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ABSTRACT

The choice of acoustic modeling units is critical to acoustic mod-
eling in large vocabulary continuous speech recognition (LVCSR)
tasks. The recent connectionist temporal classification (CTC) based
acoustic models have more options for the choice of modeling unit-
s. In this work, we propose a DFSMN-CTC-sMBR acoustic model
and investigate various modeling units for Mandarin speech recog-
nition. In addition to the commonly used context-independent Ini-
tial/Finals (CI-IF), context-dependent Initial/Finals (CD-IF) and Syl-
lable, we also propose a hybrid Character-Syllable modeling units
by mixing high frequency Chinese characters and syllables. Ex-
perimental results show that DESMN-CTC-sMBR models with all
these types of modeling units can significantly outperform the well-
trained conventional hybrid models. Moreover, we find that the pro-
posed hybrid Character-Syllable modeling units is the best choice
for CTC based acoustic modeling for Mandarin speech recognition
in our work since it can dramatically reduce substitution errors in
recognition results. In a 20,000 hours Mandarin speech recogni-
tion task, the DFSMN-CTC-sMBR system with hybrid Character-
Syllable achieves a character error rate (CER) of 7.45% while per-
formance of the well-trained DFSMN-CE-sMBR system is 9.49%.

Index Terms— Connectionist temporal classification, Mandarin
speech recognition, modeling units, DFSMN-CTC-SMBR, hybrid
character-syllable

1. INTRODUCTION

Acoustic modeling with neural networks involves three key ele-
ments: neural network architecture, acoustic modeling units and
optimization objective function. For the conventional neural net-
works hidden Markov model (NN/HMM) hybrid systems, neural
networks are used to estimate the posterior probabilities of hidden
Markov model states. The most popular neural networks archi-
tecture is the long short term memory recurrent neural networks
(LSTM-RNN) [1, 2]. Neural networks based acoustic modeling is
usually trained by using the frame-level cross-entropy (CE) criterion
followed by some sequence discriminative training methods such as
maximum mutual information (MMI) [3] and state-level minimum
Bayes risk (sMBR) criterion [4]. One of the drawbacks of conven-
tional hybrid systems is that they require a frame-level alignment for
cross-entropy training, which not only makes the training pipeline
cumbersome but also limits the choice of acoustic modeling units.
As a result, conventional hybrid systems usually use the context-
dependent states (CD-state) [5] or the context-dependent phones
(CD-phone) [6] as modeling units.

Recently, acoustic modeling with connectionist temporal classi-
fication (CTC) [7, 8] has attracted more and more attention due to
its faster decoding speed and better performance. The key idea of
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CTC is to use intermediate label representation allowing repetitions
of labels and occurrences of blank label to identify less informa-
tive frames. CTC based acoustic models can automatically learn the
alignments between speech frames and target labels, which removes
the demand for frame-level training targets. Thereby, CTC based
acoustic models have more options for the choice of modeling u-
nits. In [9], the LSTM-CTC acoustic models with either CD-state
or CD-phone, or even CI-phone can all outperform the conventional
hybrid systems using CD-state targets. Furthermore, the acoustic-
to-word CTC models in [10] propose to use the sub-words (single-
letter, double-letter, triple-letter) and words as modeling units for
English speech recognition and results show that bigger modeling
units always lead to better performance.

In previous works [8, 11, 12, 13, 14], neural networks used to-
gether with CTC are normally the LSTM-type networks. More re-
cently, the proposed DFSMN-CTC acoustic models in [15] try to
replace the LSTM with DFSMN [16] in CTC based acoustic model-
ing and show that DFESMN-CTC acoustic models with CI-phone and
CD-phone both can significantly outperform the conventional hy-
brid DFSMN-CE model using CD-phone modeling units. In [9, 12],
the LSTM-RNN acoustic models first trained with CTC loss can be
further optimized with sequence-level discriminative training crite-
ria such as state-level minimum Bayes risk (sMBR) criterion [4].
Along this line, we try to evaluate the performance of DFSMN a-
coustic models trained with CTC followed by the sSMBR criterion in
this work. As a result, we propose a DFSMN-CTC-sMBR acoustic
model for Mandarin speech recognition.

