ChinaRxiv [$X]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-202009.00112

End-to-End Accented Mandarin Recognition
with Hybrid CTC/Attention Architecture (Post-
print)

Authors: Yang Wei, Hu Yan

Date: 2020-09-28T00:00:00+00:00

Abstract

To address the problem of multi-accent recognition in Mandarin speech recogni-
tion tasks, we propose a hybrid end-to-end model combining connectionist tem-
poral classification (CTC) and MultiHead attention, along with multi-objective
training and joint decoding methods. Experimental analysis reveals that with
decreasing CTC weight and deeper encoder layers in the hybrid architecture,
the hybrid model demonstrates better learning capability on accented datasets.
Additionally, training a network with an encoder-decoder architecture reach-
ing a depth of 48 layers yields a model that outperforms all previous end-to-end
models, achieving a 5.6% character error rate and a 26.2% sentence error rate on
the 200-hour accented dataset open-sourced by Datatang. Experiments demon-
strate that the end-to-end model proposed in this paper surpasses the recogni-
tion accuracy of general end-to-end models and exhibits certain advancement
in solving accented Mandarin recognition.
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Abstract: To address the challenge of multi-accent Mandarin speech recogni-
tion, this paper proposes a hybrid end-to-end model that combines Connection-
ist Temporal Classification (CTC) with Multi-Head Attention, employing multi-
objective training and joint decoding. Experimental analysis reveals that as the
CTC weight decreases in the hybrid architecture and encoder depth increases,
the model demonstrates superior learning capability on accented datasets. We
trained an extremely deep encoder-decoder network with up to 48 layers, which
outperforms all previous end-to-end approaches on the Aidatatang 200-hour
open-source multi-accent dataset, achieving a Character Error Rate (CER) of
5.6% and Sentence Error Rate (SER) of 26.2%. Our experiments demonstrate
that the proposed end-to-end model surpasses conventional end-to-end models
in recognition accuracy and offers advanced performance for accented Mandarin
speech recognition.

Keywords: accent; hybrid CTC/attention end-to-end model; multi-head at-
tention; connectionist temporal classification; speech recognition

0 Introduction

With the rapid advancement of artificial intelligence, speech recognition has
become a standard feature of smart devices and a crucial modality for human-
computer interaction. Accent remains a persistent challenge in speech recog-
nition technology. For Mandarin Chinese, the prevalence of regional dialects
means that most speakers’ Mandarin is heavily influenced by local dialectal pat-
terns. Research indicates that over 79.6% of Mandarin speakers have accents,
with 44% exhibiting strong accents.

Early approaches to accent-related recognition problems involved dictionary
adaptation, which essentially expanded pronunciation dictionaries based on
dialectal phonetic habits. However, this method increased lexical confusabil-
ity and yielded limited improvements. Consequently, research focus shifted
to acoustic modeling. The most straightforward approach involved building
separate acoustic models for each accent, but this required substantial dialect-
specific training data to achieve high accuracy, followed by model selection via
phonetic decision trees. The ideal solution is a unified adaptive acoustic model
capable of accurately recognizing diverse accents.

Numerous studies have explored adaptive acoustic modeling for accent prob-
lems. Initially, researchers proposed Maximum Likelihood Linear Regression
(MLLR) on Gaussian Mixture Density Hidden Markov Models (GMM-HMM).
Subsequent work combined MLLR with Maximum A Posteriori (MAP) esti-
mation, achieving improvements for Shanghai-accented Mandarin recognition.
With the rise of deep neural networks in automatic speech recognition (ASR),
researchers added accent-specific #I5! layers trained with Kullback-Leibler diver-
gence (KLD), yielding significant improvements for non-native English speech
recognition on Deep Neural Networks (DNN). Later work integrated i-vector
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speaker-specific features with accent-specific #%! layers, substantially improv-
ing accented Mandarin recognition. Other researchers proposed a convolutional
neural network-based speaker speech segmentation model under fused features,
providing valuable insights for Mandarin and Sichuan dialect speech recognition
scenarios.

Recent studies show that Long Short-Term Memory Recurrent Neural Net-
works (LSTM-RNN) can achieve performance comparable to state-of-the-art
DNN-HMM systems. Researchers have extensively investigated LSTM-RNN-
based speech recognition models, significantly improving overall Mandarin ASR
performance from various perspectives. Building on these successes, accented
speech recognition research has employed DNN layers as accent-dependent fea-
ture filters to extract accent-specific features, using Bidirectional LSTM-RNN
(BLSTM-RNN) to train adaptive acoustic models, achieving moderate success in
multi-accent Mandarin recognition. However, these methods require separate
classification and training for different dialects, making it difficult to achieve
high accuracy for dialects with limited data. Moreover, such models still fol-
low traditional modular approaches requiring multi-stage independent training
(acoustic model, pronunciation dictionary, language model) and extensive ex-
pert knowledge for hyperparameter configuration.

