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Abstract

With the advent of globalization, there is a growing demand
for code-switching automatic speech recognition (ASR),
which can accurately discriminate a speaker who alternates
words of two or more languages within a single sentence or
across sentences. The common phenomenon of Mandarin-
English code-switching ASR is quite common around the
world, like China and Singapore.

In this paper, we propose a hybrid CTC language identify-
cation architecture and a complete model training method for
Mandarin-English code-switching ASR. We propose an ASR
architecture that adds a LID layer after CTC decoder which
based on CTC-AED architecture to calculate the CTC LID
loss at the frame level. Furthermore, a fusion loss based on
CTC loss, Attention loss and CTC LID loss is used to train
Mandarin-English code-switching ASR model. In order to
enable the ASR model to quickly converge and strengthen the
language identification ability, a dynamic CTC LID loss
weight is introduced.

Results show that the proposed model architecture and
model training method can effectively improve performance of
the Mandarin-English code-switching ASR model. The final
system achieves a Mixed Error Rate (MER) of 20.9% in the
ISCSLP2022 Magichub Code-Switching ASR Challenge.

Index Terms: speech recognition, code-switching, language
identification loss

1. Introduction

Code-switching (CS) is defined as the language alternation in
an utterance. Recognizing CS speech is essential because it is
frequently used in everyday conversations in multilingual
regions like Singapore, Malaysia and Hong Kong [1].
However, the majority of commercial ASR systems are only
intended to recognize one language, which restricts the
applications. Building a code-switching speech recognition
system is much more difficult than building a monolingual
speech recognition system.

Recently, automatic speech recognition (ASR) has a
significant trend from hybrid modeling [2] based on deep
neural networks to end-to-end (E2E) [3-6]. Because E2E
models achieve the state-of-the-art results in most benchmarks
in terms of ASR and it is easier to directly translates an input
speech sequence into an output token sequence using a single
network. The most popular E2E techniques for ASR are: 1)
Connectionist Temporal Classification (CTC) [7], CTC aims
to map speech input sequences to output label sequences.
Since the length of the output label is smaller than the length
of the input speech frame, blank labels are inserted between
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the output labels that allow duplication to build a CTC path
with the same length as the input speech frame. 2) Recurrent
neural network Transducer (RNN-T) [8-10]. RNN-T has an
encoder network, a prediction network, and a joint network.
RNN-T removes the conditional independence assumption of
CTC, provides a natural way for streaming ASR. 3) Attention-
based Encoder-Decode (AED) [11-14]. AED contains an
encoder network, an attention module, and a decoder network.
Additionally, joint CTC-attention models [15] take advantage
of both the CTC and sequence-to-sequence models' advantages
within the context of multi-task learning, which improves
performance and robustness.

Data shortage is one of the major issues for CS ASR task.
E2E ASR needs a lot of data to train models, and data
collecting is time and money consuming. Several attempts
have been made to alleviate the CS data scarcity problem. [16-
17] used the Text-To-Speech (TTS) technology to produce
new speech that corresponded to CS texts. [18-19] used un-
transcribed CS voice data through the application of semi-
supervised methods. [20-22] employed transfer learning
techniques train the CS models. [16] separated the language-
dependent segments into individual pieces, then randomly
spliced to create new CS utterances. These techniques
produced notable improvements due to the increased training
data.

In this paper, the ISCSLP2022 Magichub Code-Switching
ASR Challenge [35] provides approximately 555.9 hours of
Mandarin-English CS data and 150 hours of Mandarin data.
Using these data, we propose a hybrid CTC language
identification structure and a complete model training method
for Mandarin-English code-switching ASR.

2. Methods

2.1. Model architecture

To train the Mandarin-English CS models, we use an end-to-
end model structure, as shown in Figure 1. The model struc-
ture consists of four parts: Shared Encoder, Attention Decoder,
CTC Decoder and Language Identification (LID) Layer.

The Shared Encoder mainly encodes input audio acoustic
features X to generate latent representation h, which contains
many potential information of speech.

h = Shared Encoder(X) Q)

The Attention Decoder and the CTC Decoder are used to
decode the latent representation obtained from the output of
the Shared Encoder in their respective ways to get the final
recognition result.



Perc (Y| X) = CTC decoder (h) )
P (Y; | X) = Attention decoder(h,Y,_;) 3)

The LID Layer is attached to the CTC Decoder and is used
to map the output tokens of the CTC Decoder to the
corresponding language tokens.
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Figure 1: The end-to-end model structure.