The choice of acoustic modeling units is not only related to the
objective function but also related to the language. Mandarin is
a tonal language that is different from English. Accordingly, the
choice of acoustic modeling units for Mandarin show some differ-
ences to that of English. There exist different kinds of modeling units
for Mandarin such as phoneme, Initial/Finals (IF), syllable (tonal or
toneless) and Chinese character, etc. In [17], it has compared various
acoustic modeling units (CI/CD-IF, CI/CD-phone, CI/CD-syllable)
in DNNs based large vocabulary continuous speech recognition sys-
tems for Chinese. In [18, 14], the Chinese character is adopted as
modeling units for end-to-end Mandarin speech recognition.

In this work, we will investigate the performance of DFSMN-
CTC-sMBR models with CI-IF, CD-IF and tonal syllable as model-
ing units, respectively. The ultimate goal of Mandarin speech recog-
nition is to convert the speech signals into the Chinese character se-
quences. However, a common phenomenon in Mandarin is the ho-
mophone that many Chinese characters share the same syllable. As a
result, acoustic models adopt syllable as modeling units can not dis-
tinguish these characters with identical syllable. Usually, we need
a powerful language model to perform beam search decoding in or-
der to achieve promising results. On the other hand, one can choose
the Chinese character as modeling units, but it will suffer from the
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Fig. 1. Illustration of DESMN-CTC-sMBR acoustic model.

OOV problem due to the huge number of the Chinese characters.
In order to handle these homophone and OOV problems, we pro-
pose a novel hybrid Character-Syllable modeling units by mixing
the high frequency Chinese characters (top 2000, 3000) and sylla-
bles. Experiments are conducted in a large Mandarin speech recog-
nition task that consists of about 20,000 hours training data. We find
that DFSMN-CTC-sMBR systems with all types of modeling unit-
s can significantly outperform the well-trained conventional hybrid
systems. We also find that the proposed hybrid Character-Syllable
modeling units is the best choice since it can significantly reduce
substitution errors in recognition results. Finally, we can achieve a
character error rate (CER) of 7.45% by using DFSMN-CTC-sMBR
with hybrid Character-Syllable as modeling units while the perfor-
mance of a well-trained DESMN-CE-sMBR system is 9.49%.

2. DFSMN-CTC-SMBR

2.1. DFSMN

DFSMN [16] is an improved FSMN [19, 20] architecture by intro-
ducing the skip connections and the memory strides. As shown in
Figure 1, it is a DFSMN with ten DFSMN-components followed by
2 fully-connected ReLU layers and a linear projection layer on the
top. The output layer is the corresponding acoustic modeling units,
which will be introduced in Section 3. The key element in DFSMN
is the so-called DFSMN-component as shown in the red curve box in
Figure 1, which enable DFSMN to model the long-term dependen-
cy in sequential signals. The DFSMN-component consists of four
parts: a ReLU layer, a linear projection layer, a memory block and a
skip connection from the bottom memory block, except for the first
one that without the skip connection from the bottom layer. The
operations of the /-th DFSMN component take the following form:

h; = max(W*m; ' + b{,0) $))

p: = Vihi + v )
NY NS

mi=m; ' +p;+ Y a OPisuit D5 OPrasys; (3)
i=0 j=1

Here, hf and p¢ denote the outputs of the ReL U layer and linear pro-
jection layer respectively. m¢ denotes the output of the ¢-th memory
block. N{ and N# denotes the look-back order and lookahead or-
der of the /-th memory block, respectively. s is the stride factor of
look-back filter and s is the stride of lookahead filter.

2.2. Connectionist Temporal Classification

Connectionist temporal classification (CTC) [7] is a loss function for
sequence labeling problems that converts the sequence of labeling
with timing information into the shorter sequence of labels by re-
moving timing and alignment information. When applied to acous-
tic modeling, CTC can automatically learn the alignments between
input speech frames and their label sequences (e.g., phonemes or
characters) without employing the frame-level alignment informa-
tion. The main idea is to introduce the additional CTC blank (—)
label during training, and then remove the blank labels and merging
repeating labels to obtain the unique corresponding sequence during
decoding.