In contrast, end-to-end models can directly transcribe speech features to text
without intermediate components, establishing a direct mapping from speech to
text that potentially optimizes all parts of the final task. These models can be
trained using the same framework across different languages. End-to-end mod-
els have demonstrated performance comparable to state-of-the-art traditional
models across many speech recognition tasks. Three primary architectures ex-
ist: CTC-based models leverage Markov assumptions to effectively solve dy-
namic sequence alignment; attention-based models solve acoustic frame-to-label
alignment through an attention mechanism; and hybrid CTC/attention mod-
els combine both approaches through joint training and decoding, achieving
superior performance to either method alone. To address end-to-end models’ ro-
bustness issues and information loss from fixed-length speech frames, researchers
proposed ResNet-BLSTM networks that effectively reduce character error rates.

This paper proposes a hybrid end-to-end architecture combining Multi-Head
Attention encoder-decoder models with CTC, using joint training and decoding,.
We investigate the impact of deep networks on speech recognition by training
a very deep encoder-decoder network, while also examining training processes
on accented datasets with varying dropout rates in shallow encoder-decoder
networks.

1 Hybrid CTC/Attention Model

As shown in Figure 1 [Figure 1: see original paper], we propose a deep encoder-
decoder network based on Multi-Head Attention and Connectionist Temporal

chinarxiv.org/items/chinaxiv-202009.00112 Machine Translation


https://chinarxiv.org/items/chinaxiv-202009.00112

ChinaRxiv [$X]

Classification. In this hybrid architecture, CTC and Multi-Head Attention are
jointly trained and scored, with recognition accuracy further improved by deep-
ening the encoder and decoder networks.

Figure 1 Deep encoder-decoder architecture based on multi-head attention and
connectionist temporal classification

For end-to-end speech recognition tasks, the goal is to compute the probability
of all output label sequences y through a single network given input sequence z,
where U < T and y € L (the finite character set), outputting the label sequence
with maximum probability:

y* = argmax P(y|x)
y

1.1 Connectionist Temporal Classification (CTC)

CTC training defines intermediate label sequences 7 that allow repeated labels
and insert a blank label (b) as a separator, i.e., 7 € LU {(b)}. Assuming y’ is

the expanded version of y with separators inserted, e.g., y = (n,4, h,a,0), y' =

((b),m, (b), 1, (b), h, (b),a, (b),0,(b)). A many-to-one mapping B : =" o =T
is defined, where L'=" is the set of possible intermediate label sequences. The
output label probability can be obtained as:

P(yle)= Y P(rle)

meB1(y)

As shown in Figure 2 [Figure 2: see original paper|, for CTC training, at each
time step ¢ of input sequence z, a corresponding output 7, is computed. Assum-
ing conditional independence between output sequences at each time step:

T T
P(rn|z) = HP |x) wHP e |x), vre L'="

t=1 t=1

From equations (1)-(3), the CTC loss function is defined as the negative log
probability:

L,.=—lnP(ylz)=—In Z Pw\x —In Z HP’/TtL’L'

rTeBL meB1(y)

In equation (4), S represents the mapping between input sequence = and output
labels, and g, (7) represents the probability of label 7 at time step ¢. The compu-
tation requires enumerating all label sequences across all time steps, needing N”
iterations where N is the total number of labels—computationally prohibitive.
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The CTC algorithm borrows forward-backward algorithms from HMMSs to opti-
mize computation speed:

2lyl+1

u=1 qt (ﬂ—’l/_t)

In equation (5), ay(u) represents the forward probability of the u-th label at
time step ¢, and S, (u) represents the backward probability.

1.2 Multi-Head Attention Encoder-Decoder

Our encoder-decoder model [20,21] is inspired by Google’ s Transformer [26,27],
employing a multi-layer encoder-decoder architecture based on Multi-Head At-
tention with dropout layers before each layer. Each encoder layer consists of a
Multi-Head Attention layer and a fully connected feed-forward network; each
decoder layer comprises a masked Multi-Head Attention layer (preventing at-
tention to future information), an attention layer over encoder inputs, and a
three-layer feed-forward network.

