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ABSTRACT

This paper reports explorationson anovel approach
for speech information retrieval with spoken queries.
The method uses a two-layer decoding scheme, where
the intermediary representation of speech is based
on phonemes, which makes the system vocabulary-
independent. Moreover, the use of synchronized lat-
ticesat thisintermediary level is shownto improvethe
discriminative performance while decreasing the size
of the parameter space, and with avery reasonable ad-
ditional computational cost.

1. INTRODUCTION

Due to the increasing popularity of multimedia appli-
cations and to the vanishing cost of data storage, re-
trieval of audio documentsis getting increasing atten-
tion. A natural solution consists of simply linking a
(word-level) speech recognition engine with a tradi-
tional text retrieval system. However, this approach is
hardly practical for rea-life applications, because the
vocabulary has to be known beforehand (which pre-
cludes any satisfactory handling of proper nouns).

In this paper, we report explorations on a novel,
phoneme-based approach for voice/voiceretrieval (i.e.
both the query and the database are speech signals).
The method is vocabulary-independent, has a low
computational cost, and is suited for both spoken and
text queries. Here we present two subcases for the
phoneme-level intermediary representation: phoneme
sequences and synchronized lattices.

Similar methods exist, but so far they have dis-
missed the simpler phoneme-sequence approach as be-
ing too noisy, and focused on generic phone | attices or
graphs ([1], [2],[3]), which lead to much more costly
algorithms and don’t generalize smoothly to the sym-
metrical voice/voice case.

Section 2 outlines the baseline method and algo-
rithms, based on 1-best phonetic sequences, presented
in further detail in [4]. Section 3 describes a refine-
ment which uses synchronized phoneme lattices in-
stead. Section 4 describes the evaluation process and
comparative results of the two techniques.

2. PHONEME-SEQUENCE INDEXING

The task of voice/voiceretrieval is defined as finding,
among large amount of speech data, sections that are
"close” to a given spoken query. Given an absolute
ban on vocabulary dependency, this "distance” must
clearly deal with features below the word level. We
started this exploration by choosing the phoneme as
unit, becauseit isagood trade-off between the number
of units and the resulting data flow, and also because
good models and intuitive interpretations are readily
available. Hence, wechoseto start by performing only
a 1-best Viterbi decoding of both query and data with
a context-dependent phoneme loop HMM.

Given this framework, the goal is redefined as find-
ing approximative matches of the (decoded) query as
a substring of the (decoded) database. This approxi-
mative substring match naturally callsfor somekind of
dynamic programming; we choseto view it as another
Viterbi decoding step, this time by a discrete Markov
model generated from the phonetic sequence in the
query ("query string”).

This dynamically generated model must of course
measure a’'distance’ to the query string on whichitis
based. Due to the discrete and relatively coarse na-
ture of the phoneme stream, a reasonable choice for
this metric is the family of 'edition’ distances, i.e.
those based on a string-to-string mapping through ba-
sic operationslike insertion, deletion, and substitution.
We designed two dlightly different such metrics (i.e.
model topologies) with a different approach of one-to-
N matches.

2.1. Model topology

Thefirst topology corresponds to the traditional inser-
tion, deletion, and substitution metric; it is sketched in
fig. 1.

Asisillustrated here, the model is obtained by sim-
ple concatenation of elementary state-transitions pat-
terns, one for each phoneme of the decoded query. For
an alphabet of N phonemes, the model parametersare:

¢ The N2 substitution costs (a’confusion matrix’)
Si ()
e The N deletion costs D;



Figure 1: Simple model based on the string “p.ar.i”
(Paris)

e The N insertion costs 7(3)

The second topology we tried was designed to im-
prove the subjective 'quality’ of the computed aign-
ments. By thiswe meant to bring the alignments closer
to what a human would produce by hand, given the
same strings. we extended the base model to explicitly
take into account “many-to-one” phoneme mappings,
which are commonly observed in manua aignments
due to oversegmentation in the phonetic decoder. The
model topology, along with the precise distributionsin-
volved, are described in detail in [4].

2.2. Model parameters

To compute the optimal parameters of those models,
we used two different approaches, also sketched in [4].

