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Abstract
This paper introduces the design of multilingual spoken ter-
m detection (STD) system using CALLHOME and CALL-
FRIEND multilingual databases published by Linguistic Data
Consortium. For our experiments seven languages namely Ara-
bic, English, German, Japanese, Korean, Chinese Mandarin and
Spanish, are used to train and evaluate the STD system.

As the core module of our language general STD system,
the multilingual automatic speech recogniser combines the a-
coustic and language models of seven languages into an uniform
model set. A lot of our works are focused on the comparison of
multilingual acoustic models - the conventional global phoneme
set (GPS) based method and the recently proposed subspace G-
MM (SGMM) method [1] are investigated in detail. The ex-
perimental results demonstrate the viability of our multilingual
STD system. It is shown that the resulting multilingual system
not only supports seven different languages but also gives satis-
fying performance gains over the monolingual systems.

Index Terms: spoken term detection, uniform modeling of mul-
tiple languages, global phoneme set, subspace gaussian mixture
model

1. Introduction
The ever growing volume of recorded speech data collected
from telephones, cell phones, podcasts and internet conversa-
tions etc, has necessitated the development of spoken language
processing technologies. Finding instances of a particular spo-
ken term in audio archives has a long history and many names,
including “keyword spotting”, “audio indexing”, “spoken ter-
m detection”, etc. Recently, approaches that couple speech-to-
text(STT) technology with traditional text-matching technique
have been more successful than other methods. However, such
approaches severely suffer from rather high missing rate and are
restricted by the vocabulary of STT system. Thus, the lattice
instead of one-best recogniser output is searched to compensate
for poor recall [5]; the subword lattice instead of word lattice is
used to avoid Out-Of-Vocabulary(OOV) issue [6].

With thousands of languages in the world and the curren-
t trend of globalization, one of the most important challenges
in spoken language technologies today is the need to support
multiple input and output languages, especially if applications
are intended for international markets, linguistically diverse us-
er communities, and nonnative speakers. In many cases these
applications have to support even multiple languages simulta-
neously to meet the needs of a multicultural society [3]. On the
other hand, the spoken language technologies in multi-language
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context are of increasing importance because of the following
benefits:
1. Sharing training data across languages to lessen data-
sparse problem for some under-resource languages.

2. Reducing the number of parameters and the complexity
of the system by sharing and joining parameters across
languages.

3. Saving a large amount of time, money and human re-
source costs by reducing redundant works in data prepar-
ing, system development and deployment.

The main contributions of this paper include: first, we ex-
plore spoken term detection in multilingual manner. It is ob-
served that the multilingual modeling provides an uniform way
to build a spoken term detection system which practically sup-
ports multiple languages. Our multilingual system inherits the
standard architecture of STD system [4] which consists of three
modules as described in section 2. The multilingual recognis-
er incorporates the acoustic and language models for all mod-
eled languages while the other two modules are independent of
languages. Second, in our knowledge this is the first attempt
to apply SGMM model to multilingual spoken term detection
task. It is demonstrated that the SGMM acoustic model is much
more competitive than conventional GPS-based GMMmodel in
multilingual scenarios.

This paper is organized as follows: section 2 describes the
architecture of our multilingual STD system used in this paper.
Section 3 elaborates the design and implementation of the mul-
tilingual recogniser. The basic definition of SGMM acoustic
model is recapitulated in subsection 3.1; the baseline (monolin-
gual) and multilingual recognition experiments are presented in
subsection 3.2 and 3.3 respectively. In section 4, the setups and
results for our STD experiments are presented in detail. Finally,
our works are concluded in section 5.

2. Overview of multilingual spoken term
detection system

The architecture of our multilingual STD system is as shown in
figure 1. The system consists of three modules:

• The multilingual subword recogniser transcribes speech
utterance to subword lattice. The acoustic and language
models of seven languages are incorporated into this u-
niform multilingual recogniser.

• The indexer extracts information embedded in lattices
and reserves distilled information in a rapidly accessible
inverted index. The inverted index contains a sorted list
of key-value pairs with the identity of index unit being
the key and the occurrence details of current index unit
being the corresponding value. After indexing operation,
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Figure 1: Flow chart of multilingual spoken term detection sys-
tem.

lattices can be discarded as all required information are
already kept in indices. The indexer module is indepen-
dent of languages.