As shown in Figure 3 [Figure 3: see original paper], the encoder computes an
intermediate output z from input sequence x, while the decoder takes sequence
z as input and updates one label from output sequence y at each time step t.
During label updating, the model uses previous labels as input to update the
next output label:

z = Encoder(z) = (21, ..., 2p)

yt = Decodel‘(% ytfl)

Based on maximum likelihood estimation, the loss function maximizes the con-
ditional probability of the output sequence given the input sequence:

U
Latt = 7111P(y|1‘) = 7zlnp(yt|yt—l’ -~-,y17Z)
t=1

From equations (6)-(7), the decoder input depends on the same sequence z,
which provides the final time step’ s hidden vector computed from sequence z.
However, in natural language sequences, each label output typically depends
more on nearby temporal features, motivating the introduction of attention
mechanisms in encoder-decoder models.

The attention mechanism outputs a result ¢, at each time step, transforming the
fixed intermediate sequence z into a dynamic representation that changes based
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on current output. Multi-Head Attention first applies linear transformations to
initialize three weight matrices Q, K, V:

Q, K,V = Linear(X)

Similarity between matrices Q and K is computed via dot product:

QK"

Vv

For decoder inputs, only similarities between current and previous time steps
can be computed, masking future information by filling with zeros to convert
the matrix into a lower triangular form. Softmax normalization is applied, and
weighted averages are computed based on attention distributions:

fQK) =

Attention(Q, K, V) = softmax(f(Q, K))V

To prevent overfitting, dropout is applied. Following Multi-Head Attention
principles, the above computation is repeated n times, with final results con-
catenated and linearly transformed:

MultiHead(Q, K, V) = Concat(heady, ..., head,, )W

After Multi-Head Attention computation, each encoder and decoder layer pro-
cesses through a fully connected feed-forward network with two linear transfor-
mations and an activation function:

FFN(z) = dropout(max(0, W, + by )W, + b,)
This yields sequence scores and attention distribution maps.

1.3 Multi-Objective Learning and Joint Decoding

Our hybrid model, inspired by [17,22], jointly trains CTC and Multi-Head At-
tention models with a shared encoder. Multi-objective learning (MTL) [22]
leverages CTC’ s forward-backward algorithm for forced monotonic alignment
between speech and labels, accelerating alignment. Compared to pure CTC
models, the character-level attention objective complements the sequence-level
CTC objective, improving CTC accuracy. Using cross-entropy criteria, the com-
bined loss enhances robustness:

Lyor = APy (ylz) + (1= A) In By, (y|2)
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where A € [0,1] is an interpolation weight.

Beyond multi-objective training, joint decoding is crucial. Hybrid architectures
typically employ beam search, computing scores for each hypothesis by com-
bining CTC and attention scores. Using dynamic programming, each time step
extends previous paths to obtain local probabilities g, determined by prior paths.
Through current time step label probabilities ¢, all possible hypotheses h are
obtained. The joint score is computed via equation (15), with paths extended
at each time step. When the end character is predicted, sequences meeting
minimum threshold requirements are added to final candidates, and the highest-
scoring sequence is selected. We use multi-path beam search, extending only
the top k probability nodes at each step, preventing exponential growth and
significantly reducing exhaustive search complexity.

2 Experiments
2.1 Experimental Models

Our end-to-end model is a hybrid CTC/attention architecture. Traditional mod-
ular baselines include Gaussian Mixture Model-Hidden Markov Model (GMM-
HMM), Time-Delay Neural Network (TDNN), and Chain models. End-to-end
baselines include CTC/location-based attention, CTC/content-based attention,
and pure Multi-Head Attention models.

2.2 Data

Experiments use the Aidatatang 200-hour open-source multi-accent Mandarin
dataset, containing 300,000 colloquial sentences from 6,408 speakers (2,999 male,
3,301 female) across 34 provincial regions including Guangdong, Fujian, and
Shandong. Traditional modular models were implemented on Kaldi [28], while
end-to-end experiments used the ESPnet toolkit [29]. All experiments employed
16 kHz sampling frequency, 80-dimensional FBANK features with 25 ms frames
and 10 ms frame shift.

2.3 Network Structure and Parameters

Our network uses 4-head Multi-Head Attention with 256-dimensional input at-
tention, 256-dimensional feed-forward input features, 2,048-dimensional hidden
features, and 2,048 bidirectional LSTM units. Joint training parameter A is
0.3, dropout rate is 0.1, and label smoothing is 0.1. Beam search width is 10,
language model weight is 0.1, and training runs for 50 epochs.

