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ABSTRACT the hypothesis is picked by combining the posteriors across a

. . set of parallel phone streams. In general, the phone sequence
Most language recognition systems consist of a cascade ? P P 9 P q

three stages: (1) tokenizers that produce parallel phone stre ssociated with each stream could also be a lattice [2]. Note
ges: { P P P 6%ﬁ’ast’, the PPRLM framework is based on a generative model
(2) phonotactic models that score the match between eac X .
X o and may not be optimal for a recognition task.
phone stream and the phonotactic constraints in the target lan-

guage, and (3) a final stage that combines the scores from the T
parallel streams appropriately [1]. This paper reports a series o
of contrastive experiments to assess the impact of replacing Recognizer A .

the second and third stages with large-margin discriminative &
classifiers. In addition, it investigates how sounds that are not WV Phone | o é |
. . . Recognizer B L4 Q

represented in the tokenizers of the first stage can be approx- °
imated with composite units that utilize cross-stream depen- 3

. . . . . . . Phone °
dencies obtained via multi-string alignments. This leads to Recognizer C .
a discriminative framework that can potentially incorporate a
richer set of features such as prosodic and lexical cues. Ex- Stage | Stage Il Stage Il

periments are reported on the NIST LRE 1996 and 2003 task. 1 Pparallel Ph R ii dL Modeli
and the results show that the new techniques give substant g- . Faraliel Fhone Recognition and Language Modeling
PRLM) framework.

gains over a competitive PPRLM baseline.
Recently, large-margin discriminative classifiers have proven

1. INTRODUCTION very useful in a variety of speech-related classification tasks

(e.g. emotion detection in [3]). Speaker recognition sys-

The most popular approach to language recognition tokenizd§MSs, which have many similarities with language recogni-

speech into parallel phone sequences using 3 or 4 phone rdiQn, have started adopting large-margin classifiers (e.g. [4]).
ognizers, each with separate phone sets. Subsequently, phoHblanguage recognition, it has already been shown that neural
tactic constraints are evaluated on each stream using a phoftWork classifiers perform better than summing the posterior
based language model. This framework, knowrpasallel from the parallel streams [2., 5]. Thlslmotlvates us to inves-

phone recognition and language model{RPRLM), is based tigate the use of discriminative C|&S§Ifl€f8 for the sepond and
on a generative model and is illustrated in Figure 1 [1]. Durthird stages of a language recognition system. This can be
ing test, input speeck is recognized as belonging to a hy- done in various ways, some of which are investigated in Sec-

pothesized languagé;*, according to tion 3. Often, the tokenizers used in the first stage of a lan-
guage recognition system represent only the phone sets of 3
L* = arg maxZP(X\H, L,A)P(H|L), or 4 languages. To represent foreign sounds, this paper devel-

L T ops a mechanism to build composite units using phones from

parallel streams, aligned using a multi-string alignment algo-
whereH is the phone sequence of a strednis a set of lan-  rithm. This leads naturally to a general framework for tack-
guages which are assumed to be equiprobableaisch set  ling a range of related problems, as explained in Section 4.
of phone acoustic models. Assuming tliatX|H, L,A) =  But first, the baseline system is described.
P(X|H, A), and approximating the summation with the max-
imum value, the best hypothesis can be obtained frbfnx
arg max; P(H*|L), whereH* is the phone sequence asso-
ciated with the maximum value. In the PPRLM framework,

2. BASELINE SYSTEM

All the experiments reported in this paper were performed on
*This author worked on this project while at LIMSI. the 1996 and 2003 NIST language recognition task, where




systems are required to score each test utterance against twelve LM+ PP | LM + SVM
target languages: Arabic, (American) English, Farsi, (Cana- Eval96-30s 4.9 3.9
dian) French, German, Hindi, Japanese, Korean, Mandarin, Eval03-30s 6.8 5.2
Spanish, Tamil, and Vietnamese. In this work, 30 sec and 10 Eval96-10s 9.7 9.6
sec test segments were chosen, leaving 3 sec segments for fu- Eval03-10s| 12.6 12.2

ture verification. The number of utterances in test sets are:

1147 (30s) and 1172 (10s) for Dev96, 1492 (30s) and 150%able 1. EER comparison of the two schemes for combining

(10s) for Eval96, and 1040 (30s) and 1040 (10s) for Evalo3language model scores: averaging the posteriors (LM + PP, or

Performance is measured using equal error rate (EER), whidhPRLM) and combining scores with SVM (LM + SVM).

is the average of false alarms and misses when the detection

threshold is set such that the two have the least differencget. In the context of support vector machines, the scores

Closed set accuracy is also reported, which penalizes the sygere computed as probabilities from pair-wise constraints on

tem whenever reference language is not in the target set.  the marginals, as in [7]. Note, that the use of support vector
Our baseline consists of a PPRLM system, which is demachines in this work differs substantially from the previous

scribed in detail in [2]. Briefly, the first stage tokenizer pro-work reported in [8], where it was used to score long-span

duces three parallel streams of phones in Arabic, in Englishcoustic characteristics and no phonotactic constraints were

and in Spanish. The phone sets consist of 42 Arabic phonegsed.

