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Code-Switching Event Detection by Using a Latent
Language Space Model and the Delta-Bayesian

Information Criterion
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Abstract—This paper proposes a new paradigm for code-
switching event detection based on latent language space models
(LLSMs) and the delta-Bayesian information criterion ( BIC).
A phone-based Mandarin–English speech recognizer was first
employed for obtaining the senone sequence of a speech utterance.
For each senone, acoustic features and the posterior probability
of the articulatory features (AFs) were extracted and applied
to an eigenspace transformation, based on principal compo-
nent analysis (PCA). Latent semantic analysis (LSA) was then
adopted for constructing a matrix to model the importance of
each principal component in the eigenspace for the senones and
AFs in each language. The spatial relationships among the senones
(or AFs) represented by the PCA-transformed eigenvalues in
the LSA-based matrix were employed to construct an LLSM
for characterizing a language. In code-switching event detec-
tion, the language likelihood between the input speech LLSM
and each of the language-dependent LLSMs was estimated.
The Euclidian-distance-based similarities and cosine-angle-dis-
tance-based similarities were adopted for estimating the language
likelihood for senones and AFs. The BIC was then used for
estimating the language transition score for each hypothesized
code-switching event. Finally, the dynamic programming algo-
rithm was employed for obtaining the most likely code-switching
language sequence. The proposed approach was evaluated using
a Mandarin–English code-switching speech database and out-
performed other conventional methods. A duration accuracy of
72.45% can be obtained from the proposed system with optimized
parameters.
Index Terms—Articulatory features, code-switching event detec-

tion, delta-Bayesian information criterion ( BIC), latent language
space model, senones.

I. INTRODUCTION

B ECAUSE of globalization, code-switching, a phenom-
enon of language change during conversation, is widely

observed in daily life and frequently occurs in multilingual
communities. Code-switching event detection is becoming
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indispensable in human–machine communication applications,
particularly in multilingual spoken dialog systems. Technically,
code-switching event detection involves a process of deter-
mining the change points and identities of the spoken language
in a speech utterance.
In practice, code-switching can be broadly divided into

two categories: intersentential switching and intrasentential
switching [1], [2]. Table I lists two examples of the two types
of code-switching event. The symbol “*” is used to indicate
the language change points. The first example illustrates in-
tersentential code-switching in which language change occurs
between two utterances. The second example presents in-
trasentential switching in which language change occurs within
an utterance. In general, utterances containing intrasentential
code-switching are much more difficult to recognize than those
with no code-switching or intersentential code-switching. In-
trasentential code-switching is a highly common phenomenon
in several multilingual countries, particularly in China, Singa-
pore, and Taiwan. In these countries, English words or clauses
are frequently embedded in a spoken Mandarin sentence.
Whenever intrasentential code-switching occurs, Mandarin is
often used as the primary language, also known as the matrix
language, and English is used as the secondary language, also
known as the embedded language [3].
In previous work, there were a couple of other solutions that

coped with code-switching, modeling foreign speech using the
primary language up to multi-lingual ASR systems that do not
require an explicit detection of code switching events. How-
ever, accurate time information at the point in an utterance the
speaker switches from one language to another could be a quite
valuable additional information for decoding. Therefore, some
approaches investigated to integrate language information into
decoding, such as the “Multistream” approach and “Language
Lookahead,” which lead to promising improvement on multi-
lingual speech recognition [4]. Besides, language identification
could also be applied to the detection of accent, dialect, and
ethnic identity, etc. [5].
This study was focused on code-switching event detection

for intrasentential code-switched sentences. In the past few
decades, intensive research has been conducted on language
identification (LID) tasks, which correspond to the tasks for
code-switching event detection. Modeling approaches have
been divided into two categories: acoustic-level and lin-
guistic-level approaches. Acoustic-level approaches are used
for capturing the distribution characteristics of spectral features
without prior linguistic information. For acoustic features,
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TABLE I
EXAMPLES OF TWO BROAD CATEGORIES OF CODE-SWITCHING EVENTS, WHERE *IS THE SYMBOL USED TO INDICATE THE LANGUAGE CHANGE POINTS

mel-frequency cepstral coefficients (MFCCs) and perceptual
linear predictive (PLP) cepstra are the most commonly used
features for speech recognition. As an alternative to MFCCs,
shift delta cepstral features (SDCs) [6] were proposed for
modeling the longer temporal information in speech signals by
concatenating the sampled future delta cepstral features with the
current feature vector for language identification. In addition to
spectral features, prosodic and phonetic features are also useful
in code-switching detection [7]. For code-switching event
modeling, approaches based on the Gaussian mixture model
(GMM) [8]–[10], support vector machine (SVM) [11]–[13], a
hybrid of the GMM and SVM [14], [15], and hidden Markov
model (HMM) are typically used. By exploiting machine
learning technologies, such as discriminative training [16],
[17], [18], the performance of the acoustic approaches tends to
be improved.
Linguistic-level approaches focus on capturing the statistics

