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ABSTRACT

Phonetic baseforms are the basic recognition units in most
speech recognition systems. These baseforms are usually
determined by linguists once a vocabulary is chosen and not
modified thereafter. However, several applications, such as
name dialing, require the user be able to add new words
to the vocabulary. These new words are often names, or
task-specific jargon, that have user-specific pronunciations.
This paper describes a novel method for generating pho-
netic transcriptions (baseforms) of words based on acoustic
evidence alone. It does not require either the spelling or any
prior acoustic representation of the new word, is vocabulary
independent, and does not have any linguistic constraints
(pronunciation rules). Our experiments demonstrate the
high decoding accuracies obtained when baseforms deduced
using this approach are incorporated into our speech recog-
nizer. Also, the error rates on the added words were found
to be comparable to or better than when the baseforms were

derived by hand.

1. INTRODUCTION

There has been considerable interest in telecommunications
based speech recognition services that provide user config-
urable vocabularies. Name dialing is one such example of
a telephony application, where it is necessary to have the
ability to provide speaker dependent vocabularies for reper-
tory dialing. This feature will enable the user to add a
word(s) to their personalized vocabulary, for which an apri-
ori spelling or acoustic representation does not exist in the
speech recognition system, and associate that word(s) to
a phone number to be dialed. Once the personalized vo-
cabulary is configured, the user can subsequently dial the
phone number by speaking the new word(s) just added to
the vocabulary. In order to do this, proper deduction of the
phonetic baseform is essential. This paper presents an au-
tomated method for generating speaker dependent acoustic
representations (baseforms) from speech in terms of speaker
independent subword acoustic units (phones), in order to
build the personalized vocabulary. The baseform is gen-
erated using a sample utterance of the word to be added.
Using this segment of speech, a phonetic representation is
extracted using the ballistic labeler (described in Section
2). Subsequent utterances of this word are decoded by the
speech recognition system using the newly added represen-
tation of the word.

Phonetic baseforms are the basic recognition units in
most speech recognition systems. This paper describes a

fast and novel method for generating phonetic transcrip-
tions (baseforms) based on acoustic evidence alone without
using any prior information regarding the pronunciation of
the newly added words. This method is vocabulary inde-
pendent and does not have any linguistic constraints (such
as prior pronunciation rules). This paper also describes a
series of experiments in which the phonetic baseforms are
first deduced automatically using actual utterances of the
new word, and subsequently used by the speech recognizer
for decoding.

Many speech recognition systems (desktop applications,
such as dictation transcription, and telephony applications,
such as name dialing) provide the user with the ability
to configure personalized vocabularies. Existing systems
which provide this functionality fall into three main cate-
gories.

1. A speech recognizer that requires the user to enter the
spelling of the item to be added to the vocabulary as
well as pronounce it. A series of experiments in which
the phonetic baseform is deduced automatically for a
new word given its spelling by utilizing actual utter-
ances of the new word in conjunction with a set of au-
tomatically derived spelling-to-sound rules is described
in [1, 2].

2. A speech recognizer that uses just the user’s pronunci-
ation to build a personalized vocabulary for that user.

3. There is no speech recognition system involved. The
user’s audio is saved under a voice label. Subsequent
utterances are compared with the saved audio before
a decision is made. In the name-dialing task, this in-
volves the selection of the phone number to dial.

All the above methods have their shortcomings. The first
method cannot be used for telephony applications as it re-
quires typed input from the user. It is possible for the user
to spell out the word through the telephone, but this in-
creases the enrollment time and also decreases the accuracy
of the recognizer for subsequent decoding. A second prob-
lem relates to the fact, that sometimes the spelling of a word
has very little correlation with its pronunciation. Many im-
plementations of the second method exist in service over
the public telephone network today. These are relatively
simple unsupervised methods of obtaining speaker depen-
dent pronunciations and require at least three utterances of
the word during the enrollment procedure. Some of these
systems may also require that prior information concern-
ing the pronunciations of words being added exist either in
the form of pronunciation networks or phonological rules.