27 Spanish phones and 48 English phones, and they are mod-

eled using left-to-right continuous density HMMs. The same o N

three tokenizers were used throughout all the experiments al*T’dl' Discriminative Score Combination

the techniques developed in this paper can easily be applieg) pick the best hypothesis, previous systems have used naive
to systems with different number/type of tokenizers. combination of the phonotactic scores such as averaging the
Trigram phonotactic models for each language were esthosterior probabilities across parallel streams. Recent work
mated by decoding the CallFriend corpus with the three phongas shown that a data-driven classifier such as a neural net-
recognizers. Note that to allow fair comparison across all conygork can pick better hypotheses [2]. Instead, this paper in-
ditions, training data was not augmented with additional dat%restigates the impact of using support vector machines. The
from development set. The likelihood of a test utterance igev96 data set was used to train the classifier, and linear ker-
then calculated under each of the 12 language models givinge|s were found to perform better than radial or polynomial
an output of 36 probabilities, 12 for each of the 3 recognizernels. These SVMs are easy to train and a grid search was
ers. The decision score for the baseline system was obtainggd ried out to obtain the optimal value 6f the cost of er-
by computing average posterior probabilities across the thragys; andy, the variable associated with kernels. The results
streams. This gave an EER as shown in the first column afported in Table 1 compare the same set of language model
Ta.ble 1, and iS Comparable to Other PPRLM baseline Syste%OreS Combined in two different Ways: averaging the pos_

reported in the literature. teriors probabilities (LM + PP), and the SVM-based score
combination (LM + SVM). The SVM-based system, shown
3. DISCRIMINATIVE CLASSIFIERS in the second column of table, outperforms the baseline sys-

tem significantly and achieves a gain similar to that reported
This section investigates a series of discriminative classifier#ith neural networks, although in both baseline and neural
for language recognition. In all the experiments, bigram feahetwork cases high order N-grams (trigrams) were used [2].
tures were selected to demonstrate proof-of-concept while malte gains on 30 sec segments were higher than those on 10
taining competitiveness with other state-of-the-art systemgec segments, again following the trend in [2].
This allowed rapid experimentation although further gains are
expected with the use of trigram features. Among discriminas » - pjiscriminative Evaluation of Phonotactic Constraints
tive classifiers, support vector machines were chosen for their
proven superior performance in a variety of tasks. The classNext, the phonotactic constraints were evaluated using a dis-
fiers were trained and tested uslitgsvm a publicly available criminative framework, instead of a generative framework.
implementation [6]. Support vector machines are inherentlyrhis system directly uses bigram features from the training
binary classifiers. However, a set of such classifiers can b&nd test phone sequences as input to an SVM for each rec-
configured to classify multiple classes. In our experiments, agnizer. While additional or different features could be used
set of N(N-1)/2 binary classifiers were used to produce onein a discriminative SVM framework, we maintain strict ad-
vs-one decisions. The class with maximum vote was picketierence to bigram for consistency and comparison. All bi-
as the best hypothesis. To compute the NIST evaluation megiram features observed in training data are used as features
ric, the classifier needs to produce scores for each target lafer the SVM. For Arabic, English, and Spanish this amounted
guage, where higher score is interpreted as more likely tato 1848, 2400, and 783 features respectively.