of phonetic constraints and patterns for each language. Pho-
netic information can be obtained from speech data by using
a phone recognizer followed by an -gram language model for
estimating the occurrence probability of a particular phone se-
quence. In the mechanism of phone recognition followed by
language modeling [10], [19], [20], [21], individual phone rec-
ognizers are trained on various languages to capture distinct
acoustic characteristics. Recently, LID systems have generally
involved acoustic- and linguistic-level features and fused their
results at a postprocessing stage to achieve high identification
performance [7]. Because the embedded language in a code-
switched sentence is often insufficient in database collection,
the language model of the embedded language is typically not
well-trained and is thus biased.
Speech segmentation approaches, such as the Akaike infor-

mation criterion [22], Bayesian information criterion (BIC),
BIC [23], and minimum description length [24], have been

commonly employed for speech segmentation. A detailed com-
parison was addressed in [25], in which BIC was a widely
used approach. In these approaches, boundary segmentation is
performed by detecting the acoustic change; however, how to
select appropriate model parameters and penalty weights is dif-
ficult. Conventionally, these values are determined empirically
and, therefore, limit the segmentation performance.
In this study, the approach for code-switching event detection

was investigated by integrating the phonetic units: senones [26]
and articulatory features (AFs). In general, the conventional
phone-level acoustic models are unreliable for distinguishing
the state-level spectral differences among various languages. In
this study, senone, a context-dependent phonetic unit, which is
a state in an HMM and has been used successfully in several au-
tomatic speech recognizers (ASRs) [27], [28], was used as one
of the phonetic units for code-switching detection.

The other acoustic-phonetic unit adopted in this study was
AFs. AFs, used in acoustic phonetics as symbolic indicators,
were applied to characterize how phones are produced using re-
lated articulators and the airflow from the lungs. Linguists have
attempted to characterize what makes some phones similar to
each other and what makes them distinct. Previous research [29]
has indicated that the sounds of any language can be further
categorized according to the AFs of the phones, such as bil-
abial, dental, and nasal. These AFs can be classified according
to either place or manner of articulation by using an articulatory
event detector [30] and have been successfully applied to ASRs
[31], [32], [33], [34]. The detectors can be implemented using
recurrent neural networks (RNNs), GMMs, HMMs, and SVMs
at both frame and segment levels. In addition, because phones
in various languages might have distinct articulatory character-
istics, the manner and place of articulation can be used to dis-
tinguish the characteristics of various languages [35]. In this
study, AFs were thus employed as one of the phonetic units for
code-switching event detection.
In the proposed approach, acoustic feature and AF posterior

probabilities for each senone segment are first extracted and
then transformed to the principal components (eigenvectors) in
the eigenspace by using principal component analysis (PCA).
PCA is defined as an orthogonal linear transformation used
for transforming data to a new coordinate system such that the
greatest variance of the data lies on the first principal com-
ponent, the second greatest variance on the second principal
component, and so on. The components with greater variance
can then be used to discriminate language. Latent semantic
analysis (LSA) is then adopted to construct a matrix to model
the importance of each principal component in the eigenspace
for the senones and AFs in each language based on the
training data. The spatial relationships among the senones (or
AFs) represented by the PCA-transformed eigenvalues in the
LSA-based matrix are employed to construct a latent language
space model (LLSM) for characterizing a language. Based on
this notion, in the detection phase, the acoustic features (or
AFs) in the recognized senones of an input speech utterance
are PCA-transformed to the eigenspace to form an input senone
(or AF)-based sub-LLSM. The LLSM of each input speech
utterance is compared with the LLSM of a target language
for likelihood estimation. Furthermore, for language transition
detection, the BIC exhibits satisfactory segmentation ability
for estimating the difference between two consecutive windows
and has been used in several studies [23]. The BIC is conse-
quently adopted to compute the language transition score for
each potential change point in the input speech utterance. To
avoid an exhaustive search among all of the potential change
points, the recognized phone boundaries from the automatic
speech recognizer are regarded as the potential language
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Fig. 1. Illustration of the system framework of the proposed approach for code-
switching event detection.

change points. Finally, the dynamic programming algorithm
is employed for identifying the most likely language sequence
based on the similarities estimated from the LLSMs and BIC.
The remainder of this paper is organized as follows:

Section II describes the system framework; Section III intro-
duces the proposed code-switching event detection method;
Section IV discusses the language transition score estima-
tion based on the LLSM; Section V describes the language
likelihood estimation; and Section VI presents the experi-
mental setup, experimental results, and discussion. Finally,
Section VII concludes the paper.