The third method suffers from the drawbacks of having to
store the audio for every new word added to the vocabulary
and performance in terms of poor accuracy because of the
simple comparison measures. A comparison of some unsu-
pervised maximum likelihood decoding procedures is given
in [4, 5]

This paper describes a method for generating phonetic
transcriptions (baseforms) for obtaining speaker dependent
word pronunciations that does not use any prior informa-
tion regarding the pronunciation of words. For the name-
dialing task, we obtain good recognition accuracies during
the retrieval phase with only one utterance used during
the enrollment procedure. The baseform thus generated is
used by the speech recognizer during recognition, when the
personalized vocabulary is active along with other speaker
independent navigational commands such as "forward my
calls to”, "delete name”, etc. The accuracy of the recog-
nizer improves if an additional utterance is used during the
enrollment procedure.

The structure of this paper is as follows. Section 2 de-
scribes the ballistic labeler algorithm used for the gener-
ation of phonetic baseforms. Section 3 describes a set of
experiments that evaluate the recognition performance of
the speech recognizer that uses the automatically deduced
baseforms. Section 4 discusses the results and has sugges-
tions for future work.

2. ALGORITHM FOR GENERATING
BASEFORMS

This section describes the algorithm that is used for gen-
erating the phonetic baseforms from the acoustics alone.
The goal here is to find the phone string P that maximizes
p(P|U), where Uis the utterance for which the baseform is
to be generated. The algorithm proceeds as follows. The
acoustic data from the enrolled utterance is labeled in less
than real time using the ballistic labeler. This involves the
construction of a trellis of arc (sub phone units) nodes from
the speech utterance. The probability of a transition oc-
curring from one arc to another is determined by weighting
the score obtained from a Hidden Markov Model (HMM)
[3] with a precomputed arc to arc transition probability ob-
tained from any training corpora. At any time frame the
set of active nodes in the trellis is defined as the nodes with
scores greater than a certain pruning threshold. Once the
entire utterance has been processed, a back-tracking proce-
dure is employed that traces the best arc-predecessor from
the end of the utterance, forcing silence at the beginning
and the end of the utterance. Thus, a sequence of phonetic
arcs are obtained from which a phone sequence (baseform)
is derived for that enrolled utterance. This corresponds to
one pronunciation for the word enrolled by the user that
will be used subsequently for recognition [6].

2.1. Precomputation of arc transition probabilities
This algorithm requires precomputation of some statistics
to be used in the construction of the trellis. The first
step involves the computation of the arc to arc transition
probabilities. In order to do this, leaf to leaf transition
probabilities have to be computed first. A leaf is a con-
text dependent arc. A phone is made of three sub units
called arcs, corresponding to the three states of a HMM
(for eg., the phone AA is made of arcs, AA-1, AA-2 and

AA-3). An initial set of acoustic models are built using

any training corpus. Using the same training corpus, align-
ments of the speech segments at the leaf level to the tran-
scribed text is obtained using the Viterbi method. From
these alignments the number of times that any one leaf
transitions to any other leaf can be computed. The leaf
to leaf transition probabilities can therefore be computed
as, pTObleaf—tra.ns(i,j) = Nz]/zj ngv] S NL

where probieas—trans(4, j) is the probability of transition
from leafi toleaf j, N;; is the number of transitions from leaf
ito leaf j and the denominator term is the summation of the
number of transitions from leaf i to all possible successors
of leaf j.

The arc to arc transition probabilities are computed
from the leaf to leaf tramsition probabilities by map-
ping each leaf to its corresponding arc and computing
Probarc—trans(1,J) = Naij/Na; where Naj; is the sum of
transitions of all leaves of arc i to arc j and Na; is the sum
of all transitions of all leaves of arc 1 to all leaves of any
other arc.

The score of each node in the trellis is weighted by its
corresponding arc to arc transition probability.