• In query time, the searcher scans the processed indices
to determine the putative occurrences of input query
terms using text-matching techniques. The searcher
module is also irrelevant to languages.

3. Multilingual speech recognition
The multilingual subword recogniser is fundamental to our
multilingual spoken term detection system. Therefore, in this
section we concentrate on the topic of multilingual automatic
speech recognition (ASR). Before delving into many details, it
is necessary to recapitulate the basic definition of the novel sub-
space GMM acoustic model.

3.1. Review of basic SGMM definition

In Subspace Gaussian Mixture Model, the pdf (probability dis-
tribution function) emitted by HMM state j is modeled by a
mixture of Gaussians:

p(x|j) =
I∑

i=1

wji · N (x;μji,Σi) (1)

Unlike the conventional GMM method, the mean vector
μji and mixture weight wji in each Gaussian are not directly
considered as model parameters. Instead, they are linearly or
log-linearly dependent on a vector vj as shown in Eq.(2) and
Eq.(3). The vector vj is specific to state j and is used to mod-
el the variations between different HMM states. The mapping
from state-specific vector vj to Gaussian mean μji and weight
wji is through parametersMi and wi . These two parameters,
plus covariance matrix Σi are globally shared among all states.
It should be noted that in this paper we do not use the concepts
of “substate” and speaker adaptation.

μji = Mi · vj (2)

wji =
expwT

i · vj∑I

i′=1
expwT

i′
· vj

(3)

To sum up, the parameters involved in Eq.(1)(2)(3) are
specified as follows:

• x ∈ R
D is a feature vector with dimension D.

• μji ∈ R
D is a mean vector of i-Gaussian in state j.

• wji ∈ R is a weight scalar of i-Gaussian in state j.
• Σi ∈ R

D×D is a full-covariance matrix which is shared
by i-Gaussian of all HMM states.

• vj ∈ R
S is a S dimensional vector specific to state j.

The model is called SGMM because the dimension of vj

is typically being around the same as the feature dimen-
sion D and often far less than the parameter size of in-
dividual state in diagonal covariance GMM, i.e. S ≈ D

and S � I × (2D + 1). That means the parameter size
of individual state in SGMM is S whereas I× (2D+1)
in GMM. Thus, the vj lies in a subspace of GMM pa-
rameter space.

• Mi ∈ R
D×S is a mean projection matrix which maps

vj to μji.
• wi ∈ R

S is a weight projection vector which maps vj

to wji.

3.2. Baseline monolingual recognition experiments

For a baseline we developed seven monolingual systems for
Arabic, English, German, Japanese, Korean, Chinese Mandarin
and Spanish. The details of multilingual databases are listed in
Table 1.

Table 1: The information about databases for acoustic model
training and evaluation.

Language Training hours Evaluation hours #phones(for ASR experiments)
Arabic 13.6 1.4 41
English 14.9 1.8 43
German 14.7 3.5 46
Japanese 15.1 2.1 34
Korean1 20.5 2.3 41
Chinese 15.6 1.5 38
Spanish 16.5 1.9 29

sum 110.9 14.5 272

For each language the resulting monolingual acoustic mod-
el is a fully continuous context-dependent HMM system with
about 1800 tied states. The pdf of each tied state in GMM sys-
tem is modeled by a mixture of 16 diagonal-covariance Gaus-
sian distributions whereas in SGMM the pdf is comprised of
400 full-covariance Gaussian mixtures with subspace dimen-
sion being equal to 40, i.e., I = 400 and S = 40.

In both GMM and SGMM setups, the analysis frame length
and shift are 25ms and 10ms respectively. The speech frames
are parameterized as 39 dimensional PLP (Perceptual Linear
Prediction) features which include 12 PLP coefficients plus en-
ergy with their first-order and second-order derivatives. The
cepstral mean and variance normalization are also applied. Giv-
en the parameter setups mentioned above, the comparison of
parameter size in GMM and SGMM are listed in Table 2.