II. SYSTEM FRAMEWORK

Fig. 1 illustrates the system framework of the proposed
code-switching event detection mechanism. In the training
phase, MFCCs were used to obtain the preliminary phone
boundaries for further code-switching event detection based on
a Mandarin–English phone-based ASR. The acoustic features
and posterior probabilities of the AFs for each of the recognized
senones were first extracted using an MFCC extractor and an
RNN-based AF detector, respectively. After feature extraction,
PCA-based transformation was then employed to transform the
acoustic MFCCs and AF posterior probabilities of the speech
utterance to the eigenvalues of the principal components in
the eigenspace. The LSA approach incorporating a weighting
scheme [36] was employed to construct a matrix to model
the importance of each principal component in the eigenspace
for the senones and AFs in each language. Subsequently, the
spatial relationships of the senones (or AFs) represented by
the principal components in the eigenspace were employed to
construct an LLSM for characterizing a language. Finally, three
LLSMs, one for Mandarin, another for English, and the other
for the union of Mandarin and English, were constructed for
language similarity estimation.
In the test phase, the phone boundaries and senone sequence

along with its corresponding AF posterior probability vector se-
quence were obtained the same as the processes in the training
phase. The principal component-by-senone (or principal com-
ponent-by-AF) LSA-based matrix for the input speech was con-
structed. The spatial relationships of the senones and AFs in the

Fig. 2. The mapping from the phone segment sequence and phone boundaries
to language sequence.

eigenspace for the input speech were used to construct an input
speech LLSM. The BIC was then used to estimate the score
of language transition in the input speech. Finally, the language
likelihood obtained from the language-based LLSMs and lan-
guage transition score obtained using the BIC for each poten-
tial interphone boundary were used for obtaining the most likely
language sequence by implementing the dynamic programming
algorithm.

III. CODE-SWITCHING EVENT DETECTION

In this approach, the input utterance was first recognized as a
phone sequence by employing aMandarin-English phone-based
ASR by using the hiddenMarkovmodel toolkit (HTK) [37]. The
phone sequence was then used for generating all of the hypoth-
esized language sequences, , where N
is the number of phones in the input utterance. The most likely
language sequence was determined by maximizing the fol-
lowing equation, based on the corresponding recognized phone
segment sequence .

(1)

By introducing the index sequence of phone boundaries
, Eq. (1) can be deduced and simplified

to Eq. (2), where and are the beginning and end bound-
aries of the phone sequence.

(2)

The term in Eq. (2) rep-
resents the language transition probability from to ,
given the segment which is composed of the left phone
segment and the right phone segment . and

are the corresponding languages of the left phone segment
in the interval [ , ] and the right phone seg-

ment in the interval [ , ], respectively. The term
is language posterior probability of

given observed segment . Fig. 2 illustrates the mapping
from the phone sequence and phone boundaries to language se-
quence described in Eq. (2).
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By using the Bayes rule, the second and third terms can be
modified and Eq. (2) can be derived to Eq. (3).

(3)

In Eq. (3), the term is constant and there-
fore discarded, while could be the prior probability of
either the matrix or embedded language and may be different.
Eq. (3) can then be written as

(4)

In this study, the language transition probability between two
consecutive segments was estimated using a language transition
score function, which is presented in Section V, and is defined
as

(5)
Language transition is regarded as the code-switching event.

The third term in Eq. (4) representing the language likelihood is
approximated as the following function:

(6)

where denotes the likelihood of language for
the speech segment . Finally, Eq. (4) can be rewritten as

(7)

IV. LANGUAGE TRANSITION SCORE ESTIMATION USING
LATENT LANGUAGE SPACE MODELS

A. Feature Extraction
In this study, senones and AFs were considered to charac-

terize a language to model a wide range of acoustic-phonetic
phenomena. First, a phone-based Mandarin-English speech rec-
ognizer was employed for obtaining the senone sequence of
speech utterances. For each senone, 39-dimensional MFCCs
were extracted as the acoustic features.
Based on the AFs, an RNN with feedback connections was

adopted for constructing the AF detector. Fig. 3 presents the
structure of the RNN employed in this study. For each phone
segment, the extracted MFCCs and the RNN outputs of the pre-
ceding frame were fed to the input layer of the RNN. In the

Fig. 3. The structure of the RNN for AF posterior probability vector generation.

TABLE II
LIST OF ARTICULATORY FEATURES

Fig. 4. The LSA-based D-by-U matrix for D principle components and U pho-
netic units (senones or AFs).

