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ABSTRACT 

This paper considers the transcription of the widely observed yet 

less investigated bilingual code-switched speech: the words or 

phrases of the guest language are inserted within the utterances of 

the host language, so the languages are switched back and forth 

within an utterance, and much less data are available for the guest 

language. Two approaches utilizing the deep neural network (DNN) 

were tested and analyzed, including using DNN bottleneck features 

in HMM/GMM (BF-HMM/GMM) and modeling context-

dependent HMM senones by DNN (CD-DNN-HMM). In both 

cases the unit merging (and recovery) techniques in acoustic mod-

eling were used to handle the data imbalance problem. Improved 

recognition accuracies were observed with unit merging (and re-

covery) for the two approaches under different conditions.  

Index Terms—Code-switching, Deep Neural Networks, 

Bilingual, Speech Recognition, Unit Merging 

1. INTRODUCTION 

In the globalized world today, many people are capable of 

speaking more than one languages and actually using more than 

one languages in their daily lives. As a result, very often the speech 

signals observed in our daily lives include more than one lan-

guages. This is why people have tried to extend existing speech 

recognition technologies primarily developed for monolingual 

tasks to consider multilingual environments [1][2][3][4][5][6][7].  

In general, bilingual speech can be classified into two categories 

[8]. In the first category, the speaker switches between languages 

from sentence to sentence. For example, in the sentences, “It's fine. 

謝謝你(Thank you).”, the first sentence is in English, while the 

second in Chinese. In the other category, the languages are 

switched from words to words within a sentence. For example, in 

the sentence, “這個equation很複雜(This equation is very compli-

cated).”, the word “equation” in the guest language of English is 

embedded in a sentence in the host language of Mandarin. The 

latter category is very common for speakers of non-English native 

languages (with English as the guest language and the non-English 

native language as the host), especially when they speak very good 

English and many English words (and phrases) are not yet properly 

translated into their native languages. So when they speak their 

native languages, very naturally some English words (and phrases) 

are inserted into the utterances and become a part of the utterances 

although in different languages. This paper is focused on this sec-

ond category, and the word “code-switching” in this paper refers to 

this second category. This phenomenon of code-switching is very 

common in Asia [8][9][10][11][12][13], for example between 

English and Mandarin, Korean and Japanese. Taking Mandarin-

English code-switching as an example, the English words embed-

ded in the Mandarin utterances are very often composed of pho-

nemes sounding like Mandarin phonemes rather than English pho-

nemes, because the speaker is a native speaker of Mandarin and he 

is actually speaking a Mandarin sentence. This makes the task very 

special among speech recognition tasks.  

A major concern here is that some acoustic units in different 

languages are very close, some are similar but slightly different, 

and some are unique for specific languages. In addition, the highly 

imbalanced data distribution for involved languages very often 

causes another different problem, i.e., much more host language 

data and very limited guest language data, since only words or 

phrases of the guest language are embedded in the utterances of the 

host language [8].  This not only makes acoustic modeling for the 

guest language difficult, but the recognizer naturally tends to take 

most speech signals as in the host language, because the language 

model almost always gives higher prior probabilities to the host 

language words, and the acoustic models for the host language 

units are better trained with more data and therefore better fitted to 

the signals. Many approaches in acoustic modeling such as merg-

ing acoustic units on different levels across languages in acoustic 

modeling have been proposed to handle these problems and shown 

to be very helpful [8][9][10][11][12][13][14].  

Recently, the deep neural network (DNN) was shown to be able 

to improve speech recognition performance significantly [15][16]. 

The most popular form of DNN application in acoustic modeling is 

the context-dependent DNN-HMM (CD-DNN-HMM), in which 

each context-dependent HMM state or senone is modeled by a 

node of the output layer of the DNN. In addition, bottleneck fea-

tures from DNN were also used in HMM/GMM (referred to as BF-

HMM/GMM here) [17]. In this paper, both CD-DNN-HMM and 

BF-HMM/GMM are tested and analyzed with code-switched bilin-

gual lectures, with unit merging technique for acoustic modeling 

used to handle the code-switching issues.  

Below after the target corpora description in section 2, the DNN 

approaches, CD-DNN-HMM and BF-HMM/GMM are introduced 

in section 3, and the unit merging and recovery approach is pre-

sented in section 4. The experiments are discussed in section 5, 

with conclusion given in section 6. 

2. TARGET CORPORA DESCRIPTION 

The corpora used for the experiments reported here were the 

recorded lectures of two courses offered in National Taiwan Uni-

versity in form of spontaneous speech with highly imbalanced 

Mandarin-English code-switching characteristics (Mandarin as 
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host and English as guest languages) as mentioned above. In the 

recordings, utterances were produced spontaneously, with plenty 

of disfluencies such as pauses, hesitations, repairs and repetitions 

causing additional difficulties for recognition. In the corpora, most 

English words appeared to be domain-specific terms related to the 

topics of the lectures, while almost all function words were in Chi-

nese, which implies the accuracy of English words is important. 