LM | SVM-a | SVM-b | SVM-CU (e) F'm-&NbfWm--an"S-Wn-W-nck-NYGET nYJemowxd
Eval96-30s| 3.9 3.6 3.7 3.4 (s) fama.n-fam--anda-Rholomoxadagesalahemouet
(87.9) | (90.4) | (89.3) (90.5) (@ f@m-gn-f@mcb@r$@grn-c-nax@d@g%S@Ickimcwit
Eval03-30s| 5.2 4.6 4.5 45
(83.4)| (87.9) | (86.9) (87.5) Fig. 2. An example output from th€lustal Wmulti-string
Eval96-10s| 9.6 9.8 9.5 9.2 alignment for an utterance spoken in Arabic, which is tok-
(72.4) | (74.2) | (74.0) (75.8) enized with phones in (e) English, (s) Spanish and (a) Arabic
Eval03-10s| 12.2 12.0 115 11.2 phone sets. Insertions are represented by '-'.
(67.2)| (69.3) | (68.6) (68.2)
Plosive | Fricative
Table 2. Comparison between generative phonotactic model Bilabial pb
(LM) and discriminative evaluation of constraints. The quan- Labiodental fv
tities in the bracket show closed set accuracies (%). Alveolar td TDszSZ$
Velar kg
Radial basis kernels produced the best accuracy for 30 sec Uvular qG

test segments and linear kernels for the 10 sec segments on
dev96. For each duratioi§ and~y were tuned separately. Table 3. Equivalence classes based on phonetic categories.
Matching the training data segments to the test condition was

also found to be important. Two different outputs from thequences based on pair-wise alignment scores and adjusting
phonotactic SVM were investigated: (a) using the estimatefhe gap penalty. Figure 2 illustrates a sample alignment ob-
of posterior probabilities for the 12 languages (SVM-a), andained from this multi-string alignment algorithm.
(b) using the margin of the test segment from the decision  The similarity matrix contains weights associated with align-
boundary for N(N-1)/2 classifiers along with the number Ofing two phones — the higher the weight, the more similar they
votes for the 12 languages (SVM-b). The scores from thgre  The entries of the matrix were populated using pho-
three SVMs were combined using a fourth SVM, in the sam&etic guidelines, as an initial effort. Taking phonetic rela-
manner as the baseline. The results are reported in the s§gsnships from [10] and the International Phonetic Alphabet
ond (SVM-a) and third columns (SVM-D) of Table 2 in terms (jpa) charts, as follows: a weight of ten (the default identity
of both the EER and accuracy, however all the SVMs wergajye in Clustal W was assigned to identical phones, eight
trained to improve accuracy. to vowels of different durations, six to equivalence classes in
The results show that in both cases (SVM-a & SVM-b), Taple 3, four to the class of vowels, two to consonants, and
the discriminative evaluation of phonotactic constraints deyarg otherwise. In all cases of multiple matches, the higher
creases EER and increases closed set recognition accurag¥ights were retained. Clearly, this is a simple similarity ma-
over the generative model substantially. SVM-b gives betyix and can be improved further through automatic learning.
ter gains on shorter 10 sec segments than the SVM-a, aitkamination of output alignments showed that they were con-
additional improvements can be potentially obtained by comgjstent and reasonable. For example, in Figufa,2), (N,n),

bining the two systems. (w,u,w) (T,s,S)and(d,t,t) align as expected.
Once the phones across the three streams are aligned, com-
4. COMPOSITE UNITS FOR FOREIGN SOUNDS posite units or features could be built using cross-stream de-

pendencies. Consider bigrams in each stream(say, a;),

Since it is difficult to build phone acoustic models for all tar- (e;—1, ¢;), (si—1, ;). One set of composite features may be
get languages, certain sounds may not be adequately rep@btained from the history of the previous phone in the other
sented by phones in any of the parallel streams. For examplsiream, as iffe;_1, a;), (s;—1, a;), resulting in additional streams.
Hindi has a rich consonant system with about 38 distinct conFor example, consider the end of the segment in Figure 2. In
sonant phonemes, many of which can not be represented lagldition to normal bigram featurgs, d), (e,t), (i,t), there
phone set of either English, Spanish or Arabic. would also be feature&, d), (i, d) which could be added to

One way to overcome this limitation is to create com-the English stream(z, t), (¢,t) added to the Spanish stream,
posite units that represent sounds in terms of phones acrogsd(z,t), (e, t) added to the Arabic stream. This first effort
streams. To achieve this, the streams need to be aligned. Aderves only to highlight an example method for feature selec-
though multi-string alignment is a difficult problem, consid- tion as the feature set is much larger due to alignment. This
erable progress has been made in the bioinformatics litergonfiguration was tested and the resulting EERs are shown
ture where it is now routinely used.Ti@ustal Walgorithm  in fourth column (SVM-CU) of Table 2. The results show a
is one such popular algorithm where the similarity betweergonsistent but small improvement across most conditions.
phones can be encoded as a similarity weight matrix [9]. The The bigram features extracted from the aligned stream
algorithm refines the alignments iteratively, weighting the se€ould also include those from each stream independently as
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