RNN, one hidden layer containing 600 hidden nodes, which
were determined empirically, was used. The softmax activation
function was used for obtaining the output values of the RNN.
For each speech frame, the posterior probabilities from the AF
detector were used to form an AF posterior probability vector
in which each element indicated the posterior probability with
respect to one AF. Table II lists the AFs used in this study.

B. Latent Language Space Model
After feature extraction, PCA was performed to project the

feature set to an eigenspace. To model the relationship among
the phonetic units (senones or AFs), the LSA-based method in-
corporating the entropy-based weighting scheme [36] was used.
Currently, entropy is widely used in engineering. Information
entropy is the measure of the disorder degree of a system and
can measure the amount of useful information by using the data
provided. Thus, it is an objective measure for weight determi-
nation [38]. The senones and AFs that are highly discrimina-
tive for identifying English and Mandarin can be assigned large
weighting factors. In this study, an LSA-based -by- matrix
in which and are the numbers of the principal components
and the number of phonetic units, respectively, was constructed
for each language. Fig. 4 presents the constructed matrix for
principal components and phonetic units.
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Fig. 5. The concept for constructing the LLSMs.

Based on the transformed feature vector sequence
aligned to the -th phonetic unit, the

element in the LSA-based matrix was initialized as the
average value of the training data.

(8)

where denotes the -th dimension of the transformed
feature vector at frame and is the frame number
of the -th phonetic unit in the training data. In this study, the
39-dimensional MFCCs were transformed to form a 39-dimen-
sional acoustic feature vector and the transformed AF posterior
probability vector was composed of 22 components. For each
LSA-based matrix, each senone or AF can be represented by
a transformed column feature vector in an LSA-based matrix,
as indicated in Fig. 4. An LLSM, containing a senone-based
sub-LLSM and an AF-based sub-LLSM, was constructed to
characterize each language according to the spatial relationships
among the senones and the spatial relationships among the AFs
in the eigenspace. In this study, three LLSMs, including Man-
darin (M), English (E), and the union of Mandarin and Eng-
lish (U), were constructed. Fig. 5 illustrates the concept for con-
structing the LLSMs.
To estimate the importance of each principal component

to each phonetic unit, a set of component weighting factors
representing the term frequency–inverse senone/AF frequency
(TFISF/TFIAF) was calculated to weight the element value in
the LSA-based matrix for senones and AFs. The TFISF is de-
fined as , where is the -th principal
component (eigenvector) in the senone-based eigenspace. The
TFISF is calculated as follows:

(9)
where is the set of the senones in the sub-LLSM and is the
-th senone. In , represents the

number of elements in the principal component with values
higher than or equal to the average of the element values in

in the LSA-based matrix. The equation for TFIAF estimation is
similar to that of TFISF.
Because some of the senones and AFs are shared inMandarin

and English, entropy is also estimated to increase the discrim-
inability of the LSA-based matrix for each language. The en-
tropy of a senone with respect to a language can be estimated
using the following equation:

(10)

where denotes language . The terms can be ob-
tained using . The entropy of an AF can be simi-
larly estimated. After TFISF/TFIAF and entropy are estimated,
the final weighted elements in the senone-based LLSMs can be
obtained.

(11)

where is the -th element in the column vector of the
-th senone in the LSA-based matrix for language . The el-

ement values of the AFs can be similarly obtained. The reason
for combining the two concepts of TFISF/TFIAF and entropy
was that the corresponding principal component is more crucial
for a larger TFISF/TFIAF. Analogously, low entropy indicates
a highly discriminative phonetic unit.

C. -Based Language Transition Score
In this study, the phone boundaries determined from the ASR

were assumed to be the potential language change points. The
was then used for estimating the language transition

score within a window centered
at each interphone boundary in a sentence.
A sliding window of phones centered at the hypothesized

interphone boundary was employed for estimation. The
general forms for similarity score estimation based on BIC were
then defined as

(12)
(13)

where , , and denote the languages in the left-half
window, right-half window, and whole window; , , and
denote the observed transformed feature vector sequences of the
phone segments in the left-half window, right-half window, and
whole window; and are the numbers of frames of the
left and right phone segments; denotes the
sum of similarity scores for and ; and de-
notes the similarity score for the union of and belonging
to the same language. is the similarity score func-
tion of a target language based on the observed transformed
feature vector sequence . In this study, similarity between two
vectors in the space is defined according to how long one vector
should shift and how much one vector should rotate then two
vectors can overlap in the space. Even if a pair of vectors have
the same Euclidean distance with another pair of vectors, once
these two pairs have different angles, their similarities should
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Fig. 6. Illustration of similarity measure based on the EUD-based and CAD-based similarity measures.