2.2. Acoustic modeling unit

The choice of the model unit is a crucial component of E2E
modeling. For Mandarin ASR, the acoustic modeling units
usually use phone [23], cd-phone [24], syllable or characters
[25-26]. Meanwhile, words [27-28], subwords, letters are for
English ASR. Combining Chinese characters with English
letters to create new modeling units in Mandarin-English
code-switching task [29].

We use BPE subwords instead of letters as English
modeling units. Three reasons are as follows: 1) the numbers
of Chinese characters are more than English letters, using
subwords will reduce the modeling units gap between
Mandarin and English. 2) the acoustic counterpart of English
letter is shorter than Chinese character. 3) compared to word
units, the BPE subwords units is demonstrated to both improve
performance and address the OOV issue for E2E English ASR
[30].

As a result, in this work, we use BPE subwords as the
acoustic modeling unit for English and Chinese characters for
Mandarin. Besides, we still use three additional units, namely
<unk>, <blk> and <sos/eos>. The <unk> represents an
unknown character or subword, the <blk> represents the extra
blank label of CTC, and the <sos/eos> represents the
beginning and end of an audio.

2.3. Training loss

The pronunciation of Mandarin is different from that of Eng-
lish, and the duration of pronunciation of a Mandarin character
and a word is also different. For example, the pronunciation of

a Mandarin character is usually one syllable, while the
pronunciation of an English word may have multiple syllables.
This results in low recognition accuracy of CTC Decoder for
Mandarin-English code-switching ASR.

The weight of LID CTC loss
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Figure 2: The curve of the LID CTC loss weight
increasing with the number of iteration steps.

In order to improve the accuracy of language identification,
without increasing the number of model parameters, we add
the LID Layer after the CTC Decoder module and calculate
the Language CTC loss (LID CTC loss). First, we map the

softmax value P e R™™ (n: the length of acoustic modeling
unit. m: the audio frames) output from the CTC Decoder

module to P'eR>™ containing only five types of units:
<blank>, <unk>, <ma>, <en>, <sos/eos>. The mapping
function as follows:

p;. i € [<blank>, <unk>,<sos/eos>]
pi = max( pmandarin) , i==<ma> 4)
max( penglish)

where the <ma> indicates that the frame is identified as a
Mandarin unit, and the <en> indicates that the frame is
identified as an English unit.

The values of <blank>, <unk>, <sos/eos> after mapping
are the same as those before mapping. The values of <ma> and
<en> are respectively the Mandarin and English unit with the
largest softmax value in the corresponding frame.

The LID CTC loss is calculated by P'e R®™™ obtained
from the mapping relationship. And use fusion loss to train the
model. The fusion loss can be calculated by the following
formula:

,i=<en>

loss = Alosscre + (L — A)loss; + aloss, p_cre (5)

where losscrc is the CTC loss, loss,, is the Attention loss,
l0ss; ;p_crc is the LID CTC loss, 4 is the CTC loss weight,
which is generally set to 0.5, « is the LID CTC loss weight.
In order to make the training converge quickly and learn
the language information more accurately after convergence, it
is inappropriate to take a constant as the LID CTC loss weight.
It is more reasonable to set the value of « to increase as the
number of iteration steps increases. We draw lessons from the
sigmoid function and build « = f (step) function as follows:

1
steps—S
1.5(S x10)

a = f(steps) = (6)

1+exp(- )
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where steps is the number of real-time iteration steps in the
model training process, and S is the final iteration steps in the
whole training process. The calculation method is as follows:

sample size
batch size

S = total epoch x (©)

The curve of the LID CTC loss weight « increasing with
the number of iteration steps is shown in Figure 2. The value
of « isalways between 0 and 1.

3. Experiments

The audio data are sampled at 16 kHz. Use 80 dimensions
FBank as data feature. The Mandarin-English code-switching
ASR models are trained based on WeNet Toolkit [31].

3.1. Data

This paper only uses the data within the requirements of the
ISCSLP2022 Magichub Code-Switching ASR Challenge [32]
to train the acoustic model. The details of the train set,
development set (dev set) and test set are shown in Table 1.

