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ABSTRACT

This paper address the problem of training HMMs using long files
of uninterrupted speech with limited and constant memory require-
ments. The classical training algorithms usually require limited
duration training utterances due to memory constraints for storing
the generated trellis. Our solution allows to exploits databases that
are transcribed, but not partitioned into sentences, using a sliding
window Forward-Backward algorithm. This approach has been
tested on the connected digits TI/NIST database and on long se-
quences of Italian digits. Our experimental results show that for a
lookahead valueL of about 1-2 sec it is possible to achieve reesti-
mation counts that are affected by errors less than 1.e-7, producing
similar reestimated models.

Another application of our sliding window Forward-Backward al-
gorithm is MMIE training, that we have tested on the TI/NIST
database connected digits using as a general model the recognition
tree rather than the N-best hypotheses, or the word lattices.

1. INTRODUCTION

It is well known since long time that Viterbi decoding can be per-
formed before the end of the observations because the optimal path
is included among the best scoring paths at any given time (unless
it is pruned by the beam search) and because all these paths are
generated from a common ancestor (the “immortal node”) [2].

In [1], on the basis of these observations, a piecewise Viterbi train-
ing algorithm has been proposed that requires a fixed amount of
memory and can be used on unlimited length speech utterances.

In this paper we extend this approach to the EM reestimation per-
formed through a sliding window Forward-Backward algorithm.
Our approach does not require that a partial traceback locates an
immortal node that identifies the unique survivor path to be passed
to the next window. Instead, all the forward paths surviving a prun-
ing operation with a large beam threshold are extended. The errors,
therefore, do not depend on the estimated state alignment, but are
related to the difference between the true state occupation prob-
abilities (available only after all the observations have been pro-
cessed) and the state occupation probabilities estimated looking
ahead a short interval of time.

Another application of this approach is MMIE training [4], where
the computation of the denominator of the objective function re-
quires a substantial amount of memory resources for storing the
trellis information.

2. APPROXIMATE FORWARD-BACKWARD

Let’s consider the following approximate FB algorithm:

1. Perform the usual Forward algorithm, up to timeL, stor-
ing the forward probability�t(j) for each time framet and
statej of the estimated models

2. Perform the Backward algorithm from timeL to time 0.
The estimated backward probability~�L(j) of each statej
at timeL is initialized as

~�L(j) =
1P

s
�L(s)

(1)

so that the estimated probability of occupation of that state
at timeL is equal to its rescaled forward probability

~
L
L(j) =

�L(j) ~�L(j)P
s
�L(s) ~�L(s)

=
�L(j)P
s
�L(s)

= �L(j) (2)

Of course, the Backward pass is initialized correctly forL = T ,
whereT is the last frame of the utterance.

2.1. Error analysis

If the Backward pass is started before the utterance is completed
(L < T ) the estimated state occupation probabilities will be af-
fected by an error.
In this Section we examine the behavior of these errors as a func-
tion of the distance between the frameL and the current time frame
t.
Let’s defineb the state corresponding to the best forward path
(b =argmax j(�L(j)) ando the state with maximum occupation
probability (o =argmax j(L(j)) respectively.
Typically, ~LL(b) is an overestimate ofL(b)

~
L
L(b) � L(b) (3)

because it relies only on the best forward path, and does not take
into account the remaining observationsL + 1; : : : ; T . Moreover,
since

P
s
L(s) = 1 and

P
s
~LL(s) = 1, andL(b) and~LL(o)

are the most relevant contributions to their sums,~LL(o) is typically
an underestimate ofL(o).

L(o) � ~
L
L(o) (4)

This is definitely true if the estimated backward probability~�L(b)

is set to1 rather than as defined in Eq. 1, while~�L(j) for the
remaining statesj 6= b is set to0, as suggested in Fig. 1.
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Figure 1: Best forward and optimal paths.

Our approximation of the true backward probabilities at timeL,
independently of the initialization of the backward probabilities at
timeL, producespositive and negative errorson the state occupa-
tion and backward probabilities at that time frame.
Since the backward probability is recursively computed as

�t�1(j) =
X

s

�t(s) � bt(s) � ajs (5)

the error on the estimated backward probability at timet� 1

E
�
t�1(j) = �t�1(j)� ~�t�1(j) (6)

will be back propagated as follows:

E�
t�1(j) =

X

s

(�t(s)� ~�t(s)) � bt(s) � ajs (7)

if "�t (j) is the relative error on�t(j),

"
�
t (j) =

�t(j)� ~�t(j)

�t(j)
(8)

we get

E
�
t�1(j) =

X

s

"
�
t (s) � �t(s) � bt(s) � ajs (9)

and finally

"
�
t�1(j) =

P
s
"�t (s) � �t(s) � bt(s) � ajsP

s
�t(s) � bt(s) � ajs

(10)