be different. Thus, for the function , the Euclidean
distance (EUD)-based and cosine angle distance (CAD)-based
similarity measures were used. Fig. 6 presents the concept of
the EUD-based and CAD-based similarity measures between
the two language-specific LLSMs.
Based on the input speech utterance, the ASR was employed

for obtaining senones and their corresponding AFs by
using the phone-to-AF mapping tables. One senone can map
to one or more AFs. The two feature vector sequences ob-
tained from the senones and AFs were PCA-transformed and
represented by the principal components in the LSA-based
matrices for senones and AFs, denoted as and

, respectively. The spatial relationships among
the senones and the spatial relationships among the AFs were
used to construct the senone-based sub-LLSM and AF-based
sub-LLSM of the input speech. The EUD-based similarity
between the input speech LLSM and the LLSM for language
or a union of the languages is defined as

(14)
where and denote the transformed feature vectors
of the -th corresponding phonetic units (senones or AFs) of
language in the senone-based and AF-based sub-LLSMs, re-
spectively. If is close to and is close to , the
EUD-based similarity score would be high, where
and are used for normalization.
Conversely, the CAD-based similarity measure based on the

inner product is defined as

(15)
If the angle between and and the angle between

and are small, the CAD-based similarity score would be

high, where and are used for normal-
ization. The overall similarity combining the EUD-based and
CAD-based similarity measures is defined as

(16)

where and are the weights and
. The similarity is used in

Eq. (13) and Eq. (14) for estimating the BIC.
The general form for estimating the language likelihood be-

tween the left and right speech segments in the windowed phone
segment is defined using the BIC:

(17)

where is the penalty.
Because a boundary contains four cases for language tran-

sition (Mandarin to English, Mandarin to Mandarin, English to
English, and English to Mandarin), code-switching event detec-
tion by considering only whether the BIC is higher than 0 is
insufficient. Thus, based on Eq. (18), the following four types
of scores for the windowed phone segment were
considered:

(18)

(19)

(20)

(21)

where is composed of the left and right speech segments
in the analysis window, denotes Mandarin, and E denotes
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English. The term T( ) is the language transition
score function and is estimated as follows:

(22)

(23)

(24)

(25)

By applying Eqs. (19) and (20) into Eq. (23), we can obtain

(26)

This implies that if the language transition is from Mandarin
( ) to English ( ), the score

should be higher than the summation of
for Mandarin and

for English in the whole window. Eq. (24) can have the same
interpretation.
On the other hand, Eq. (25) can be derived as

(27)

If the language transition is Mandarin ( ) in the whole
window, the score should be higher
than the summation of for

and for . The
interpretation can be analogously applied to Eq. (26)

V. LANGUAGE LIKELIHOOD ESTIMATION

Because the language likelihood is estimated based on
senones and AFs separately, the function denoting the
language likelihood of the input speech utterance in Eq. (8)
can be further decomposed into two components as

(28)

where and represent the senone-based
language likelihood and AF-based language likelihood, respec-
tively. After recognition, a sequence of senones is obtained and

and can be estimated using the following
two equations, respectively:

(29)

(30)

where and are the -th recognized senone and cor-
responding AFs. is the senone number of the test speech.
A senone can correspond to one or more AFs. Thus, the term

is rewritten as , where
is the -th AF obtained from the -th senone in the test
speech. The senone-based language likelihood and
AF-based language likelihood are estimated by
using the following equations:

(31)

(32)

The term is estimated as the number of frames be-
longing to senone and language , divided by the number
of frames belonging to senone in all of the languages. The
term can also be similarly estimated.
According to Eq. (8), the estimated senone-based language

likelihood , AF-based language likelihood ,
and transition scores were integrated for obtaining the
most likely language sequence by using dynamic programming.

VI. EXPERIMENTS

A. Corpus Collection

To assess the detection performance of the proposed ap-
proach, the English Across Taiwan (EAT) corpus [39], TCC-300
corpus [40], and Chinese-English Code-switching Speech
(CECOS) corpus [41], were adopted to conduct the evaluation.
EAT corpus contains telephone speech and microphone speech,
while only microphone speech, recorded by the sound card
in personal computer, was used in this study. TCC300 is a
collection of microphone speech databases produced by three
universities in Taiwan. The speech data from each university
were provided by 100 speakers (50 males and 50 females).
Totally TCC-300 contains speech data uttered in reading style
from 300 speakers. The allowed data length is 475 Chinese
characters, including punctuation marks in each speech ut-
terance. The CECOS contains Mandarin sentences, English
sentences and Mandarin-English code-switching sentences.
The total length was approximately 12.1 hours. 77 (15 female
and 62 male) native Mandarin speakers living in Taiwan par-
ticipated in the recording project. Recording was conducted in
a quiet room, using an electret condenser microphone AT9941.
The total length of the code-switched utterances was only 3.65 s
on average in the collected corpus, and the speech segments
of the embedded language were much shorter. Practically, the
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considerably short speech segment of the embedded language
was difficult to identify.