Two open-source datasets are used to train the model,
namely TALCS and MagicData-RAMC. The TALCS corpus
[33] contains 587 hours of Mandarin-English code-switching
speech data recorded from real online one-to-one English
teaching scenes with a sampling rate of 16 kHz. The
MagicData-RAMC [34] is a corpus of conversational speech
data recorded from native speakers of Mandarin Chinese over
mobile phones, which contains roughly 180 hours of speech
sampled at 16 kHz. A total of 705.55 hours of train sets from
the TALCS and the MagicData-RAMC are used to train the
speech recognition models.

The development set and test set provided by the
ISCSLP2022 Magichub Code-Switching ASR Challenge are
used to evaluate the performance of the Mandarin-English
code-switching ASR models.

Before model training, the data of train set and dev set
need to be cleaned. Transcriptions with some special symbols
and invalid audio are removed. At the same time, the audio
with [+] and [*] symbols in the transcriptions of the train set
and dev set is deleted. The transcriptions with [LAUGH-TER],
[SONANT], [MUSIC] symbols of audio are screened as noise
for data augmentation.

Table 1: Data description for train, dev and test set.

Noise insertion: the text filtered from the train set
containing special symbols such as [LAUGHTER], [SONANT]
and [MUSIC] is regarded as noise data. We also use open-
source noise data MUSAN (OpenSLR17). For each audio in
the train set, one noise in the noise set is randomly selected,
and the Signal-to-Noise Ratio (SNR) of each audio is
randomly set in the range of 10 to 30.

Speed perturbation: for each audio in the train set, 0.9,
1.0, 1.1 times of speech speed perturbation is applied to
enhance the generalization ability of the model for audio with
different speech speeds.

SpecAugment: the SpecAugment method proposed in [35]
is used to mask the time domain and frequency domain part in
the training process, and the SpecAugment parameters
num_t_mask is set as 2, num_f_mask as 2, max_t as 50, max_f
as 10, max_w as 80.

3.3. Model training

In this paper, the Shared Encoder use multiple Conformer
layers. As for the decoders, the multiple BiTransformer layers
in WeNet are used for the Attention Decoder and a linear layer
for CTC Decoder. The model parameters are shown in Table 2.

Table 2: Parameter description of the code-switching

ASR model.
Shared Attention CTC
Parameters Encoder Decoder Deco
(Conformer)  (BiTransformer) der
output_size 512 9327 9327
attention_hea 8 8 -
ds
linear_units 2048 2048 -
num_blocks 12 3 -
dropout_rate 0.1 0.1 -
positional_dr 0.1 0.1 -
opout_rate
attention_dro 0.1 - -
pout_rate
cnn_module_ 15 - -
kernel
r_num_block - 3 -

Datasets Source Duration Number of
(language) (hours) sentences
Trainset  TALCS (ma-en) 555.9 350000
MagicData- 149.65 219325
RAMC (ma)
Dev set Dev (ma-en) 35 6330
Test set Test (ma-en) 6.8 11243

We generate 5000 subwords units from Librispeech using
BPE, and 4324 Chinese characters are extracted from train set.
There are totally 9327 tokens for modeling (with three extra
tokens for <unk>, <blank> and <sos/eos>).

3.2. Data augmentation

We perform a series of data augmentation work on the train set,
including noise insertion, speed perturbation and SpecAug-
ment [35].

We set the following models for comparison to highlight
the advantages of our models.

Base: use the basic E2E model. The Shared Encoder and
the decoders use multiple Conformer layers, multiple BiTrans-
former layers and CTC linear layer mentioned above in this
paper. The original train set is used to train the model. The
loss calculation method does not involve the LID CTC loss.
The calculation formula of loss as follows:

loss = Alosscre + (L — A)l0ss,, (8)

where the weight of CTC loss 4 is set as 0.5.

Base+DA: based on the Base model, the train set is aug-
mented with three methods: noise insertion, speed perturbation
and SpecAugment. The details are covered in Section 3.2.

Base+DA+LID: on the basis of Base+DA model, the LID
CTC loss proposed in this paper has been used. In the process
of model training, CTC loss, attention loss and LID CTC loss
are integrated. The details of fusion loss are elaborated in
Section 2.3.
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Table 3: The MERs of dev set and test set (%).

Datasets Models Decoding models
ctc_greedy search ctc_prefix_beam_search attention attention_rescoring

dev Base 25.8 25.8 24.9 24.3
Base+DA 25.2 25.3 24.4 23.7
Base+DA+LID 23.6 23.6 22.9 22.3

test Base 24.2 24.5 24.5 23.2
Base+DA 24.0 24.1 24.0 22.6
Base+DA+LID 22.7 22.7 22.7 21.5

All models are train 70 epochs. Additionally, we create
our final model by averaging the top-10 models that perform

the best and have the lowest loss on the dev set during training.