Since the relative error at each state,"�t�1(j), is computed as the
the sum of the relative errors on its successor states, weighted by
their rescoredbackward probability, the errors propagate along the
best backward paths.
Since the best forward paths have a few common ancestors in the
near past (a single common ancestor not too far in the past), the
weighted sum of positive and negative errors along the best paths
reduces the relative error that is propagated going back from the
common ancestors, as illustrated in Fig. 1 where “+” and “-” marks
correspond to positive and negative errors respectively.
States with very low probability of occupation may have high rel-
ative errors"�t (j), but their contribution to the reestimation counts
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Figure 2: Maximum of the sum of state occupation probability
errors (�Lt ) as a function of the distanceL� t.

is null because, for the sake of the efficiency, the reestimation
counts are computed only for states with a probability of occu-
pation greater than a given threshold.
The estimated state occupation probability~Lt (j) can be expressed
in terms of"�t (j) as

~
L
t (j) =

�t(j) � �t(j) � (1� "
�
t (j))P

s
�t(s) � �t(s) � (1� "

�
t (s))

(11)

and the error on the state occupation probabilityE
t (j) as

E

t (j) =

�t(j) � �t(j)P
s
�t(s) � �t(s)

�
�t(j) � �t(j) � (1� "

�
t (j))P

s
�t(s) � �t(s) � (1� "

�
t (s))

(12)
Going back from an ancestor state to another one along the best
paths, the error"�t (j) decreases,~Lt (j) approaches to the true
valuet(j), and the errorE

t (j) approaches to zero.

2.2. Experimental results

To verify the behavior of the errors as a function of the distance
between the Backward pass starting frameL and the current frame,
the approximate FB algorithm has been used to compute the state
occupation probabilitiest(j) 8j; t for 2156 adult male training
utterances in the TI/NIST database.
The same experiment has been done on a connected digit telephone
line Italian database, described in Section 5.3.
Setting the starting time of the Backward computationL to the last
frame (Tu) of a given utterance (u) the truet(j)8t; j is computed,
while if L assumes all the values in the interval[1; Tu � 1] the
estimated state occupation probabilities~Lt (j) 8t; j is obtained as
a function ofL. For each value of the distance betweenL andt
we store the maximum of sum of the errors performed on the state
occupation probabilities over all the states, i.e.

�
L
t = max

L�t

X

s

�
t(s)� ~

L
t (s)

�2
(13)

Fig. 2 shows how the errors on the state occupation probabilities,
computed in step 2 of the approximate FB algorithm, decrease as
a function of the distanceL� t (in 10ms frames). For the TI/NIST
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Figure 3:�Lt as a function of 3 different starting framesL.

database, in the worst case, after 150 (100) frames from the be-
ginning of the Backward pass, the sum of the square errors of
the state occupation probabilities is less than10

�30 (10�15), that
means that the reestimation counts are affected by an error less
than10�15 (10�7).
For the more noisy, telephone speech, Italian database including
long pauses, negligible errors are obtained, in the worst case, after
200 (150) frames from the beginning of the Backward pass.
A typical behavior of the errors�Lt during the Backward pass, for
a single short training utterance ofT = 50 frames, with starting
frameL = 48; 28; and18 respectively, is shown in Fig. 3. It can
be noticed that the errors decrease to a negligible value even if the
Backward pass starts from frame28, while they cannot be reduced
if the starting frame is not far enough (as shown for starting frame
18).
Fig. 4, that refers to the training utterance /2 7 8 9 3 8 5/ of the male
speaker “aetrm c”, plots, for every starting frameL of the Back-
ward computation, the rightmost framet for which a negligible�Lt
error (less than10�15) is obtained. Starting from frameL = 140,
for example, a negligible error is obtained at framet = 108. The
labels in the figure mark the words boundaries in the utterance.
The horizontal steps in the figure correspond to the frames where
the best backward paths recombine into an “immortal node”: these
steps often corresponds to the word boundaries.

3. PIECEWISE FORWARD-BACKWARD

Since the errors on the state occupation probabilitiest(j) become
negligible at a relatively small distance from the beginning of the
Backward pass (see Fig. 2) we can devise the following sliding
window FB algorithm (with a lookahead ofL frames):

1. Set the initial timet = 0

2. Perform the usual Forward algorithm, up to timeL, obtain-
ing and storing the forward probability for each state of the
estimated models

3. Continue the Forward algorithm, up to timet+ 2L

4. Perform the Backward algorithm from timet+ 2L to time
t. The backward probability of each state at timet+ 2L is
initialized according to Eq. 1.
During the Backward step the reestimation counts are up-
dated only for the trellis states included in the interval of
time t to t + L, where theE

t (j) errors are negligible. It
is worth noting that for this evaluation only two backward
”trellis columns” are needed.
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Figure 4: Rightmost frame for which�Lt ) < 10
�15 is obtained, as

a function of the starting frameL.

5. The memory used for storing the trellis information from
time t to timet+ L� 1 can be recovered.

6. Set the new window beginning time,t = t + L, and go to
step 3

As shown in Section 2 given a large enough lookahead valueL,
these errors decrease going backward so that the sum of the devi-
ations of the state occupation probabilities computed over all the
times from0 to t+ L and over all the states becomes very low.
For the experiments reported in Section 5.1 and 5.3, the lookahaed
valueL has been fixed to 100 and 160 respectively.