2.4 Evaluation Metrics

We evaluate on Aidatatang’ s development and test sets using Character Error
Rate (CER) and Sentence Error Rate (SER). CER is the percentage of inser-
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tions (I), substitutions (S), and deletions (D) required to match the recognized
sequence to the reference, divided by total reference characters. SER considers
a sentence incorrect if any word is misrecognized:

D+1
CER = SJFT+ x 100%

SER — Number of incorrect sentences « 100%
Total sentences

2.5 Comparative Experiments

We implemented three traditional models as baselines: GMM-HMM, TDNN,
and Kaldi’ s Chain model—the top-performing models on the Aidatatang multi-
accent dataset, using Kaldi’ s aidatatang recipe.

GMM-HMM: After feature extraction, researchers found Gaussian mixture
distributions suitable for fitting speech feature sequences when ignoring tempo-
ral dependencies. GMM was integrated into HMM to model state-based output
distributions.

TDNN: TDNN models long-term temporal dependencies using subsampling
to reduce computation, training faster than RNNs while leveraging i-Vector
features for speaker and environment adaptation, showing good performance on
accented speech.

Chain Model: A DNN-HMM variant borrowing CTC’s blank symbol to absorb
uncertain boundaries, using correct sequence log-probability as the objective
function. It computes numerator and denominator probabilities during training,
backpropagating their difference, and effectively improves decoding speed.

Multi-Head Attention Model [20,21]: Based on self-attention mechanisms
operating within sequences, learning speech features in the encoder and label
features in the decoder, offering better performance than standard attention for
sequence problems.

LSTM-RNN-CTC Model [30]: Combines LSTM’ s strong sequence model-
ing with discriminative training for different regional Mandarin accents, greatly
improving accent recognition capability.

3 Results
3.1 Comparison Between Traditional and End-to-End Models

Table 1 compares traditional modular ASR systems with common end-to-end
models on multi-accent Mandarin recognition. The MTL parameter represents
the attention score weight in joint training. The hybrid architecture uses a
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12-layer encoder and 6-layer decoder. Compared to pure Multi-Head Atten-
tion, the hybrid model achieves 10.0%-10.9% absolute CER reduction and 6.3%-
7.1% SER reduction. In pure attention models, most errors occur in heavily
accented utterances, indicating severe limitations in fitting pronunciation varia-
tions across regions. Compared to traditional modular models, the hybrid end-
to-end model shows strong performance, typically outperforming TDNN and
GMM-HMM, and slightly trailing the state-of-the-art Chain model. However,
end-to-end models offer convenient holistic optimization.

Notably, as MTL weight increases (0.0, 0.1, 0.3), recognition accuracy improves.
As shown in Figure 4 [Figure 4: see original paper], when CTC loss weight
dominates MTL training, performance degrades with severe overfitting. This
likely stems from CTC’ s conditional independence assumption, which cannot
effectively leverage accent similarity in multi-accent datasets, hindering conver-
gence. However, in hybrid models, CTC still improves accuracy and accelerates
convergence. Under proper MTL weighting, CTC’ s monotonic forced alignment
significantly boosts Multi-Head Attention training and speeds convergence.

3.2 Study on Model Depth and Dropout Rate

To further improve multi-accent Mandarin recognition, we deepened encoder
and decoder networks and gradually increased dropout rates (0.0, 0.1, 0.5) in
shallow networks.

Table 2 shows that our deep Multi-Head Attention and CTC hybrid model
substantially outperforms traditional GMM-HMM and TDNN models. Com-
pared to LSTM-RNN-CTC and standard Multi-Head Attention, it achieves both
higher accuracy and faster training. As depth increases, CER reaches 5.6%,
matching the best Chain model without requiring a lexicon, while remaining
simple and easy to optimize.

As shown in Figure 5 [Figure 5: see original paper], deeper encoders learn
more representative audio features. Figure 6 [Figure 6: see original paper]
demonstrates that deeper decoders strengthen label correlations, significantly
improving silence detection at sentence endings and reducing deletion errors
compared to shallow networks.

4 Conclusion

This paper proposes a hybrid CTC and Multi-Head Attention encoder-decoder
architecture for accented Mandarin speech recognition. Unlike traditional mod-
ular models requiring extensive manual resources, dialect-specific corpora, and
complex adaptation, our single model surpasses conventional methods and en-
ables convenient holistic optimization, achieving state-of-the-art performance.
In our deep encoder-decoder model, increased encoder depth better learns au-
dio representations, significantly improving accented Mandarin recognition. De-
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coder depth yields smaller overall gains, while increased dropout in shallow
networks provides minor improvements. Future work will explore improved
dropout methods for deeper networks and address slow training in very deep
networks.
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