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Abstract: To rescue and preserve an endangered language, this paper studied an end-to-end speech
recognition model based on sample transfer learning for the low-resource Tujia language. From the
perspective of the Tujia language international phonetic alphabet (IPA) label layer, using Chinese
corpus as an extension of the Tujia language can effectively solve the problem of an insufficient
corpus in the Tujia language, constructing a cross-language corpus and an IPA dictionary that is
unified between the Chinese and Tujia languages. The convolutional neural network (CNN) and
bi-directional long short-term memory (BiLSTM) network were used to extract the cross-language
acoustic features and train shared hidden layer weights for the Tujia language and Chinese phonetic
corpus. In addition, the automatic speech recognition function of the Tujia language was realized
using the end-to-end method that consists of symmetric encoding and decoding. Furthermore,
transfer learning was used to establish the model of the cross-language end-to-end Tujia language
recognition system. The experimental results showed that the recognition error rate of the proposed
model is 46.19%, which is 2.11% lower than the that of the model that only used the Tujia language
data for training. Therefore, this approach is feasible and effective.

Keywords: low-resource speech recognition; Tujia language; cross-language end-to-end; transfer learning

1. Introduction

Endangered languages are non-renewable intangible cultural resources. The core task of salvaging
and preserving endangered languages is the mechanism of recording speech, processing corpus, and
preserving language information. In China, the dialects of many ethnic minorities have no texts
and exist only in the form of spoken language. The number of native speakers is so small that
the recordings of long natural speech are extremely limited. There are more than 130 dialects of
Chinese ethnic minorities, nearly half of which are in a state of recession and dozens of which are
endangered. This trend is continuing and even worsening [1]. Therefore, it is an imperative duty
to protect endangered languages, maintain the diversity of language culture, and retain valuable
historical cultural heritage. Automatic speech recognition of endangered languages is a new and
effective way to rescue and preserve endangered languages. Because endangered languages have
a low-resource attribute, speech recognition for endangered languages requires low-resource speech
recognition. The Tujia language, one of the endangered languages, poses a great challenge to automatic
speech recognition.
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Speech signal is a non-stationary timing signal whose formation and sensing are a complex
signal process. Speech recognition can be regarded as a sequence-to-sequence classification problem,
in which the acoustic observation sequence X = (x1, X2, - - -, xT) is mapped to the character sequence
W = (wq,wy,--- ,wy) and calculates the probability P(W|X), where T is the time and N is the
number of characters [2]. In the timing classification task, the commonly used method is to train by
frame using the hidden Markov model (HMM) under the condition that the input data and the given
label must be frame-level aligned in time. However, the frame-by-frame training output is the single
frame probability. For timing problems, the probability of an output sequence is much more important
than the probability of outputting a single frame. At present, most of the automatic speech recognition
technologies at home and abroad rely on many data resources. The training of the entire model is
divided into multiple stages and there are multiple optimization goals. Thus, it is difficult to find
the global optimal solution. In response to this problem, recent research internationally in the field
of speech recognition based on deep learning has partly focused on end-to-end speech recognition
technology [3-7]. This method directly models between the phoneme sequence or context-dependent
phone (CD-phone) sequence and the corresponding phonetic feature sequence that does not need
constraint alignment to obtain frame-level annotation with HMM. Compared with the traditional
acoustic models, it can provide a better performance.

Currently, few researchers are applying the end-to-end model to low-resource speech recognition.
Previous research methods for low-resource speech recognition primarily included cross-language,
transfer learning, and semi-supervising. The structure of a deep neural network (DNN) for
cross-language speech recognition was generally that the input layer and the hidden layer were
shared by all languages, whereas the output layer was not shared. Moreover, each language had
its own softmax layer to estimate the posterior probability after clustering [8,9]. Transfer learning is
an emerging research field in machine learning that aims to use the knowledge learned from other
tasks to help solve the target tasks. Transfer learning reduced the dependence on target training data
by finding the common knowledge between existing tasks and target tasks, which can help the model
to learn target tasks better [10,11]. According to [12], the accuracy rate of the cross-language speech
recognition model based on sequence was 6% higher than that of the speech recognition model using
only a single language, but the model still needed to be improved. The attention-based connectionist
temporal classification (CTC) model in [13], effectively completing the keyword search and speech
recognition of low resource languages, had an insufficient effect of speech recognition. It achieved
topic and keyword identification that the cross-language transfer learning method in [14] used to learn
the characteristics of low-resourced languages from rich-resourced languages achieves, but it only used
unsupervised learning to generate valid data due to a lack of native transcriptions. The speech emotion
classification model of deep belief networks (DBNs) was trained in five types of speech databases
in [15], and the transfer learning method was used to improve the speech emotion classification
accuracy. The experimental results showed that the accuracy rate improved significantly.