B. Performance Measurement
There are two types of measures to evaluate the performance

for code-switching event detection in this study. The first one
is the duration accuracy which is a commonly used measure in
LID tasks and is defined as

(33)

whereDuration(Diff) is the length of the difference between the
detected boundary and reference boundary, and Duration(Ref)
is the length of the reference code-switching event. Silent seg-
ments were not included in the calculation of duration accuracy.
The second one is the recall, precision, and harmonic mean. In
recall, precision, and harmonic mean evaluation measures, to
tolerate the mismatch between the manually tagged boundaries
and detection results, correct boundary detection was defined as
that the detected language boundaries fall into an offset of 0.1 s
with respect to the manually tagged language boundaries.

C. System Implementation
For system implementation, the phone-based ASR was

constructed using the HTK. A total of 53 Mandarin and Eng-
lish phones were used to construct 10839 context-dependent
triphone HMMs. Each HMM comprised three left-to-right
tied-states, each consisting of two Gaussian components. The
senone serving as a phonetic unit was defined as the context-in-
dependent state in the phone-based HMMs, each comprising
three states. A total of 159 senones were used in the following
experiments. The language model of the ASR was trained
on the three aforementioned corpora. In the training phase,
5000 English utterances from the EAT and 5000 Mandarin
utterances from TCC-300 were used to construct the mono-
lingual LLSM. Moreover, both of them were employed to
construct the LLSM for the union of the phones in Mandarin
and English. In the test phase, 1000 code-switched utterances,
100 Mandarin utterances, and 100 English utterances in the
CECOS were randomly selected for evaluating performance in
code-switching event detection. In the test sentences, 69.2%
words are Mandarin speech (matrix language) and 30.8% words
were English speech (embedded language). For AF detection, a
total of 22 AFs were employed for constructing the RNN-based
AF detector. In addition, 12 MFCCs with energy and their
and features were used for obtaining the 22-dimensional
AF posterior probability vectors.

D. Evaluation on the Weight for Similarity Measure
Before the evaluation on the proposed approach and the

methods for comparison, the recognition accuracies of phones
and AFs should be evaluated first using a phone-based ASR
and the RNN-based AF detector presented in [42], respectively.
The phone-based ASR used a data-driven approach to phone set
construction for code-switching automatic speech recognition.
The phone and AF recognition accuracies achieved 66.71%
and 86.32%, respectively. Even though the phone recogni-
tion results are not good enough for multi-lingual speech

Fig. 7. The effect of the similarity weight.

recognition, the detected phone boundaries are acceptable for
code-switching event detection according to the experimental
analysis.
Furthermore, the effects on the various weighted similarity

measures were evaluated using Eq. (17) to optimize the com-
bination between EUD-based similarity score and CAD-based
similarity score. The similarity weighting factor was set from
0.0 to 1.0. Fig. 7 presents the results, in which the highest du-
ration accuracy achieved was 71.89% with a weight value of

for the EUD-based similarity score. The opti-
mized weight value for similarity estimation was used for the
following experiments.
In order to compare the performance of event detection be-

tween code-switched and mono-lingual speech, event detection
on mono-lingual speech (100 Mandarin utterances and 100
English utterances in the CECOS) was specially conducted.
The duration accuracies for Mandarin and English utterances
were 80.77% and 75.86%, respectively. The results imply
mono-lingual speech can obtain better performance than the
code-switched speech because the language property in the
whole utterance of the mono-lingual speech is much consistent.
In addition, the performance for Mandarin speech is higher
than the English speech. This is because Mandarin speech is the
matrix language and has more training data for LLSM training.

