed circles. To make the expanded HMMs
more efficient, we do not supply the terminating transition to
the states before the (dwmin)

th state in the last state sequence.
In this example the allowed duration range for word w is 5 to
8 frames, therefore there are no such transition for the first four
q3 states. The allowed duration ranges are determined by ex-
amining the duration statistics obtained from the training data.
A typical duration range for a non-prepausal digit in the Au-
rora corpus is 200 – 700 ms and for a prepausal digit a typical
duration range is 300 – 900 ms. With a 10 ms frame shift al-
though the state space is expanded roughly by a factor of 90, the
computational load increases only by a much smaller factor in a
small vocabulary task. Most the computation is for the observa-
tion probabilities, which remains constant because the Gaussian
mixtures are tied up.

For word duration modelling in the prepausal context, we
expand two sets of HMMs using Eq. (2): NPPdigit – HMMs
for non-prepausal digits; and PPdigit – HMMs for prepausal
digits. The decoder simply employs the two model sets with an
EBNF grammar as follows: (sil {$NPPdigit} ($PPdigit) sil).

4. Experiments and results
4.1. Recognition systems

The experiments reported here employ the Aurora 2 speaker in-
dependent connected-digit recognition task. Spectral features
were used so that missing data techniques can be applied [11].
Feature vectors were obtained via a 32-channel Gammatone fil-
terbank distributed in frequency between 50 Hz and 3850 Hz
on the equivalent rectangular bandwidth (ERB) scale. The fea-
tures were supplemented with their temporal derivatives to form
a 64-dimensional feature vector. Gender-dependent word-level
HMMs were trained on the Aurora clean speech training set.
Digit models (‘1’–‘9’, ‘oh’ and ‘zero’) consist of 16 no-skip,
left-right states with observations modelled by 7-component di-
agonal GMMs. A 3-state silence model was used to model
the long pauses before and after an utterance and an additional
1-state silence model was used to model the brief inter-digit
pauses that may occur during long digit strings.

The recognition system is a ‘missing data’ recogniser. The
‘missing data’ approach [11] assumes that when the speech is
one of several sound sources, some spectro-temporal regions

will remain uncorrupted and can be used as reliable evidence
for recognition. The uncorrupted regions can be labelled using a
spectrographic mask. The baseline system the best performing
system described in [12], which takes combined harmonicity
and SNR-based masks and uses gender dependent modelling.
The second recognition system employs HMMs expanded with
the pause-context-free word duration penalties calculated using
Eq. (1) (NPP-WD system). The last recognition system uses
the two sets of HMMs unrolled with Eq. (2) (PP-WD system).
The scaling factor γ was set to 10 for all noise conditions in this
study, which was tuned based on a small set of developing data.

4.2. Results and discussion

Fig. 3 shows the average word error rates (WER) over the four
different noise types in Aurora 2 test set A at various SNR lev-
els. The systems with both duration models clearly outperform
the baseline system at low SNR levels. No significantly dif-
ferent results are achieved at SNRs above 15 dB as the baseline
system is capable of achieving high performance in quiet condi-
tions in this task. In noisy conditions the estimation of missing
data masks becomes more difficult. When more data is missing
duration constraints become more important. This is analogous
to increasing the contribution of the language model when the
acoustic model is poor.
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Figure 3: Average word error rates for test set A in Aurora 2
corpus at various SNR levels.

The PP-WD system achieves the lowest WERs, but the re-
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Figure 4: A comparison of word duration histograms of digit
‘six’ obtained from recognition results of various systems.

sults of the NPP-WD system are close. This is because without
considering the pause context the ‘prepausal’ portion of the du-
ration distribution is still well modelled by the histogram-based
model. The performance gain using the prepausal context is
mainly due to the emphasis of the prepausal duration distribu-
tion and a better estimate of the allowed duration ranges.

To examine the impact of the word duration constraints on
the recogniser, we also compared the duration statistics pro-
duced during the decoding process. Word duration examples
were collected in the back-tracing stage of various recognition
systems. Histograms of these duration examples are then com-
puted and compared to those obtained by forced-aligning the
training data. Fig. 4 shows these duration histograms for digit
‘six’ at the SNR level of 0 dB. Panel (A) is the duration his-
togram obtained from forced-aligning the clean Aurora training
data (same as in Fig. 1). Panels (B–D) show the histograms
produced by the baseline recogniser, the NPP-WD system and
the PP-WD system, respectively. When decoding noisy speech,
the baseline recogniser generates many word matches with too
short or too long durations and fails to demonstrate the second
peak in the distribution around 572 ms. The proposed word du-
ration model forces the recogniser to focus on word matches
with more realistic durations and with the prepausal context it
produces a duration distribution more similar to that from train-
ing data.

The examples used to estimate the word duration penalties
in this study are only approximate digit durations as they are
obtained by forced-aligning the training data with trained con-
ventional HMMs, which do not encode correct duration models
in the first place. This is generally acceptable in this digit recog-
nition task as with clean training data the HMMs give reason-
able duration statistics. Note that the 16-state no-skip, left-right
topology forces the minimum duration of any word matches
produced by the decoder to be 160 ms. Our preliminary ex-
periments show that in noisy conditions using 16-state HMMs
the decoder gave significantly lower WERs than using HMMs
with fewer states, even the total numbers of parameters are same
(i.e., the HMMs with fewer states are given more Gaussian mix-
tures). One possible reason is that with fewer states the decoder
may produce more word matches with durations shorter than
160 ms, resulting in more recognition errors. Experiments [6]

have also shown that the allowed duration ranges themselves
can help achieve lower WERs as hypothesis paths with unreal-
istic durations will be pruned out of the search.

5. Conclusions
Word durations are relatively insensitive to moderate noise lev-
els. In this paper we present a generic method to explicitly em-
ploy word duration constraints in different pause contexts by
using unrolled HMMs. The technique enables an existing ASR
system to employ a word duration model when available. Ex-
periments show that the technique is able to offer significantly
lower WERs over a strong missing data baseline system in noisy
situations. The system presented assumes that word durations
remain constant in various noise conditions. Future work will
include adapting the duration model based on speaking rates.
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