The preservation of an endangered language corpus requires text processing, such as labelling
and translation, for the recording of natural language discourses. At present, it has become a bottleneck
in the protection of the Tujia language. First, much manpower and time is needed for a language
protection project. Generally, at least an hour of text processing is needed for a minute of recording.
Speech data without text processing has no intelligibility and preservation value. Second, few people
use the Tujia language, and professionals who can process text corpus are scarce. Therefore,
the achievement of the speech recognition system in this paper can help linguists to complete the work
of transcribing the Tujia language, which can greatly reduce labor and time cost and has important
theoretical significance and applied value.

There are two main contributions from this paper. First, speech features are extracted using
a convolutional neural network. In addition, cross-language hidden layer weights are shared using
a bi-directional long short-term memory network. Using Chinese speech datasets as extended datasets
can solve the insufficiency of the Tujia language. The second point is to use the method of transfer
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learning. The initial model is built by training the Tujia language and Chinese corpus by means of
modifying the softmax layer of the initial model and proceeding with sample transfer learning. Then,
continuing to train with the Tujia corpus obtains the final model.

The remainder of this paper is organized as follows. Section 1 presents reviews of related deep
learning algorithms. Section 2 introduces the proposed method and model. The experimental results
and model parameters are presented in Section 3, and conclusions are drawn in Section 4.

2. Review of Related Work

Deep learning uses multi-layered nonlinear structures to transform low-level features into
more abstract high-level features and transforms input features in a supervised or unsupervised
method, thereby improving the accuracy of classification or prediction [16,17]. Compared with the
traditional shallow model, the deep learning model is more efficient in expression and modelling.
Moreover, it has more advantages in the processing of complex signals. Deep learning was first
applied to speech recognition in 2009 [18]. It provides a 20% improvement over the traditional
Gaussian mixture model-hidden Markov model (GMM-HMM) speech recognition system. Since then,
the acoustic models based on the deep neural network have gradually replaced the GMM as the
mainstream acoustic model in speech recognition, which has greatly promoted the development of
speech recognition technology, breaking through the bottleneck of speech recognition requirements
in some practical application scenarios. In the past two years, the end-to-end model based on deep
learning, such as using a CNN or CLDNN to implement an end-to-end model in the CTC framework or
the recently proposed low frame rate and chain model, which are based on coarse-grained modelling
unit technology [19,20], has enabled progress to be made in recognition performance and has become
a research direction.

2.1. Feature Extraction Based on CNN

The characteristics of a speech signal are primarily in the time and frequency domains.
Time domain characteristics include the short-term average energy, short-term average zero-crossing
rate, formant, and pitch period. The frequency domain features include the linear prediction coefficient
(LPC), LP cepstral coefficient (LPCC), line spectrum pair parameter (LSP), short-term spectrum,
and Mel frequency cepstral coefficient (MFCC). All these features only include some features of speech
signals. To fully characterize speech signals, the transformation and selection of features and the use
of feature timing information have become important research topics [21-23]. In References [24-26]
proposed a bottleneck (BN) deep neural network with a narrow intermediate layer, extracting the
bottleneck features in the middle of the network to replace traditional MFCC features. These bottleneck
features not only have a long-term correlation of speech but can also extract the signal. Compared
with traditional speech features, the CNN can obtain more robust features using local filtering and
maximum pooling techniques [27,28]. The CNN was originally designed to solve problems such as
computer vision. However, the spectral characteristics of speech signals can be regarded as an image.