For a set of target labels, {2, and its extended CTC target set is
defined as 2 = 2 U {-}. Given an input sequence x and its cor-
responding output label sequence z. The CTC path, 7, is defined
as a sequence over £2, 7 € 27, where T is the length of the input
sequence x. The label sequence z can be represented by a set of all
possible CTC paths, ®(z), that are mapped to z with a sequence to
sequence mapping function F, z = F(®(z)). The mapping func-
tion F maps the CTC path to the label sequence by first merging the
consecutive same labels into one and then discard the blank labels,
such as:

Fla,—,b,c,—,—)

F(= = a,—=be) | _

F(a,b,b,b,c,c) => (a,b,¢) )
]:(G,, *,b, —, C, C)

Thereby, the log-likelihood of the reference label sequence z given
the input x can be calculated as an aggregation of the probabilities
of all possible CTC paths:

P(z|x) = > P(r|x) Q)

TeP(z)

For CTC based acoustic modeling, the CTC is usually applied on the
top of LSTM-type networks. Modeling training is to minimize the
following CTC objective function :

Lete(x) = —log P(z]x) 6)

The forward-backward algorithm can be used to compute the gra-
dient of L. with respect to the RNNs outputs. Decoding a CTC
network can be performed with a beam search algorithm by using
the weighted finite-state transducers (WFSTs) [12, 13].

2.3. Sequence Discriminative Training

Connectionist temporal classification (CTC) is still a frame-wise dis-
criminative training criterion, which is suboptimal for word error
rate (WER) minimization objective in ASR. Previous works in [9,
12] demonstrate that CTC trained LSTM-RNN acoustic models can
be further optimized with sequence-level discriminative training cri-
teria such as state-level minimum Bayes risk (sMBR) criterion [4],
which can achieve an additional about 10% relative performance im-
provement. Along this line, DFSMN-CTC can also be further opti-
mized with sequence-level discriminative training criteria. In this
work, we will evaluate the performance of DEFSMN-CTC-sMBR a-
coustic models for Mandarin speech recognition.
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3. ACOUSTIC MODELING UNITS FOR MANDARIN

The choice of acoustic modeling units is essential to the performance
of Mandarin speech recognition systems. Mandarin is naturally a
syllabic language that each Chinese character can be phonetically
represented by a syllable. Furthermore, each Chinese syllable also
has Initial/Final (IF) structure. In previous works[14, 17, 18, 21,
22], many different acoustic modeling units have been evaluated in
many frameworks (such as GMM-HMM, DNNs, End-to-End ASR).
In this work, we will try to investigate the performance of DFSMN-
CTC-sMBR acoustic models with CI-IF, CD-IF, syllable and a novel
hybrid Character-Syllable modeling units. The detailed composition
of modeling units in this study is as shown in Table 1.

3.1. Initial-Finals

Initial/Finals (IF) is the commonly used basic modeling unit for
Mandarin speech recognition. According to the official released
scheme for Chinese phonetic alphabet, there are 23 Initials and 35
toneless Finals. Usually, each Final has five tones that results in 185
tonal Finals. For CI-IF modeling units, it includes 23 Initials and
185 tonal Finals. As to the number of tied CD-IF, it is determined
by the data-driven decision tree, which is 7951 in our work.

3.2. Syllable

Mandarin is a syllabic language that each Chinese character can be
represented by a syllable. A common syllable set (with tones) usu-
ally contains thousands of tonal syllables according to the pronun-
ciation lexicon. In this study, the tonal syllable set consists of 1319
tonal syllables with tone.

3.3. Hybrid Character-Syllable

Homophone is a common phenomenon in Mandarin that many Chi-
nese characters share the same syllable. The total number of sylla-
bles is thousands while the number of Chinese characters is tens of
thousand. Thereby, acoustic models adopt syllable as modeling units
itself can not distinguish characters with the same syllable. Usually,
we need a powerful language model to perform beam search decod-
ing in order to achieve promising result. On the other hand, one can
choose the Chinese character as modeling units, but it will suffer
from the OOV problem due to the huge number of the Chinese char-
acters. In order to handle these homophone and OOV problems, we
propose a novel hybrid Character-Syllable modeling units by mix-
ing the high frequency Chinese characters and syllables. We choose
the highly frequency 2000 and 3000 Chinese characters and com-
bine them with 1319 tonal syllables, denoted as Char(2k)-Syllable
and Char(3k)-Syllable, respectively. The coverages of the 2000 and
3000 frequency Chinese characters is 95.58% and 98.65% on our
dataset, respectively. The raw transcripts are converted into the mix-
ing characters and syllables sequences for model training.

4. EXPERIMENTS

In this paper , we have evaluated the proposed DFSMN-CTC-sMBR
acoustic models with various modeling units on a large vocabulary
Mandarin speech recognition task. The training set consists of about
20000 hours data that collected from 20 domains, including news,
sport, tourism, game, literature, education et al. A test set contains
about 30 hours data is used to evaluated the performance of all mod-
els. During decoding, a pruned trigram language model trained with

Table 1. Detailed composition of acoustic modeling units for Man-
darin in this study.