E. Comparison on the Combination of the Proposed Methods
The evaluation was performed for determining the most

favorable combination in the proposed approaches to obtain
high detection performance. Fig. 8 shows the results of the
approaches for evaluating the effects of the terms in Eq. (8). In
this experiment, Case (1) was firstly used to assess the effect of
the senone-based language likelihood and achieved
66.93% duration accuracy, which was regarded as the baseline
performance. In Case (2), adding the senone-based LLSM to
Case (1) achieved 71.69% duration accuracy improving the
performance by about 5%. This implies that senone-based
LLSM is beneficial for code-switching event detection. In Case
(3), AF-based LLSM, instead of senone-based LLSM in Case
(2), was added to Case (1) to evaluate the effectiveness of
AF-based LLSM. A comparable result of 71.93%, compared
to the use of senone-based LLSM, was obtained. Case (4)
integrated the senone-based language likelihood, senone-based
LLSM, and AF-based LLSM and obtained the performance of
71.70%. This shows that senone-based LLSM and AF-based
LLSM have similar effect, but they are not complementary



1900 IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 23, NO. 11, NOVEMBER 2015

Fig. 8. Duration Accuracies (%) of code-switching event detection con-
sidering different combination cases: (1) Senone-based language like-
lihood only, (2) Senone-based language likelihood and senone-based
LLSM, (3) Senone-based language likelihood and AF-based LLSM,
(4) Senone-based language likelihood, senone-based LLSM, and AF-based
LLSM, (5) Senone-based language likelihood, senone-based LLSM, AF-based
language likelihood, and AF-based LLSM, and (6) Weighted Senone-based
language likelihood and AF-based LLSM.

to each other. Besides, little degradation on the performance
for adding senone-based LLSM may result from the large
number of senones (159) compared to 22 AFs, which were
used to model the spatial relationship among the senones in
the eigenspace. Moreover, Case (5) integrated all the terms,
including the senone-based language likelihood, senone-based
LLSM, AF-based LLSM, and AF-based language likelihood.
Unfortunately, including the AF language likelihood hurt the
performance by about 2%. The reason is that accented English
pronunciation by Taiwanese people degrades the AF detection
accuracy and thus achieved low performance using the AF lan-
guage likelihood. This phenomenon occurred because different
phonemes (e.g., /b/ and /p/) in a language shared the same AFs,
which generally causes confusion.
In summary, using the senone-based language likelihood

and AF-based LLSM, i.e., Case (3), achieved the best result
of 71.93%. Considering the individual contribution from
senones and AFs, the best case (Case (3)) among the pre-
vious experiments was adopted for the evaluation on the
weighted combination of senone-based language likelihood
and AF-based LLSM. By adjusting the weight from 0.0 to 1.0
for the senone-based language likelihood, which corresponds
to the weight of 1.0 to 0.0 for the AF-based LLSM, we ob-
tained the highest duration accuracy of 72.45% with the weight
equal to 0.3 for the senone-based language likelihood. Even
though the improvement (0.52%) is not so promising, the result
implies that the AF-based LLSM is more effective than the
senone-based language likelihood for code-switching event
detection. The following evaluation was reported based on the
evaluation condition that yielded the most favorable result.

F. Evaluation on the Position of the Embedded Word

In addition, the detected duration accuracy for the test ut-
terances with code-switching events in various positions in an
utterance were analyzed. In the speech corpora, based on the
number and position of the code-switching events, utterances
in the speech corpora were divided into five code-switching
types: single-front, single-mid, single-rear, and two and three

Fig. 9. Code-switching event duration accuracies for five types of utterances.

TABLE III
CODE-SWITCHING EVENT DURATION ACCURACIES (%) FOR THE
CORRELATION BETWEEN THE WINDOW SIZE AND THE NUMBER

OF PHONES IN THE EMBEDDED WORDS

code-switching events. Single-front, single-mid, and single-rear
represented utterances containing an embedded English word in
the front, middle, and rear parts of the utterances, respectively.
Two and three code-switching events indicated that an

utterance contained two and three embedded English words.
Fig. 9 presents the duration accuracies for these five types
of utterance. Basically, the position of an English word in a
code-switched sentence has never been a crucial factor for
code-switching event detection. However, according to the
analysis of the experimental results in this study, the English
words at the rear part of the utterance (i.e., single-rear) ap-
pearing at the end of a breath group are less likely to be well or
completely pronounced, especially for long sentences. These
English words of the single-rear type results in worse perfor-
mance for event detection. Contrast to the single-rear, better
performance for the utterances of single-front and single-mid
types are obtained arising from careful pronunciation of the
embedded word. Furthermore, the code-switching event detec-
tion task became more difficult as the number of embedded
English words increased.

G. Evaluation on the Correlation between Window Size and
Number of Phones in the Embedded Words
After the recognized phone sequence was obtained, a sliding

window of size two covering one left and one right phones
was first employed for identifying the language identity. The
window length of the BIC-based code-switching event detec-
tion systemwas then resized to observe whether it could achieve
a more satisfactory evaluation result. Table III presents the re-
sults obtained using various window sizes with respect to the
number of phones in the embedded words. The highest dura-
tion accuracy of 72.45% was achieved when the window size
was set to 6 for all the embedded words with different number
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Fig. 10. Precision, recall and harmonic mean for the SVM-, GMM-, ANN-
based and the proposedmethods. The term following the approach is the features
used.

of phones. The results show that if the window size matches
the number of phones in the embedded words, the detection ac-
curacy was the highest for the embedded words with the same
number of phones. The boundaries of the embedded words with
more number of phones can be easier for event detection.