For example, everyone’s pronunciation is distinct, so the frequency bands of the formant are
different on spectrograms. A CNN's special structure with local weights sharing not only reduces the
complexity of the network but can also learn complex information well. Therefore, the CNN that can
eliminate difference effectively will facilitate acoustic model building. Abdel-Hamid et al. [29] gave the
first demonstration that a CNN can normalize speaker differences on the frequency axis and reduce the
phoneme error rate from 20.7% to 20.0% in the TIMIT phoneme recognition task. Subsequently, a CNN
also achieved a relative improvement of 3%~5% in the continuous speech recognition task of a large
vocabulary [30-32]. It is observed that a CNN applied to the feature extraction of speech recognition
can overcome the diversity of speech signals using the translation invariance of convolution in time
and space.
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2.2. End-to-End Speech Recognition Based on LSTM-CTC

In the time series model, the most basic model is the recurrent neural network (RNN) [33],
which has a wide range of application scenarios. The RNN can be used in fields such as speech
recognition, machine translation, picture-taking, and question-and-answer systems. The RNN network
structure improves on exploiting the information of sequence data because of its memory and powerful
modelling ability in time series data learning. The background information of the data can be combined
in a flexible manner, and the learning task can be effectively performed even for data in which a local
distortion occurs. In practice, if the memory window is too long, the RNN will have problems,
such as unstable training and gradient disappearance or explosion. Hochreiter and Schmidhuber et al.
proposed a long short-term memory (LSTM) [34] to overcome the memory defects of the RNN. In the
LSTM network, each neuron is a memory cell with an input gate, a forget gate, and an output gate to
selectively remember historical information. The input gate determines when the input can enter the
cell unit, the forget gate determines when the memory of the previous moment should be remembered,
and the output gate decides when to let the memory flow to the next moment. The gated recurrent
unit (GRU) model [35] can be understood as a simplified version of the LSTM network, but it retains
the long-term memory function of the LSTM model. The input gate, forget gate, and output gate in the
LSTM network are replaced with an update gate and a reset gate, and the two states of the cell state
and the output are combined into one, so the GRU model has a strong contrast with the LSTM model.

For an acoustic input of T frames, the probability that the CTC network [36] learns to obtain label
sequence 77 of length T is defined as

~

P(rt|x) = [ [P(melt, x) 1)

t=1

Given a sequence of labels y, input sequence X = (x1,xp,- - -, x7) and time from 1 to T, the best
path for the CTC network decoding is to find an output sequence with the highest probability.

= B(rm*), m" = argmax P(7mt|x) )

where 77* is the label sequence corresponding to the maximum posterior probability of T frames
input sequence.

The aim of maximum likelihood training is to simultaneously maximize the log probabilities of all
the correct classifications in the training set. This means minimizing the following objective function:

Lere(D) = —In [ p(rlx)=— ) Inp(n|x) 3)

(xy)eD (xy)eD

where (x,y) € D denotes the training samples. The training is conducted using the back propagation
through time (BPTT) algorithm.

The CTC algorithm differs from the traditional method in that it does not require the label to be
aligned at the frame level in time to be trained. It does not care much about the predictions made at any
point in the input data, and its focus is on whether the output is consistent with the label. The output
of the CTC network is the probability of the overall sequence, which in turn reduces the tedious
task of label pre-delineation. The CTC network output layer also contains a blank node, which is
primarily used to model silences, pauses between words, and confusion between words. Therefore,
the CTC is very good at addressing timing classification problems. In addition, the cascading structure
of the BiLSTM and CTC networks has become a new standard combination in the field of speech
recognition [37-39].
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3. Proposed Method

In this paper, we propose to use cross-lingual speech recognition and transfer learning to establish
a Tujia language speech recognition model. The model scheme is shown in Figure 1.

Pre-
processing
Convolution
TUJIA voices Feature IDS
Extraction
TUJIA speech
dataset
Cross- Transfer Comparison
language learning and
Extended evaluation
pre-
processing
Thchs30 International Convolution
speech Phonetic Feature cDS TLDS
transcrlptlon .
dataset Extraction
Extended
speech
dataset

Figure 1. Model scheme.

First, the Tujia language database, the extended Chinese corpus and the cross-language corpus are
established successively through data pre-processing. Then, convolution features are extracted from
speech data. The speech recognition model based on the BILSTM and CTC is constructed. Hereinto,
Improved Deep Speech 2 (IDS) is a model obtained using the Tujia language corpus as training data.
Cross-language Deep Speech 2 (CDS) is a model obtained using the Tujia language and Chinese
corpus as training data. The sample transfer learning is performed on the initial model, CDS, and the
CDS-based Transfer Learning Deep Speech 2 (TLDS) is obtained from the Tujia corpus as training data.
Finally, according to the experimental results, the models are compared and evaluated.