We use four decoding models (ctc_greedy_search, ctc_prefix_
beam_search, attention, attention_rescoring) mentioned in [15]
to obtain model recognition results respectively.

3.4. Language model

In order to obtain more accurate Mandarin-English code-
switching recognition results, we train the N-gram language
model for shallow fusion. We use the train set text, Chinese
and open-source English corpus to train the 4-gram model.

3.5. Evaluation measures

For different modeling units and language scenarios, the
common evaluation indicators include the Word Error Rate
(WER) and the Character Error Rate (CER). For the
Mandarin-English code-switching ASR model, we need to

calculate both the CER for Mandarin and the WER for English.

Therefore, this paper uses the Mixed Error Rate (MER) as the
evaluation index. Sclite, an evaluation open-source tool, is
used for scoring.

4. Results and Discussion

Table 3 shows the MERs of different models for the identify-
cation results of dev set and test set. We use ctc_greedy
search, ctc_prefix_beam_search, attention and attention_re-
scoring decoding models respectively to obtain the results.
The analysis results show that:

1. With data augmentation for the train set, the MERs for both
dev set and test set is reduced by 0.6% on attention_rescoring.
The MERs decrease in the range of 0.2% to 0.6% for the
different decoding models.

2. The model trained with fusion loss proposed in this paper
has a greater reduction in MER. The MERs for dev set and test
set decreased by 1.4% and 1.1%, respectively, on attention_
rescoring.

3. Since the proposed LID CTC loss is implemented through
the CTC Decoder, the MERSs reduction is more obvious on the
two decoding models ctc_greedy search and ctc_prefix_
beam_search.

In order to further analyze the performance improvement
details of the Base+DA+LID model. We analyze the MERs of
substitution, deletion and insertion of the results, as shown in
Table 4. It can be analyzed that the Base+DA+LID model can
mainly reduce the MERs of substitution, deletion, especially
the MER of substitution. The MERs of substitution is reduced
by 1.0% and 0.8% on the dev set and test set,

Table 4: The MERs of substitution, deletion and
insertion on attention_rescoring.

Datasets Models SUB DEL INS Total

MER
dev Base+DA 17.4 2.9 3.4 23.7
Base+DA 16.4 24 3.5 22.3

+LID
difference -1.0 -0.5 +0.1 -1.4
test Base+DA 16.7 2.6 34 22.6
Base+DA 15.9 2.2 3.4 21.5
+LID
difference -0.8 -0.4 0 -1.1

respectively. Thus, adding LID layer can effectively improve
the performance for Mandarin-English code-switching ASR.

In order to further reduce the substitution errors, we use
the 4-gram language model to rescore the recognition results
of the Base+DA+LID model. Due to the small proportion of
Mandarin-English code-switching corpus expected in the
language model training, we need to reduce the rescore weight
of the language model, and the final acoustic scale is set to 3.5

Table 5 shows MERs after shallow fusion using the
language model. The result shows that adding the language
model significantly reduces the MER of substitution, with
2.2% reduction in the dev set and 1.1% reduction in the test
set. The MER of test set was reduced to 20.9%.

Table 5: The MER comparison after shallow fusion
using the language model.

Datasets Models SUB DEL INS Total

MER

dev Base+DA+ 16.4 2.4 3.5 22.3
LID

Base+DA+  14.2 3.4 2.7 20.3
LID+LM

difference -2.2 +1.0 -1.2 -2.0

test Base+DA+ 15.9 2.2 3.4 215
LID

Base+DA+ 14.8 3.7 2.5 20.9
LID+LM

difference -1.1 +0.5 -0.9 -0.6

5. Conclusions

In this work, we proposed a hybrid CTC language identify-
cation structure for Mandarin-English code-switching ASR.
The model structure is improved based on CTC-AED structure,
and LID layer is added after CTC Decoder to judge the
language at frame level. It can enhance the language
identification ability of the model without increasing the
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number of model parameters. At the same time, the dynamic
CTC LID loss weight is introduced, so that the model can
gradually strengthen the discrimination ability of languages
while rapidly converging. This paper also describes the details
of the whole construction model. Experimental results show
that our proposed structure and model training method is
effective for Mandarin-English Code-Switching ASR.
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