H. Comparison of the Proposed and the Conventional Methods
In this experiment, SVM-, GMM-, ANN-based and the

proposed approaches were compared. These approaches were
used to tokenize the incoming speech into language sequence.
For the comparison experiments, 5000 English utterances from
the EAT and 5000 Mandarin utterances from TCC-300 were
used to train the models for the corresponding language. The
first method was an SVM-based approach adopting C-support
vector classification with the radial basis function constructed
using the LIBSVM [43]. The default parameter setting in
the LIBSVM was used. In the SVM training process, words
belonging to Mandarin and English in the corpus were used as
positive and negative data for training the Mandarin-English
SVM. The second method was a GMM-based approach. In
the GMM training process, words belonging to Mandarin
and English in the corpus were used for training the Man-
darin-GMM and English-GMM, respectively. The third one is
the ANN-based method. In the ANN training process, words
belonging to Mandarin and English in the corpus were used to
train an ANN with Mandarin-output node and English-output
node, respectively. In these approaches, the phone-based
segments were adopted as the unit for the SVM-, GMM-,
ANN-based methods. Each tokenizer produced a stream of
languages corresponding to the frame-by-frame indices in
the phone-based segments. The likelihoods for each phone
segment were accumulated as the likelihoods of the Mandarin
or English phone segment, respectively. Finally, the bi-gram
language model was employed to characterize the correlation
between two consecutive phones and the dynamic program-
ming algorithm was employed for obtaining the most likely
code-switching language sequence.
The MFCC and SDC features were also considered in these

approaches for evaluation. From the experimental results,
only the GMM-based method using SDCs surpassed that
using MFCCs. The other methods, including SVM-based,
ANN-based and the proposed methods, using MFCCs rather
than SDCs achieved the best performance. Fig. 10 presents all

TABLE IV
CODE-SWITCHING EVENT DETECTION ACCURACIES

FOR DIFFERENT APPROACHES

Fig. 11. Duration accuracies for the systems based on different types of poten-
tial boundaries from ASR.

of the results obtained using these methods, in which the term
following the approach is the features used which obtained the
best performance. The duration accuracies of these methods
were also evaluated and listed in Table IV. The evaluation
results indicated that the proposed method along with MFCC
features mostly outperformed the other three methods using
precision, recall, harmonic mean and duration accuracy. One
possible reason is that the bigrams between two consecutive
phones used in these conventional methods were linear corre-
lations and not sufficient to model a language, compared to the
spatial correlations used in the proposed method. The results
also confirmed the improved performance of the proposed
approach.

I. Comparisons to the Systems based on Different Types of
Potential Boundaries from ASR
In the following experiments, the potential word boundaries

obtained from word-based ASR and the potential phone bound-
aries based on forced alignment using the phone-based ASR
were used to evaluate the event detection performance. In the
first case, a Kaldi ASR system was constructed to obtain the
word boundaries. The recognized words were converted to the
corresponding phone and AF sequence for LLSM construction.
The duration accuracy for the system based on word boundaries
only achieved 65.23% as shown in Fig. 11. The main problem
for the low duration accuracy is that the word recognition rate
was only 59.81%. With the misrecognition of words, some cor-
rect code-switching events are located within a word, rather
than between words. For the second case, the phone boundaries
obtained from the forced alignment results were used to train
the LLSM for event detection. The duration accuracy achieved
76.16%. The improvement compared to the proposed method
mainly benefits from the near-correct phone boundaries. With
correct phone boundaries, the phone/AF LLSM could be better
trained for code-switching event detection.
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VII. CONCLUSIONS
This paper proposed a new method for code-switching event

detection based on the LLSM and BIC. The main idea is that
each LLSM is constructed for modeling the spatial relationships
among the senones andAFs in the eigenspace for each language.
Moreover, a sophisticated similarity score function combining
EDU-based and CAD-based similarity measures was proposed,
and the BIC was used for detecting the language change
points. Finally, the dynamic programming algorithm was em-
ployed for obtaining the most likely code-switching language
sequence. The experimental results indicate that senone-based
LLSM and AF-based LLSM are useful for code-switching
event detection with comparable contribution, while the AF lan-
guage likelihood hurt the performance. The proposed approach
incorporating senone-based language likelihood and AF-based
LLSMs with optimized parameters mostly outperformed other
methods for code-switching event detection.
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