3.1. Cross-Language Data Pre-processing and Feature Extraction

3.1.1. Tujia Language Corpus

In this study, the Tujia language corpus used in the experimental part includes 19 oral corpora.
There is a total of 3716 sentences, with a total duration of 2 h, 54 min, and 4 s. The manual labelling
of the Tujia language is completed using the Elan tool, and its contents include spoken to broad IPA,
spoken to Chinese one-to-one translation, and spoken to Chinese translation. The manual annotation
content of the Tujia language is shown in Table 1.

Table 1. The manual annotation content of the Tujia language.

Label Type Label Content
Broad IPA 1ai®® xua® 153%° 2! xuazl, mie3® su?l 1633
Chinese one-to-one translation ASREE (Mg K= ()

Chinese translation SREFRFLE
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Table 1 shows that the text processing of the Tujia language recording materials generally includes
multiple levels. First, the voice is recorded with broad IPA or Tujia dialect symbols created, and then
Tujia language words are translated one by one to Chinese. Finally, the sentences of the Tujia language
are translated to Chinese. For the national language rather than the pure-speech language, it is
necessary to write down the voice in the national language, which is called transliteration. The meaning
of the label is more general and can be used for text processing including all layers. The narrowly
defined labels refer to the grammatical labelling layer including the wording, prefix, suffix, and so on.
The phoneme system of the Tujia language is composed of initials and finals. The 21 initials include
two semi-vowel initials. The finals consist of 6 monophthongs, 11 diphthongs, and 8 orinasals [40,41].

3.1.2. Extended Speech Corpus

The thchs30 Chinese corpus [42] was recorded by 25 people. The text labels include Chinese
characters and pinyin with tones. There are 13,395 sentences in total, the total recording time is 30 h,
the sampling frequency is 16 kHz, and the sampling size is 16 bits. This paper needs to convert Chinese
characters into broad IPA. The IPA transcription process of the thchs30 corpus is show in Table 2.

Table 2. Extended speech corpus data processing.

Label Type Label Content
Chinese Character S MEF T —miERE RE A BN N E B R T TR

cai4 zuo4 hao3 le5 yi4 wan3 qingl zhengl wu3 changl yu?2 yi4 wan3 fanl qie2 chao3 jil
dan4 yi4 wan3 zha4 cai4 gan1 zi3 chao3 rou4 sil

ts"ai(51) tsuo(51) xau(214) lyi(51) uan(214) tchin(55) tson(55) u(214) tshay(55) y(35) i(51)

Narrow IPA uan(214) fan(55) tchie(35) ts"au(214) tei(55) tan(51) i(51) uan(214) tsa(51) ts"ai(51) kan(55)
t1(214) tshau(214) rou(51) s1(55)

tsPai(51) tsuo(51) xau(214) lyi(51) uan(214) tehin(55) tson(55) u(214) ts"ay(55) y(35) i(51)

Broad IPA uan(214) fan(55) tehie(35) tshau(214) tei(55) tan(51) i(51) uan(214) tsa(51) tshai(51) kan(55)
tsi(214) tshau(214) rou(51) si(55)

Chinese Pinyin

First, from Chinese characters to pinyin, then to IPA. The Broad IPA are used in the process of
recording the Tujia language, and the Narrow IPA are used in Chinese. Therefore, it is necessary to
convert narrow IPA into broad IPA, which is consistent with the Tujia language IPA. Its conversion
rules are shown in Table 3.

Table 3. The rules for converting Chinese IPA into Tujia language IPA.

Narrow IPA  Broad IPA

a a
iou iu
uei ui
ien ian
1 i
1 i

The Chinese speech data set is used as the extended data of the Tujia language, which solves the
problem of the insufficient voice data for the Tujia language. At the same time, a cross-language corpus
is constructed and a unified IPA code dictionary for the Chinese and Tujia languages is established.
This paper compares the similarities and differences between the Tujia and Chinese languages according
to the Jaccard similarity coefficient [43]. The definition of the Jaccard index is as follows:

. !ATujia N BChinese|

](ATujiu/ BChinese) “)

B !ATujia U BChinese‘
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where Aryji, is the IPA transcription of the Tujia language, Bcyiese is the Chinese IPA transcription,
the denominator represents the intersection of the Tujia language IPA and the Chinese IPA, and the
numerator represents the union of the Tujia language IPA and the Chinese IPA. The statistical results
show that the similarity between the IPA dictionaries of the Tujia and Chinese languages is 53.33%.
Therefore, according to the definition of transfer learning, the sample transfer method can be used
to model the Tujia language data. In fact, the thchs30 data set is large. To ensure the normal fitting
of the CDS model to the Tujia language, the experimental comparison results show that when the
Tujia language and Chinese corpus are 1:1.2 in the number of sentences, the model recognition effect is
optimal, so for this paper only 4460 Chinese data were used when training CDS.