2.2. The ballistic labeler

The processing of the speech utterance occurs on a frame to
frame basis, where each frame is a centi-second of speech.
A trellis of arc nodes is constructed where each node corre-
sponds to a frame of speech. The utterance is assumed to
start and end in silence, i.e., the first and the last frames of
speech correspond to a silence arc node in the trellis. The
scores for all leaves for the current frame is obtained from
the HMM and the arc score (node score) is the score of the
highest scoring leaf for that frame. A trellis of arc nodes
is constructed, where every arc node can transition to any
other arc node with no constraints. For the first frame, the
initial probability for the source arc node is defined as 1/N
where N is the number of lsve nodes in the system. Since
it is forced to be a silence node, N is 1 for the first frame.
Before proceeding to the next frame of speech, the scores
of all nodes that are alive at this time frame are multiplied
by the precomputed arc transition probabilities.

alphaScorei(arc, j) = probs(arc) * probarc—trans(arc, 7)VJ

The updated scores will be referred to as the alphaScore
values. As every node can transition to any arc node, the
number of possible successors for every node is the same
as the number of arcs in the system. The best predecessor
of every node at time ¢ + 1 is computed as the node which
results in the best alphaScore. The alpha scores of the nodes
are multiplied by the output probabilities obtained from the
HMM. The HMM’s are trained at the leaf-level.

alphaScorei(arc, j) = alphaScorei(arc, j) * probrnen(J, 1)

Mazalpha is computed as the the maximum value of the
alpha scores computed at time ¢ between arc node ¢ and j
as max (alphaScorevest—predecessor(j) ) for all . To make
for efficient back tracking, the best predecessor for every
arc node and its corresponding alpha scores are stored.
The scores of all successor nodes are normalized with the
Mazalpha value. These updated scores will serve as the
initial set of probabilities for the next frame of speech.



Next, the set of arc nodes that will be alive for the next
frame of speech is determined. A simple pruning proce-
dure is used, wherein if the alpha score of a node exceeds a
pruning-threshold the node is marked alive. All nodes with
scores below this threshold are not expanded further in the
trellis. Since each node is an arc, or a sub-phone, each alive
node in the trellis best describes the local region of speech.
The above steps are repeated for all the frames, while stor-
ing the best predecessor for every time frame. The pruning
procedure is applied at every time frame, and only the lzve
nodes are allowed to proceed to the next iteration of the
algorithm. This is the forward-pass of the algorithm. (See
Figure 1)

2.3. Back tracking

Once the trellis for the entire speech utterance has been
constructed, the final step is to determine the best acoustic
representation of the utterance. As stated earlier, silence is
forced at the beginning and end of the utterance. Starting
from the last frame of speech, which corresponds to a silence
node in the trellis, the back-tracking procedure is applied.
In the forward-pass of the algorithm, the index or label of
the arc node that gave the best alpha value at any time
instant was stored. From the silence node, the arc corre-
sponding to the previous time slice in the trellis (arc,—1(7))
that was determined to be the best predecessor is the arc
that best describes the speech in that time frame, i.e., arc1
best represents the speech at the n — 1 th frame. From arc
1, the next best predecessor at time n-2 is retrieved and this
procedure continues until the silence node corresponding to
the first frame of speech is reached. The sequence of arcs
thus obtained is the acoustic representation of the speech
utterance. (Refer Figure 1)

Next these arcs are mapped to their respective phones
using a simple map. The time frame at which two consecu-
tive arcs belong to different phones is defined as a transition
point and a new phone starts at this instant. An entire pho-
netic sequence is thus obtained and this is the baseform of
the speech utterance.

The pruning procedure is used for reduction of storage
requirements, while the tracking of best predecessor in the
forward pass of the algorithm provides for fast back track-
ing. This enables the ballistic labeler to operate under faster
than real time speeds, which is essential in order to make
this a viable technique for practical applications.

An example of an arc sequence and a phonetic sequence
derived thereafter for a sample utterance 'ROSE’ is illus-
trated in Figure 1.

3. EXPERIMENTS

This method of generating baseforms was evaluated on the
name-dialing task, using an in-house data collection soft-
ware for telephony data collection. Two local databases
were built for evaluating the baseform generation algo-
rithm. The first database( DB I) was built using ten
speakers and each speaker asked to enroll twelve differ-
ent names. These names were chosen at random from
a currently operational name-dialing application and were
complicated enough to produce user-specific pronunciations
(for example, CELESTINO DOMINGUEZ, THOMAS CA-
BAN, TONY VAIANISI, etc.). Each participant made ten
calls, from as many different phones as possible. These in-
cluded cellular, digital and analog phones under different

Method Employed DBI | DBII
Baseforms from 1 acoustic utterance 96.4% 98%
Baseforms from 2 acoustic utterances | 96.6% | 98.2%
Hand-written Baseforms 97% 94.5%