1The training and test data for Korean are obtained from CALL-
FRIEND databases while data for other six languages from CALL-
HOME. The CALLFRIEND are mainly used in language identification
task and Korean is the only language with transcripts released in this
database.
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Table 2: The comparison of parameter size in monolingual G-
MM and SGMM acoustic models.

GMM SGMM
Shared parameters:

400 · ( 39×40

2
+ 39× 40 + 40)

1800 × 16 × (2 × 39 + 1) ≈ 0.952M
State-specific parameters:

≈ 2.275M 1800 × 40 ≈ 0.072M
Total parameters:

1.024M

1M = 106

It is observed from Table 2 that in typical setups the param-
eter size of SGMM is less than half of the GMM. Therefore,
the much more compact representation of HMM state distribu-
tions results in robust estimation of parameters and this also ex-
plains the substantial improvement of recognition performance
in terms of phone error rate (PER) shown in Table 3. For the
subword decoding, the language-specific bigram subword lan-
guage models are used. The subword units are selected from
phonetic transcripts of acoustic training data using the Klakow’s
iterative corpus mapping algorithm mentioned in [8]. The av-
erage perplexity of seven language-specific subword language
models on their corresponding development sets is 470.89.

Table 3: The comparison of performance PER(%) in monolin-
gual recognitions.

Language GMM SGMM
AR 53.84 49.84
EN 53.89 49.28
GE 48.05 45.17
JP 57.39 53.62
KO 58.41 53.98
MA 48.92 45.07
SP 50.26 47.26

Average 52.96 49.17

3.3. Multilingual recognition experiments

For multilingual speech recognition, the conventional method is
to combine acoustic models of similar sounds across languages
into one global phoneme set. Similarities of sounds across lan-
guages can be obtained from international phonetic inventories
like IPA, Worldbet, or Sampa, which classify sounds based on
phonetic knowledge. On the other hand, it is also possible to
find the similarities of sounds in a data-driven way[7]. It is
demonstrated in [7] that the data-driven clustering method is
better than the IPA-based classification method when fusing
similar phonemes between modeled languages. In this paper
a global phoneme set consisting of 186 phonemes across seven
languages are produced by a data-driven clustering procedure
proposed in [7]. There are 46 phonemes (including one silence
and one noise model for spontaneous effect) shared by at least
two languages while the rest 140 are belonging only to one of
the seven modeled languages. Furthermore, a modified decision
tree based polyphonetic clustering procedure [7] is used to build
context-dependent triphone models. For each of these triphones
we initialize a mixture of 16 Gaussian distributions and train
these models by pooling the training data of all seven languages
(about 110 hours). Due to the larger amount of training data the

number of tied-states are tuned to 3700 to optimize PER for the
resulting multilingual GMM system.

The procedure of training multilingual SGMM model is as
follows: since the shared parameters in SGMM is not relevant
to states nor to languages, thus they can be more robustly esti-
mated using a pool of training data from all involved languages.
However, the state-specific parameters are still associated with
tied-states specific to each language [2]. This means in multi-
lingual SGMMmodel the shared parameters are globally shared
among all modeled languages and all state-specific parame-
ters except silence and noise model are language-dependent.
The tied-states in each monolingual SGMM model are simply
added into multilingual SGMM model without any fusion of
phonemes between modeled languages. There are total 12979
tied-states in the resulting multilingual SGMM model.

Table 4: The comparison of parameter size in multilingual GM-
M and SGMM acoustic models.

GMM SGMM
Shared parameters:

400 · ( 39×40

2
+ 39× 40 + 40)

3700 × 16 × (2 × 39 + 1) ≈ 0.952M
State-specific parameters:

≈ 4.677M 12979 × 40 ≈ 0.519M
Total parameters:

1.471M

To make the recognition results comparable, except for the
acoustic models the multilingual recogniser uses the same fea-
tures and language-specific language models as the monolin-
gual system. For multilingual GMM system, the phonetic tran-
scripts are re-labled using 184 global phoneme set and the new
language models are trained. The interesting observations about
multilingual experiments include: 1) comparing the monolin-
gual and multilingual GMM system, we found the fusion of a-
coustically similar phonemes in the latter system leads to 6.7%
relative performance degradation with respect to the former sys-
tem. 2) The number of parameters in the multilingual SGMM
system increase 43.7% relative compared with the monolingual
SGMM systems and leads to a tiny performance improvement,
i.e. for a PER reduction from 49.17% to 48.55%. The reason
might be that the shared parameters are more robustly estimated
on larger amount of training data across seven languages.