4. TREE BASED MMIE TRAINING

In MMIE training [4] for continuous speech of long sentences, the
computation of the denominator of the objective function requires
a substantial amount of memory resources for storing the trellis
information.
Since our sliding window FB algorithm computes very good ap-
proximations of the state occupation probabilities, it can be used
for MMIE training of very long sentences.
Another advantage offered by the piecewise discriminative train-
ing is the possibility to use the recognition tree as the general
model, rather than the N-best hypotheses, or the word lattices. This
avoids the assumption often made, for the sake of computation ef-
fectiveness, that the N-best hypotheses, or the word lattices do not
change during training. Of course the computational load of this
approach is greater than the standard ones, but it should be noticed
that the restimation set for MMIE is always a subset of the training
database. This approach has been tested of the TI/NIST database
connected digits as reported in the next Section.

5. EXPERIMENTAL RESULTS

5.1. Piecewise Forward-Backward

Most of the experiments have been performed on the 20KHz TI/NIST
connected digit corpus of adult speakers including 8700 sentence
(28583 words) for testing. The signal is passed through a preem-
phasis filter and every 10 ms a 20 ms Hamming window is applied.
A 512 point FFT is then performed and the frequency range up to
8 KHz subdivided into 20 Mel-scale filters is used to obtain 12
cepstral coefficients.
The observation vector paper includes 39 parameters: 12 liftered
and high-pass filtered cepstral coefficients (C1 � C12), and their



Training Mixtures Densities sub/del/ins WER (%) SER (%)
MLE 1 1548 86/53/11 150 (0.52%) 133 (1.53%)

MMIE 1 1548 77/47/15 139 (0.49%) 122 (1.40%)

MLE 4 5480 50/19/8 77 (0.27%) 69 (0.79%)
MMIE 4 5480 49/25/11 85 (0.30%) 76 (0.87%)

MLE 8 9320 40/20/8 68 (0.24%) 62 (0.71%)
MMIE 8 9320 39/25/9 73 (0.25%) 66 (0.76%)

Table 1: Results for MLE and MMI trained models on the TI/NIST database
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Figure 5: Average log-likelihood per frame after each iteration.

first and second order derivatives, the energy, and its first and sec-
ond order derivatives.
The results shown in Table 1 have been obtained with unknown
length decoding using two gender dependent acoustic models per
word, one for short and the other for long duration utterances. The
models were trained as introduced in [3], with a maximum of 1, 4
or 8 Gaussian densities per state and a single state silence model
with 16 Gaussian densities.
Using the new sliding window FB algorithm for MLE training,
we obtainedexactly the samerecognition results, in terms of word
and string error rates, with respect to the models estimated using
the classical FB. The average log-likelihood per frame after each
iteration of the FB and of the sliding window FB algorithms for
this training database are compared in Fig. 5. Surprisingly, the
sliding window FB produces models that fit the training data better
than the standard FB.

5.2. Piecewise Tree MMIE

As far as the tree based MMIE training is concerned, the results
reported in Table 1 show that we were able to reduce the word and
sentence error rate only for models with one Gaussian mixture per
state, while only the substitution error rate has been slightly im-
proved for more complex models, unfortunately with an increase
of the insertion and deletion rates. Of course, it is difficult to im-
prove the performance of accurate acoustic models trained with
MLE, but the deluding performance of MMIE training on our spe-
cial short and long models may be explained condidering that the
tree based MMIE approach tries to discriminate between long and
short models of the same word, probably reducing the robusteness
of the competing models.

Training sub/del/ins WER (%) SER (%)
MLE 179/112/65 356 (0.92%) 231 (9.3%)

MMIE 176/118/75 369 (0.96%) 236 (9.5%)

Table 2: Performance on the Italian database

5.3. Italian telephone digit database

A second experiment has been performed on a 8KHz sampled,
telephone line, connected digit corpus including 8539 sentence for
training and 2472 sentences (38533 words) for testing. The train-
ing sentences are composed of utterances including up to 16 digits,
most of the test sentences are credit card numbers [3].
The same preprocessing is performed on the signal, but a 256 point
FFT is applied to every 10ms window frame, and 12 Mel cepstral
coefficients are computed. The energy and the high-pass filtered
cepstral parameters and their first and second order derivatives are
included in the observation frame.
The performance on the Italian database using long and short mod-
els with a maximum of 4 Gaussian per state are similar to the ones
reported in the Section 5.2, and are detailed in Table 2.

6. CONCLUSIONS

The effectiveness of a piecewise FB training approach has been as-
sessed comparing the results of MLE and Piecewise MLE training
for the TI/NIST database, and for long sequences of Italian digits.
This method has been also exploited for MMIE training with the
recognition tree used as general model for the computation of the
denominator of the MMIE objective function.
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