Table 1. Recognition performance for two databases
using baseforms generated with acoustics alone and
hand-written baseforms

environment conditions, such as hallways and the cafete-
ria. The vocabulary for the recognition task included these
names along with other navigational commands such as 'for-
ward my calls’, ’call return’, 'delete a name’, etc. resulting
in a 65 word vocabulary. For the second database (DB II),
ten speakers with a variety of accents called in from three
different phones (digital, cellular and speaker phone condi-
tions). These speakers were asked to read fifty items, that
included names, such as, ROSE, ANTHONY FABRIZIO,
DAD, MOM, etc.), and other command words, such as,
"HELP’, '"CANCEL’, ’‘CALL RETURN’, etc.. The vocabu-
lary for this database was made up of 105 words. For both
the databases, baseforms were generated from one speech
utterance and the remaining calls (9 for DB I) were used
as the test bed for recognition with the newly generated
baseforms. The decoding results obtained when baseforms
were generated with one acoustic token (utterance) and two
tokens are tabulated in Table 1. The numbers presented
in the table are the average percentages obtained over all
the speakers under all the conditions under which the data
were collected. While it can be seen that the recognition
accuracy improves marginally with the use of an additional
enrollment utterance, the accuracy of the recognizer is very
good for the newly added words even when one utterance
was used for the baseform generation.

4. CONCLUSIONS AND FUTURE WORK

The goal of this work was to automatically determine pho-
netic baseforms for words not used in the recognizer and
evaluate the performance of the current speech recognition
system for those words. Visual inspection of the baseforms
generated, indicated substantial discrepancies between the
automatically generated baseforms using acoustics alone
and hand-written ones for almost one-tenth of the data.
Despite this, the recognition accuracy seemed to be better
when using these baseforms as opposed to the ones gener-
ated by a linguist. Most of the errors were made in situ-
ations where the telephone channel conditions were really
noisy, with several people talking in the background, or
when the user pronounced the word very differently from
call to call. As expected, it was observed that if base-
forms were generated with two utterances, both from clean
and noisy scenarios, the recognition accuracies improved
slightly. Our algorithm produced the following baseform
for the utterance ‘SHARON KEN’, D$ SH EH R AEN K
EH N X S X D$ as opposed to the hand written version
which had two pronunciations, namely, SH AE R AX N K
EH N and SH EH R AX N K EH N. It can be seen that a
’S’ phone has been introduced into the baseform sequence.
Most of the errors observed arise from these sporadic ’S’ ,
’V’, and 'F’ phone insertions, particularly under noisy con-
ditions. Owur system uses a 54-phone set where D$ and X
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Figure 1. Trellis construction and the generation of a baseform for a sample utterance.

are the silence phones.

The good performance of this algorithm can be attributed
to the following fact. The training of the HMM’s are done
at the leaf level even though the trellis computation and
Viterbi search is done at the arc level (a third of a phone)
and this fine level of detail that is included in the models,
accounts for the high performance accuracy. In order for
this algorithm to be of any use in a practical application,
the generation of baseforms should be done at speeds much
less than real time. To save on computations, a trellis of
arc nodes is used. However, a trellis of leaf nodes can also
be used for the same purpose without considerable loss in
accuracy.

Secondly, in the mapping from arc to phone nodes to
obtain the final phonetic sequence, a language model con-
straint (such as bi-phone or tri-phone statistics) can be im-
posed which will eliminate certain weird phone transitions
that could be errors generated either by the pruning proce-
dure or by the presence of noise in the speech frame.

At present, alternate pronunciations (baseforms) are gen-
erated only with an additional utterance during enrollment.
Instead, from the trellis, the N best predecessors can be
used to generate several combinations of phone sequences
that would combinatorily generate multiple pronunciations
for that utterance, thereby improving the performance of
the speech recognizer.

In conclusion, we believe that we have a viable technique
for generating good phonetic baseforms that give a high de-
coding accuracy with our speech recognizer. This is partic-
ularly useful for our telephony toolkit, where personalized
vocabularies are a must. Work is currently under way to
employ this algorithm in other components of the speech
recognizer, so that phonetic baseforms existing in the sys-

tem can be adapted to provide improvements in accuracy
for spontaneous speech applications.
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