Table 5: The comparison of performance PER(%) in multilin-
gual recognition.

Language GMM SGMM
AR 54.44 49.05
EN 59.14 48.25
GE 58.23 44.37
JP 57.91 53.61
KO 60.11 53.12
MA 53.61 44.31
SP 52.14 47.18

Average 56.51 48.55
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Table 7: The summary of EER(%) performance for multilingual spoken term detection.

Setup of recogniser Arabic English German Japanese Korean Mandarin Spanish Average

Monolingual GMM
+ LS-LM 54.90 56.51 58.60 55.84 56.07 48.38 41.95 53.17

SGMM 51.48 53.12 57.07 53.21 55.76 47.23 41.01 51.26

Multilingual GMM
+ LS-LM 59.82 63.95 63.65 59.26 57.22 51.70 49.99 57.94

SGMM 47.14 51.86 56.05 51.98 55.31 46.26 40.89 49.92

Multilingual GMM
+ LU-LM 67.48 76.19 74.60 68.33 65.41 60.13 55.74 66.84

SGMM 58.32 69.39 65.31 63.12 63.45 58.63 51.82 61.43

Table 6: The evaluation sets used to assess STD system.

AR EN GE JP KO MA SP
test hours 1.0 1.0 1.0 1.0 1.5 1.0 1.0
#keywords 100 100 100 100 100 100 100
#occurrences 291 320 253 305 403 377 264

4. Multilingual STD experiments
4.1. Setups

The experiments are conducted on the evaluation sets described
in Table 6 to assess the multilingual spoken term detection sys-
tem. About one hour test utterances and a hundred keywords
are selected for each language. Each keyword occurs at least
twice in the test utterances.

The system performance metric EER is defined as a point
in DET curve where FA(False Alarm) rate equals to FR(False
Reject) rate. The FA and FR are defined as:

FA =
#fa

#kw · hour ·m
× 100% (4)

FR =
#fr

N
× 100% (5)

where #fa and #fr stand for the number of false alarms and
rejects respectively. #kw is the number of detected instances
and N is the total number of references to be spotted. m is the
expected maximum number of average false alarms and is set to
10 in all experiments.

4.2. Results

Table 7 summaries the experimental results for our spoken term
detection system in following three setups: 1) In baseline, the
recogniser with the monolingual acoustic and language-specific
language models (denoted as LS-LM) is used. The average EER
on seven modeled languages achieved by the SGMM systems is
51.26%, for a 1.91% absolute (3.6% relative) reduction com-
pared with the GMM systems. 2) In multilingual setups, the
recogniser with multilingual acoustic model and monolingual
language models is used. It is shown that there is a substantial
13.8% relative EER reduction for the SGMM system with re-
spect to the GMM system. 3) In mixed-lingual setups(the last
two rows in Table 7), we interpolate language models of all sev-
en languages into a language-general model (denoted by LU-
LM). The resulting mixed-lingual recogniser which consists of
the multilingual acoustic and language model can support sev-
en languages simultaneously. However, it is observed the mix-
ture of all modeled languages together significantly degrade the
system performance although the generality among languages
is maximized. The reason might be the competitions between

candidate paths during decoding procedure are not constrained
within individual language and extend to paths of all involved
languages. Therefore, in mixed-lingual case the spoken utter-
ance of one language might be recognized as transcripts of an-
other language and this severely hurts the performance. But in
this setup the SGMM system still outperforms the GMM system
by 8% relative.

5. Conclusions
We have described the design of our multilingual spoken term
detection system. It is shown that our STD system can handle
seven different languages and can even support these languages
simultaneously (in mixed-lingual setups). The novel acoustic
model SGMM is demonstrated to be substantially better than
conventional GMM model in multilingual STD task domain.
The resulting SGMM-based multilingual STD system reduces
the average EER on seven languages by 13.8% relative over the
multilingual GMM system and outperforms the monolingual G-
MM and SGMM system by 6.1% and 2.6% relative respective-
ly.
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