3.1.3. Feature Extraction

In general, speech recognition is based on the speech spectrum after the time-frequency analysis,
in which the speech time spectrum is structurally characterized. To improve the speech recognition
rate it is necessary to overcome the diversity of speech signals, including the diversity of speakers
(between the speaker and the speaker), and the diversity of the environment. For modelling capabilities,
a CNN can effectively reduce the frequency domain changes [44]. As shown in the following figure,
the 768-dimensional convolution feature of Tujia and Chinese speech is compared with the traditional
13-dimensional MFCC speech features.

In Figures 2 and 3, the horizontal axis is the IPA tag instead of the time, and the vertical axis is
the frequency. The different colors indicate the amount of energy. As marked by a red rectangle in
the above figure, the energy change is particularly noticeable after a period of silence. In addition,
after the high-dimensional feature extraction of the convolutional neural network, because the feature
dimension increases substantially, the frequency domain energy change is smaller than the MFCC
feature, which is more conducive for the subsequent LSTM network learning.

.
I I | 1]II 40 40
1 111 | 20 20
[
1’ | 0 “ 0
¥ S *
u N 20 2
- -20
1 0n [ ] i ma ||
-40 -40
1ai55xui551a55 ti21xua2]l m¥35 su2l 1ie53 1ai55xuds551355 ti21xua2l m¥35 su2l lie53

Figure 2. Tujia MFCC feature (left) and Tujia convolution feature (right).

| 40 0
| 20 23\ N 20
! n ’ | i
g “’ ~20 ) . 20
I l‘ 1 I L. - a I- -40 e T -40
fan(55) tetie(35) tshan(214) t6i(55) tan(51) i(51) uan(214) fan(35) etie(35) tshan(214) tei(S5) tan(S1) (51) uan(214)

Figure 3. Chinese MFCC feature (left) and Chinese convolution feature (right).
3.2. End-to-End Speech Recognition Model Based on Transfer Learning

To solve the problem of the low resources of the Tujia language and establish a better speech
recognition model, this paper adopts a baseline model based on Deep Speech 2 [45]. The experiments
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of Deep Speech 2 using English and Mandarin Chinese data show that the recognition error rate
is reduced by more than 10%. In this paper, the CNN, BiLSTM, and CTC networks are also used
in combination to construct a cross-language end-to-end speech recognition system. For the target
domain Tujia language voice data set D;, the Chinese voice data set Ds of related but different fields
is used as the source domain voice data set. In the target domain speech data set, given the input
sequence X; = (x1,X2,---,Xy), its corresponding output sequence is Y; = (y1,Y2,- - ,Ym); in the
source domain speech data set, given the input sequence X; = (xq,xp,- -, X,), its corresponding
output sequence is Ys = (y1,Y2, - - , Yum)-

According to the coding dictionary of the Tujia language and Chinese IPA, that is, the category
of model output, the weight of the model softmax layer can be divided into W = {w;, ws, w.},
which corresponds to the weight of the intersection of the Tujia language IPA, the Chinese IPA, and the
IPA dictionary of the two languages. The output of the model’s softmax layer is defined as

k
ex
P(k|t,x) = KL%),(, ®)
Y1 exp(yy')
where K is the total number of tags, x is the feature input at time ¢, and y is the output at time ¢. In this

work, the model parameters are updated immediately following the SortaGrad batch, as elaborated in
Algorithm 1.

Algorithm 1 Training End-to-end Speech Recognition Model Based on Transfer Learning

Input: Dy = {xu,Ym }, Ds = {x;, Yy }, training set
Xn, Xy, input features
Ym, Y, output labels
U, learning rate
Output: 61, CDS parameters
6, TLDS parameters
Initialize CDS parameters 6;
While model does not converge 6; do

Read a SortaGrad batch S = {xi,yj}f_l from Dy, Ds
Train model using S, N
01+ 01— 5YX0 1 Lere(xi,yj,01)
Calculate {wy, ws, we} of the softmax layer using equation (5)
Calculate Lerc using Equation (3) for S
End while
Initialize TLDS parameters 60
While model does not converge 6, do
Read a SortaGrad batch S’ = {x,, ym}f,/:l from D;
Train model using S’,
0 < 0 — %25;1 Lere (%, Ym, 62)
Calculate {w}, w.} of the softmax layer using Equation (5)
Calculate L{-; using Equation (3) for S’
End while