The detailed statistics of the corpora are listed in Table 1. We see 

the percentage of English (guest language) in the corpora is only 

15-19%, or roughly 1.5 hours in training and 5 minutes in adapta-

tion data. So the data imbalance problem is serious. 

 

TABLE 1. Details for the Target Corpora. 

3. CD-DNN-HMM AND BF-HMM/GMM FOR CODE-

SWITCHING ENVIRONMENT 

Here we very briefly summarize the basic ideas of CD-DNN-

HMM and BF-HMM/GMM used for the code-switching environ-

ment considered here.  

3.1. Code-switched CD-DNN-HMM 

Different from the conventional HMM/GMM, in CD-DNN-

HMM each context-dependent HMM state or senone is modeled 

by a node of the output layer of the DNN instead of a GMM. Dur-

ing recognition, the likelihood for an observed feature with respect 

to a senone is given by the output value of the node modeling the 

senone by feeding the observed features as input to the DNN, as 

shown in Fig. 1(a). The features accepted at the input layer were 

MFCC in consecutive frames concatenated just as in common set-

tings. Each hidden layer was pre-trained by a restricted Boltzmann 

machine (RBM) in an unsupervised manner with input being the 

output of the previous layer. The output layer consists of senones 

for all Mandarin and English triphones. In these triphones, the 

central phonemes include all Mandarin phonemes plus English 

phonemes, and all cross-language context dependency conditions 

are considered. Modeling senones for different languages by indi-

vidual networks may lead to poor results due to the very limited 

data for the guest language in the code-switched corpora. We 

therefore adopt the concept of multilingual DNN recently proposed 

[18], in which all layers except the output layer were jointly trained 

by all data of both languages. The only difference is that here the 

output layer including senones for the two languages with all code-

switching context dependencies are jointly obtained, while in the 

multilingual DNN [18] the triphone senones for each individual 

language were separately obtained.  

As a classifier, deep neural network (DNN) has been proven to 

significantly outperform the conventional neural network with less 

hidden layers [15][16]. By pre-training with restricted Boltzmann 

machine (RBM), more hidden layers or deeper network structure 

can be trained sequentially. In acoustic modeling, context-

dependent DNN-HMM (CD-DNN-HMM) is the most popular 

form of DNN application. Different from conventional HMM-

GMM structure, each context-dependent HMM state or senone is 

modeled by a node of the output layer of the DNN instead of a 

GMM [15]. During the recognition process, the likelihood between 

an observed feature and a senone is given by the output value of 

the node modeling the senone by feeding the observation as input 

to the DNN.  

3.2. Code-switched BF-HMM/GMM 

This approach originated from the auto-encoding theory of neu-

ral networks. By transforming features sequentially from one layer 

to another, better features could be obtained. Conventionally, the 

output of the last hidden layer is extracted, with a size much small-

er than other hidden layers for generating more compact features. 

However, it is difficult to decide the size of the last hidden layer, 

and it takes time to retrain the DNN whenever the size of bottle-

neck feature is changed. Therefore, fixing the size of the last hid-

den layer but using a dimension reduction procedure was proposed 

to extract the DNN-based bottleneck features [17]. The perfor-

mance of such a system is reported to be comparable to CD-DNN-

HMM with the same data, and such a structure is completely com-

patible to the conventional acoustic modeling framework including 

many powerful techniques such as MLLR, MAP, MPE and MME, 

as well as many approaches for cross-lingual acoustic modeling 

such as unit merging and recovery [8] as presented below. In this 

work, we use linear discriminant analysis (LDA) for the dimension 

reduction mentioned above as shown in the upper part of Fig. 1(b) 

to reduce the dimensionality from the size of last hidden layer (typ-

ically thousands) to the size for HMM/GMM (typically tens). 

These bottleneck features are then used to train the acoustic models 

for the two languages.  

 

Figure 1. (a) Code-switched CD-DNN-HMM  

(b) Bottleneck Feature for Code-switched BF-HMM/GMM 

4. ACOUSTIC UNIT MERGING AND RECOVERY 

Unit merging and recovery has been shown to be very useful in 

multilingual acoustic modeling [8]. For the code-switched speech 

considered here, the data imbalance problem can be properly han-

dled in this way because of data sharing between units across lan-

guages. Here we consider this approach for both BF-HMM/GMM 

and CD-DNN-HMM.  

4.1. Unit merging and recovery for BF-HMM/GMM  

Unit merging and recovery for BF-HMM/GMM is very natural. 

Considering the difference between Mandarin and English on the 

linguistic nature and the phoneme level, unit merging on lower 

levels such as senone and Gaussian levels is performed. The com-
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bined triphone model structure developed based on the combined 

phoneme set of Mandarin and English is shown in Fig. 2. 