The first approach uses the standard EM (Expecta-
tion - Maximization) algorithm to re-estimate the pa-
rameters based on a learning set of positive exam-
ples, in order to maximize its likelihood. The usud
Lagrange derivation yiel ds the reestimation equations,
which express the new model parameters simply in
terms of the alignment counters.

The second, discriminant approach uses genetic al-
gorithms to directly minimize the retrieval error rate
over amixed learning set of positive and negative ex-
amples. Note that this is made possible by the rea-
sonable size of the parameter vector (N (N + 2) =
1680), which is roughly a sgquare “confusion matrix”
over the (N = 40) phonemes of the language under
scrutiny (French). A well-known feature of the genetic
approach is the great freedom of choice of the evalu-
ation function; thisfitsin the discriminant framework
quite nicely, since it allows to use the total error rate
(false alarms + fal se regjections) as a fitness measure.

2.3. Implementation considerations

One key appeal of the method is its computational ef-
ficiency: on a low-end PC, retrieval of a medium-
size query (4 syllables) sweeps more than 100,000
phonemes of the database per second. Another inter-
esting feature is the easy switch to text queries and/or
databases (phonetized by a TTS (text-to-speech) sys-
tem), which only requiresadifferent confusion matrix,

trained on a corresponding learning set.

3. SYNCHRONIZED LATTICES

The phoneme-sequence method aboveisfast and sim-
ple, but it suffers from the narrowness of the data
path from the lower level: the single best sequence of
phonemes often contains errors, and although system-
atic errorsare handled by the confusion matrix, it isfelt
that knowledge of the second-best match would most
often yield greater precision. Hence, we chose to re-
place this phoneme sequence by a (richer) sequence
of phoneme probability vectors, synchronized with the
initial 1-best sequence. We call this representation a
synchronized phoneme lattice: for each phoneme of
the 1-best sequence, the posterior probabilities of the
N — 1 other phonemes on the same interval are also
given, whichis equivalent to a phoneme lattice where
all events are synchronized with the 1-best segmenta-
tion; hence the name.

For a given acoustic segment (chunk of signal iden-
tified as a single phonetic event in the 1-best decod-
ing step), these N probabilities can be obtained by any
standard eval uation scheme: it could be an ad-hoc per-
ceptron, a rule-based system, or (our choice) a renor-
malization of HMM likelihoods.

Given the N posteriors p; and ¢; of two phonetic
events p and ¢, a natural substitution cost

S(p,q) = —log(P(p = q))

can be computed from

N
Plp=q) =) p
i=1

which amountsto asimple Euclidean scalar product.
The insertion and deletion costs are handled simi-
larly:

N
I(P) = —log(}_ p;I(j))
j:l

D(P) = —log(z piD;)

It should be noted that now, the 7 and D distributions
are the only remaining free parameters of the discrete
alignment layer. Hence, the size of the parameter size
drastically drops from N (N + 2) to 2N.

3.1. Model topology

As of thiswriting, we have only implemented the syn-
chronized | attice decoder with thefirst (simpler) topol-
ogy. Yet, this alows to quantify performance im-
provement of the enriched data flow over the simple
phoneme seguences.



3.2. Model parameters

By the definition of 7(j) and D; above, it is expected
that the optimal distributions are close to the ones
found in the 1-best case. Hence, we choseto use these
values unchanged, without performing any further op-
timization. Further work will be dedicated to check the
validity of this assumption by exploring (e.g. geneti-
cally) the vicinity of these “initial” values.

3.3. Implementation considerations

With respect to the simpler, 1-best method, the param-
eter space has been reduced, which of course means
a faster training, especially for random searches like
genetic algorithms. On the other hand, the runtime
calculations are more expensive, since matrix lookups
are replaced by scalar products. However, the over-
all cost is till reasonable: the discrete alignment in
voice/voice mode scans in excess of 20,000 phonetic
segments per second.

4. EXPERIMENTAL RESULTS

4.1. Databases

We have used two different telephone speech corpora.
Thefirst one, called 'alophonic’, is made up of 8000
utterances (short phrases) by various locutors. The
short phrases are designed to cover the full range of
French diphones, and were used to train the contex-
tual phoneme model (hence the name) used in the first
layer.