The cross-language end-to-end speech recognition model structure based on transfer learning
is shown in Figure 4. In the training phase of CDS, the input of the model is the spectrum of the
Tujia language and Chinese phonetics. After the multi-layer convolutional layer is extracted, it enters
the multi-layer BiLSTM, which completes the cross-language acoustic feature extraction and the
shared hidden layer weight learning. At this time, in the softmax layer of the model, the weights
of the IPA of the Tujia language, the Chinese IPA, and the IPA dictionary of the two languages are
{wy, ws, wc}, respectively, and finally the CTC model is used instead of the traditional HMM to calculate
the transition probability between states. The recognition result is decoded by the Tujia language
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code dictionary, and the output of the model is the Tujia language IPA. However, sample transfer is
performed on the model CDS. First, the weight ws_. corresponding to the difference set of the D;
dictionary with respect to the D; dictionary is set to 0. At this point, the output of the model is only the
Tujia language IPA sequence, and then the model is continued using the Tujia language data. A few
iterative trainings are performed to improve the generalization and stability of the model to the Tujia
language data, and finally the model TLDS is obtained.

TUNIA TUJIA
T I\
I
A
cTC X
TLDS
softmax
777777777777777777777777777777777 O\ ’,
| 1 \
affine | i \\ \ Wt WC
| | \ \\
|
BILSTM m. | '\ p
| | \
| | \ \
/ J—
e °%° oo | \\\\ i \XWs—c_O
1 } \ o
BiLSTM 2 ! " T L*/} | Transfer
; i \ \\ | learning
| —_—
BILSTM 1. | shares |\ -
T | Encoder | 1\ cos
| | Y
| |
! | >
N
| W, WC W,
|
|
I
| 90N
! /! \
| A
| /l \
! \
/! W
/! A\
¢! \l
TUJIA CHINESE

Figure 4. Cross-language end-to-end speech recognition model based on transfer learning for the
Tujia language.

In the decoding phase, the CTC can be viewed as an objective function that directly optimizes the
likelihood of the input sequence and the output target sequence. For this objective function, the CTC
automatically learns and optimizes the correspondence between input and output sequences during
the training process. The input layer of the CTC network is the softmax layer, and the number of nodes
and label sequences are identical. In addition, the blank node plays an important role in solving the
problem of overlays. It is difficult to give a label in one frame of data in speech recognition, but it is
easy to determine the corresponding pronunciation label in tens of frames. In the CTC network, it is
the existence of the blank node that can take the method of frame skipping. The CTC output and label
sequence satisfy an equivalence relationship similar to the following equation [36]:

F(a—an—) = F(—aa — —an) = aan (6)

77

where “a” and “n” are the IPA of the Tujia language, and “-” is the blank. As observed from Equation (4),
multiple input sequences can be mapped to one output. Therefore, the CTC can not only increase
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the decoding speed but also automatically optimize the correspondence between input and output
sequences during the training process.

4. Experiments and Result

4.1. Experimental Environment

In this study, the Dell PowerEdge R730 server device is used, in which the processor is Intel(R)
Xeon(R) CPU E5-2643 v3 @3.40 GHz, the memory size is 64 G, the GPU is NVIDIA Tesla K40 m x 2,
and the memory size is 12 GB x 2. The experimental environment for the deep learning framework
installed on the Ubuntu 16.04 system is the GPU version of paddlepaddle 0.12.0.

4.2. Parameters of the Models

The output of the model is the Tujia language IPA, and the input of the model is the spectrogram of
the Tujia language and Chinese phonetics. First, the spectrogram is subjected to a layer of convolution
and a layer of maximum pooling, and the feature data obtained by the maximum pooling is more
sensitive to the information of the texture features. Then, the output of the previous layer enters
the second layer of convolution, where the input of each node is a small block of the last largest
pooling layer, and each small block is further analyzed to extract more abstract features, that is,
high-dimensional features. The structure of the convolutional network is shown in Table 4.

Table 4. CNN parameters.