In Fig. 2, each context-dependent unit (e.g. triphone model, 

senone or Gaussian) is referred to as for Mandarin or English 

based on the language the central phoneme of the corresponding 

context-dependent unit belongs to. In Fig. 2(a), some senones (and 

Gaussians) are merged and shared (trained with shared data), and 

used as components for models for both languages. This is helpful 

since many acoustic segments in different languages produced by 

the same bilingual speaker may actually sound very similar. So the 

parameters of these senones can be better estimated if extra Man-

darin data can be used together with the very limited English data. 

Similarly for unit merging on Gaussian level in Fig. 2(b), except 

the Gaussian is a finer unit so the merging can be more delicate.  

 
Figure 2. Unit Merging on Senone and Gaussian Levels 

for BF-HMM/GMM 

The distance between Gaussians can be evaluated using the 

symmetrical KL divergence [8][9][12][13]. For distance between 

senones, we first model each senone by a single Gaussian, and the 

distance between senones is estimated by the symmetrical KL di-

vergence between the corresponding Gaussians. In this way, a best 

candidate unit (Gaussian or senone) in the host language (Manda-

rin) with more data for each unit (Gaussian or senone) in guest 

language (English) with limited data can be obtained for merging 

based on the minimum distance criteria. But we also divided the 

combined phoneme set into four classes: plosive, affricate, voiced 

consonant and vowel, and unit merging are allowed only within the 

same class. 

 

Figure 3. The Concept of Unit Recovery After Merging 

The unit merging process mentioned above helps with the insuf-

ficient data for English units, but also limits the achievable likeli-

hood. The merged units tend to be closer to the Mandarin units 

rather than the English units, because the former dominates the 

data. This also limits the likelihood for the corresponding signal 

segments given the merged units, especially for the English units. 

This is why we perform unit recovery in addition as in Fig. 3. The 

merged units were first recovered for both languages by copying 

all parameters from the merged units, and then an additional run of 

parameter re-training was applied. Here the influence of data 

sparseness problem is less serious since the initial parameters have 

been previously estimated by the shared data during unit merging.  

4.2. Senone merging for CD-DNN-HMM 

Unit merging for CD-DNN-HMM can be achieved on senone 

level by replacing the senones in the output layer by the corre-

sponding merged set of senones (some nodes or senones are shared 

across languages) before DNN training as in Fig. 4. Note that in 

conventional HMM/GMM, each unit (senone or Gaussian) is to 

model the local distribution for the specific unit. In contrast, for 

CD-DNN-HMM here the parameters are shared by all target 

senones and trained by all training data. Therefore, the data sparse-

ness and imbalance problem may not be as serious here.  

 

Figure 4. Senone Merging for CD-DNN-HMM 

5. EXPERIMENTS 

5.1. Experimental environment setup 

The target corpora have been reported in section 2 and listed in 

Table 1. The 39 MFCC parameters were used as features for 

HMM/GMM baseline, and concatenated consecutive 9 frames of 

such MFCCs as features for CD-DNN-HMM. For HMM/GMM, 

triphone models obtained with state-clustering using decision tree 

were used. The senone number for HMM/GMM baseline were 

2845 and 3172 for courses 1 and 2, respectively. The number of 

hidden layers is 4 for all DNN, with 2048 nodes in each hidden 

layer. For DNN bottleneck features, the feature dimension was 

reduced from 2048 to 40 by LDA. 

The bilingual lexicon used included English words, Chinese 

words and all commonly used Chinese characters taken as mono-

character Chinese words. For language modeling, the background 

model is trained with a combined corpus including Gigaword, 

Yahoo! News plus some target-domain related corpora such as 

master theses in related domains. We used Kneser-Ney trigram 

language model started with this background model and then 

adapted with the transcriptions of the training set for the target 

lectures here. 

The way the recognition performance was evaluated followed 

the earlier work [8] and was very similar to the mixed error rate 

(MER) used for multilingual speech recognition evaluation later on 

[7]. When aligning recognition results with the reference transcrip-

tions, insertions, deletions and substitutions were evaluated respec-

tively for each language and summed up for overall evaluation. 

The basic unit for alignment and calculation was character for 

Mandarin and word for English. Individual performance for both 

Mandarin and English is reported. Since many English words are 
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the key terms in the lectures considered here, the recognition accu-

racy for English part alone is important. 

5.2. Experimental results 

The experimental results for both courses 1 and 2 are listed in 

Table 2. Rows (1)~(5) are for HMM/GMM with conventional 

MFCCs, with row (1) for the conventional HMM/GMM baseline, 

row (2) for merging on senone level and row (3) with unit recovery 

in addition, similarly for rows (4)(5) except on Gaussian level. 