Modeling units Detailed composition

CI-IF 23 Initials + 185 tonal Finals
CD-IF 7951 context-dependent Initial/Finals
Syllable 1319 tonal syllables

Char(2k)-Syllable 2000 high frequency Chinese characters
+ 1319 tonal syllables
3000 high frequency Chinese characters

+ 1319 tonal syllables

Char(3k)-Syllable

the training transcripts is used. Evaluations are performed in term of
character error rate (CER in %).

4.1. Experimental Setup

The acoustic features used for all experiments are 80-dimensional
log-mel filterbank (FBK) energies computed on 25ms window with
10ms shift. We stack the consecutive frames within a context win-
dow of 5 (2+1+2) to produce the 400-dimensional features and then
down-sample the inputs frame rate. For most experiments, we down-
sample the input features by 3 to produce the 30ms duration frames
as suggestion in [9]. We will also investigate CTC based models with
different frame durations in section 4.4. DFSMN are randomly ini-
tialized using the Glorot-Bengio strategy described in [23]. All mod-
els are trained in a distributed manner using BMUF [24] optimiza-
tion on 16 GPUs. The initial learning rate is set to being 0.00001,
which is halved if the frame accuracy on the validation set improves
less than 0.2% in two consecutive epochs. Early stopping is adopted
when the learning rate is halved for six times.

4.2. Baseline Systems

For the baseline conventional hybrid systems, we have trained the
latency-controlled BLSTM (LCBLSTM) [25] and DFSMN with the
lower frame rate (LFR) technology [6]. An existing CE trained hy-
brid DNN-HMM system with CD-states is used to realign and gen-
erate the 10ms frame-level target labels. We map the 14359 CD-
states to 7951 CD-IF and subsample by averaging 3 one-hot target
labels, producing the soft targets. The baseline LCBLSTM consists
of 3 BLSTM layers (500 memory cells for each direction), 2 Re-
LU DNN layers (2048 hidden nodes for each layer) and a softmax
output layer. The center-context frames and right-context frames of
LCBLSTM are N. = 27 and N,. = 13, respectively. LCBLSTM
is trained using the BPTT with a mini-batch of 30 sequences. The
model topology of DFSMN is as shown in Figure 1. The baseline
DFSMN consists of 10 DFSMN-components, denoted as DFSM-
N(10). The look-back and lookahead orders of the memory block
are 5 and 2, respectively. And the stride factors of look-back and
lookahead filters are 2 and 1, respectively. These baseline models
are first trained with CE loss and then followed by 2 epochs of sM-
BR based sequence discriminative training. Experimental results in
Table 2 show that DFSMN-CE-sMBR model can achieve about 10%
relative improvement compared to LCBLSTM-CE-sMBR model.

4.3. DFSMN-CTC-sMBR with Various Modeling Units

In this experiment, we have evaluated the performance of DFSMN-
CTC-sMBR acoustic models with various modeling units (as in-
troduced in Sec.3), including CI-IF, CD-IF, Syllable and Hybrid
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Table 2. CER(%) for models trained with different modeling units
and objective functions.

Table 3. Comparison of DFSMN-CTC-sMBR models with different
frame duration. ( Modeling units: Char(3k)+Syllable )

Exp Model Modeling Units CECER-(I-?l\)/IBR Model Frame Duration | RTF T é: ER—i(-ls%I\ZIBR
1 LCBLSTM CD-IF 11.32 10.59 30ms 0.164 | 8.46 7.28
2 DFSMN(10) CD-IF 10.53 9.49 DFSMN(12) 40ms 0.128 | 8.63 7.37
CTC | +sMBR 50ms 0.098 | 8.76 7.45
3 DFSMN(10) CI-IF 10.38 9.37
4 DFSMN(10) CD-IF 9.70 -
3 DEFSMN(10) Syllable 9.03 7.94 into the corresponding Chinese character sequence. Thereby, CTC
6 DFSMN(10) | Char(2k)+Syllable | 8.87 761 based models with modeling units closer to Chinese character will
7 DESMN(10) | Char(3k)+Syllable | 8.81 745 result in better performance. From Exp3 to Exp7, we can see that
3 DFSMN(12) | Char(3k)+Syllable | 8.46 798 the CTC based system with Syllable modeling units performs much
better than the CI-IF and CD-IF based systems. Moreover, the pro-
posed hybrid Character-Syllable based models (Char(2k)+Syllable,
23206 Char(3k)+Syllable) can further outperform the syllable based mod-
20726 el. For acoustic modeling with hybrid Character-Syllable units, it
can effectively handle the homophone and OOV problems in Man-
darin. As shown in Figure 2, DFSMN-CTC-sMBR model with
char(3k)-syllable modeling units significantly reduce the substitu-
tion (sub) errors compared to the syllable based model. Thereby,
hybrid Character-Syllable modeling units is the best choice for Man-
5871 6453 darin speech recognition in our study. From Exp7 and Exp8, we can
3858 3783 see that deeper DFSMN can further improve the performance when
- - . using the same objective functions and modeling units.
Ins Del Sub 4.4. DFSMN-CTC-SMBR with Various Frame Durations