Convolutional Layer

First Convolutional Layer = Second Convolutional Layer

Parameters

Filter size 11 x 41 11 x 21
Number of input channels 1 1
Number of output channels 32 32
Stride size 3x2 1x2
Padding size 5 x 20 5 x 10

Second, the high-dimensional features extracted by the CNN enter the 3-layer BiLSTM.
The parameters are shown in Table 5. The number of hidden layer nodes is 512 in each layer, the learning
rate is 0.001, and the minibatch size is 16.

Table 5. BiLSTM (Bi-directional long short-term memory)-CTC (connectionist temporal
classification) parameters.

Network Parameter Type = Parameter Content
minibatch size 16
. LSTM layers 3
BILSTM o5 of per layers 512
learning rate 0.001
CTC Decoder beam search

After the spectrogram passes through the CNN and BiLSTM networks, it indicates that the
cross-language sharing acoustic feature extraction is completed, and the context information is
fully mined and learned. The CNN trains the speech frame by frame and moves the BiLSTM to
the frame-by-frame training so that the GPU can perform parallel computation at high speed. Because
the Tujia language corpus has many short sentences, the CTC’s choice decoding method is beam search.
At the same time, the experimental results show that the accuracy of the beam search decoding method
is 3.2% higher than the best path decoding method in the Tujia language data set.
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In the model training process, we use batch normalization (BN) [46] and SortaGrad [45] to
optimize the model. BN is a standardized process for the input data of each layer during the training of
the neural network. The traditional neural network only normalizes the sample (such as the subtraction
mean) before the sample enters the input layer to reduce the difference between the samples. In BN,
not only is the input data of the input layer standardized but the input for each hidden layer is also
normalized. SortaGrad gradually increases the length of the sentence in the batch according to the
duration of the voice data. This not only accelerates model convergence but also makes the model
more stable.

In the Tujia language corpus, when the other parameters are consistent, we modify the RNN
cell state to compare the change in the loss function value during the training of the model. Finally,
the result of the character error rate (CER) over the test set is shown in Figure 5.

BIRNN BiGRU BiLSTM
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Figure 5. The change in the cost of BiRNN, BiGRU, and BiLSTM’s as the number of training
passes increases.

In Figure 5, the abscissa represents the number of iterations of the training model, and the ordinate
represents the cost value of the training and validation sets.

In Figure 6, the abscissa represents the number of iterations of the training model, and the ordinate
represents the time of training different RNN cell states.

Figures 5 and 6 and Table 6 show that although the BIRNN network training speed is faster than
that of BiGRU and BiLSTM,; the final recognition accuracy rate is highest for BILSTM. According to our
actual needs, we choose to use the BiLSTM network.

H === RNN_TIME
L e GRU_TIME
709 % —_— LSTM_TIME
60
)
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=
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40 \
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Figure 6. Time to train different RNN (Recurrent neural network) cell states.



Symmetry 2019, 11, 179 12 of 14

Table 6. Character error rate of different RNN cells over the development and test set.

RNN Cell Dev Test

BiRNN (Bi-directional recurrent neural network)  42.37%  53.37%
BiGRU (Bi-directional long short-term memory) 37.09%  51.95%
BiLSTM (Bi-directional gated recurrent unit) 35.82%  48.30%

4.3. Experimental Results

The experimental results in Table 7 show that the IDS model obtained using only the Tujia corpus
as the training data is better than the CDS model obtained using the Tujia language and the Chinese
corpus as the training data, and the sample transfer learning is performed on the initial model CDS.
The CDS-based TLDS is obtained from the Tujia corpus as training data, and its performance is better
than that of IDS. Therefore, the scheme of this paper is feasible and effective for speech recognition of
the Tujia language with less data.

Table 7. Tujia language recognition rate of different models.

Model Dev Test

IDS (Improved Deep Speech 2) 35.82%  48.30%
CDS (Cross-language Deep Speech 2) 40.11%  50.26%
TLDS (Transfer Learning Deep Speech 2)  31.11%  46.19%

5. Conclusions

In this paper, we combined the CNN, BiLSTM, and CTC algorithms to construct a cross-language
end-to-end speech recognition system. For the low resource problem of the Tujia language, the Chinese
data were used to expand the Tujia language data, the cross-language recognition method was used
to share acoustic features, and the sample transfer learning method was used to optimize the model.
The final recognition accuracy was increased by 4.08%. However, the Tujia language is only a spoken
language, and there is no text or strict grammatical structure, so it is difficult to establish a language
model. In subsequent work, we will attempt to build a dictionary model based on common spoken
vocabulary in the Tujia language.
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