Similarly for rows (6)~(10) for BF-HMM/GMM except MFCCs 

replaced by DNN bottleneck features. Rows (11)~(12) are for CD-

DNN-HMM with row (12) for senone merging.  

First consider rows (1)(6)(11) without unit merging, we can see 

that regardless of the model structure and the features used, the 

English accuracy were always significantly lower than Mandarin 

due to the data imbalance problem for the code-switching bilingual 

speech. By comparing rows (1) and (11), we see the CD-DNN-

HMM greatly outperformed the HMM/GMM baseline using the 

same MFCC features without any unit merging or recovery. The 

BF-HMM/GMM with DNN bottleneck features in row (6) was 

somewhere in between in most cases.  

 

TABLE 2. Experimental Results for HMM/GMM systems with 

Different Features and CD-DNN-HMM systems 

Now compare rows (2)(7)(12) to rows (1)(6)(11). First we see 

the English accuracy was significantly improved (rows (2)(7) vs. 

(1)(6)) by senone merging due to data sharing regardless of using 

MFCCs or DNN bottleneck features. However, for CD-DNN-

HMM, the improvement brought by senone merging is relatively 

limited (rows (12) vs. (11)). A possible explanation for this is that 

for DNN all parameters are shared by all target classes, so the data 

sparseness issue is not as serious as in HMM/GMM (rows 

(1)(2)(6)(7)), for which the parameters are to model the local dis-

tributions for the specific senone. Furthermore, by checking rows 

(3)(8) in addition, we see that performing an extra pass of senone 

recovery did bring improvement for HMM/GMM (rows (3)(8) vs. 

(2)(7)) for either MFCCs or DNN bottleneck features. For Gaussi-

an level merging and recovery (rows (4)(5)(9)(10)), we can see the 

trend is very similar to that for senone level merging and recovery, 

except with better performance due to the finer structure of the 

Gaussian level (rows (4)(5)(9)(10) vs. (2)(3)(7)(8)). Furthermore, 

the DNN bottleneck features always outperformed MFCCs in most 

cases (rows (7)(8)(9)(10) vs. (2)(3)(4)(5)).  

Comparing BF-HMM/GMM with CD-DNN-HMM, we see the 

best BF-HMM/GMM (merging and recovery on Gaussian level in 

row (10)) achieved better English accuracy while the best CD-

DNN-HMM (merging on senone level in row (12)) achieved better 

Mandarin and overall accuracies (rows (10) vs. (12)). This is im-

portant since Gaussian level merging is feasible only for BF-

HMM/GMM and English accuracy is emphasized in this task. 

Therefore, for the two approaches of using DNN in modeling (CD-

DNN-HMM) or for feature extraction (BF-HMM/GMM) consid-

ered in the work for the specific task, DNN in modeling gave better 

overall performance while DNN for feature extraction gave better 

English accuracy.  

When performing unit merging, each English unit (senone or 

Gaussian) is given a Mandarin unit candidate with minimum dis-

tance; and such unit mapping pairs can be ranked according to the 

distance. So we can choose to merge only a selected percentage of 

English units with the corresponding Mandarin units starting with 

those pairs with minimum distances, but not all. The English accu-

racies obtained in this way for different percentages of English 

units merged (but not recovered) on senone and Gaussian levels for 

HMM/GMM (MFCCs) baseline, BF-HMM/GMM and CD-DNN-

HMM for Course 1 is shown in Fig. 5. The best values on each 

curve correspond to the numbers in rows (2)(4)(7)(9)(12) in Table 

2, respectively. We can see that the English accuracy in general 

increased when more English units were merged on either senone 

or Gaussian levels for HMM/GMM regardless of using MFCCs or 

DNN bottleneck features, although in some cases too high percent-

age of merging may not be good. However, for CD-DNN-HMM, 

the improvement achievable with senone merging was very limited 

(best at 30 %), and the performance degraded seriously when too 

many senones were merged. This is consistent with the previous 

assumption that parameters in DNN are jointly trained by all data, 

so do not benefit too much from data-sharing, and in fact the mod-

eling ability of DNN was degraded when too few senones are pre-

sent in the output layer.  

 

Figure 5. English Accuracy with Different Merging Percentage of 

Course 1 for Different Systems 

6. CONCLUSION 

Code-switching is a widely observed phenomenon in the daily 

languages of many people in the globalized world today. In this 

paper, we evaluated two approaches of transcribing speech of this 

type utilizing the deep neural network (DNN), including CD-

DNN-HMM and BF-HMM/GMM, with the previously proposed 

unit merging (and recovery) approach applied in addition to handle 

the data imbalance issue. Experimental results indicated that unit 

merging (and recovery) techniques are helpful in such DNN con-

figurations. Also, CD-DNN-HMM gave the best overall accuracy, 

while BF-HMM/GMM gave the best guest language accuracy.  
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