Hsyllable B char(3k)-syllable

Fig. 2. Error analysis of DFESMN-CTC-sMBR models with syllable
and char(3k)-syllable as modeling units.

Character-Syllable. The model topology of DFSMN is denot-
ed as DFSMN(Ny): 400-Ny x [2048-512(Nq; Na; s1; 82)]-2 X
2048-512-Noyt. Here, Ny = 5, No = 2, S1 = 2, S5 = 1, which
are the same to the configurations in baseline systems. Ny denotes
the number of DFSMN-component. We have evaluated two DFSM-
N architectures: DFSMN(10) and DFSMN(12) that consist of 10
and 12 DFSMN-components, respectively. Ny, denotes the output
layer size which is equal to the number of acoustic modeling units
plus 1 (denote the blank). These models are first trained with the
CTC loss and then further optimized by the SMBR based sequence
discriminative training. Detailed experimental results are as shown
in Table 2.

The objective function, modeling units and neural network
architecture all play a crucial role in acoustic modeling. Exper-
imental results in Table 2 show that sMBR training can further
bring more than 10% relative performance improvement compared
to the base CE or CTC training. Moreover, DFSMN-CTC-sMBR
models with all types of modeling units (CI-IF, CD-IF, Syllable,
Char(2k)+Syllable, Char(3k)+Syllable) can significantly outperfor-
m the baseline DFSMN-CE-sMBR model with CD-IF as acoustic
modeling units. Comparison of Exp2 and Exp7 demonstrates that
DFSMN-CTC-sMBR model achieves +21.5% relative CER reduc-
tion compared to the DFSMN-CE-sMBR model when using the
same neural network architecture. This improvement comes from
the CTC loss on the one hand and from the modeling units on the
other hand.

Mandarin speech recognition is to convert speech waveform

In previous work [9], the CTC based acoustic models with CI-phone
or CD-phone as modeling units usually adopt the input features with
frame duration being 30ms. However, the duration of Chinese syl-
lables and characters is about 300ms, which is much longer than
the CI-phone or CD-phone in English. So we continue to evaluate
the DFSMN-CTC-sMBR model with longer frame durations (40m-
s, 50ms) for Mandarin speech recognition when using the hybrid
character-syllable as modeling units. Experimental results in Table 3
show that it only suffers from about 2% relative degradation in per-
formance when increasing the frame duration from 30ms to 50ms.
The benefits of longer frame duration is that it can not only speedup
the modeling training but also reduce the computation cost during
decoding. For example, the real-time factor (RTF) of model with
frame duration being 50ms is 0.098 which is much smaller than the
RTF of model with frame duration being 30ms.

5. CONCLUSIONS

In this work, we propose a DFSMN-CTC-sMBR acoustic model and
investigate various modeling units for Mandarin speech recognition.
Except for the commonly used CI-IF, CD-IF and tonal Syllable, we
also propose a hybrid Character-Syllable units by mixing the high
frequency Chinese character and syllable. Experimental results in
a 20,000 hours Mandarin recognition task show that the proposed
DFSMN-CTC-sMBR models with all types of modeling units can
significantly outperform the well-trained conventional hybrid mod-
els. Particularly, the hybrid Character-Syllable modeling units is the
best choice for Mandarin recognition in our work since it is help-
ful to handle the homophone and OOV problems. Compared to
the well-trained DFSMN-CE-sMBR model, the proposed DFSMN-
CTC-sMBR with hybrid Character-Syllable as modeling units can
achieve +21.5% relative character error rate (CER) reduction.
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