The second corpus, caled 'voice mail’, was col-
lected from a prototype application based on early,
bootstrapping versions of the agorithms we are de-
scribing: 1-best sequence, simpletopology, training on
allophonic corpus. Thisapplicationisavoicemail sys-
tem extended by the voice query retrieval ability. The
collected dataamount to 1500 messages by various |o-
cutors, with an average duration of 15 seconds, along
with 1500 isolated queries, with an average duration
of 1.3 second. For training and tests the queries were
matched agai nst the messagesin’ word spotting’ mode:
the query issought as a subsequence of themessage. In
theallophonic corpus, all utterancesare nearly of equal
length, with noinclusion; hencethey are matched fully,
without word spotting.

4.2. Evaluation process

First, al data were decoded through the first layer,
yielding phoneme sequences or synchronized lattices.
This decoding step was performed by Viterbi align-
ment of the feature vector (Mel cepstrum) stream
against acontinuous-density Hidden Markov Model of
aloop of context-dependent phonemes.

Then, two kinds
of tests were performed: voice/voice and voice/text.

For the voice/voicetests, the labeled data were used to
find various utterances of the same word or phrase. In
the voiceltext case, a TTS system was used to phone-
tize the labels, yielding a phoneme sequence. To test it
in the context of synchronized lattices, the text query
seguence was converted into a lattice with degenerate
probabilities.

In all cases, the data were first split into a training
and atest set. Then, pairsof utteranceswere selected at
random, and labeled as positive or negative examples,
based on the equality (or inclusion) of their labels.

For ML training, only the positive examples were
used; for genetic discriminant training, both classes
were used. The results shown below actualy include
only ML training, which is (at search an early stage of
exploration) deemed to yield more stable an optimum
than genetic training.

For al algorithms, the performancewas measured as
follows: thediscrete-Viterbi (sections 2 and 3) scoreof
each positive or negative alignment was normalized by
its length, and compared to a given threshold. From
this outcome, false alarms and false rejections were
counted. The precision/recall graphs below were plot-
ted by repeating this over arange of threshold values.

4.3. Results

The first set of results was obtained in voice/voice
mode. The training set was the alophonic corpus;
the test set was the voice mail one. Below (fig. 2)
is shown the precision/recall graph of the phoneme-
seguence (first topology) and synchronized lattice al-
gorithms, displayed for queriesof any sizeand for long
queries (more than four syllables).
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Figure 2: Voice/voice mode

The second set of results (fig. 3) concerns the rela-
tive performance of voice/voice vs. voice/text modes,
with only long queries on the same corpus.

The third set of results (fig. 4) aimsat removing the
effect of the big differencein recording conditions be-
tween the two corpora. The same experiments were
performed, but the training was done on one half of the
allophonic corpus, and the test on the other half.
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Figure 3: Both modes; long queries
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Figure4: Close recording conditions

4.4. Discussion

The results above show that the synchronized lattice
approach consistently outperforms the simpler one-
best-phoneme-sequence one. The effect is larger in
voice/voice mode than in voice/text mode, whichisnot
surprising since in the latter case half of the signal was
asingle phoneme sequence. Still, theremaining half is
enough to bring the performance of thelattice-based al -
gorithm to nearly the samelevel in both modes, which
isahint that afair part of theinformation hiddenin the
voice signal has been recovered.

Aninteresting feature is that the computational cost
remains compatible with real-time execution on cheap
hardware (PCs) for redlistic data sizes (e.g. a few
dozens of recorded messagesin avoice-mail system).

5. CONCLUSION

The techniques explored in this paper display promis-
ing features for large-scale, vocabulary-independent
voice/voice retrieval systems. Though the perfor-
mance |ooks adequate for fast-interaction frameworks,
further work should try to enhance the discriminative
power along thefollowinglines: (1) recent progressin
acoustic modelling and speaker adaptation could im-
prove the quality of the phonetic decoder itself; (2) a
different choice for the subword units could yield a

better segmentation of the acoustic space. Moreover,
new units derived in a more data-driven fashion could
help to achieve language independence without some
of the approximations that are inevitable when merg-
ing phoneme sets.
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