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Abstract
Non-autoregressive automatic speech recognition (ASR) has
become a mainstream of ASR modeling because of its fast
decoding speed and satisfactory result. To further boost the
performance, relaxing the conditional independence assump-
tion and cascading large-scaled pre-trained models are two ac-
tive research directions. In addition to these strategies, we
propose a lexical-aware non-autoregressive Transformer-based
(LA-NAT) ASR framework, which consists of an acoustic en-
coder, a speech-text shared encoder, and a speech-text shared
decoder. The acoustic encoder is used to process the input
speech features as usual, and the speech-text shared encoder
and decoder are designed to train speech and text data simulta-
neously. By doing so, LA-NAT aims to make the ASR model
aware of lexical information, so the resulting model is ex-
pected to achieve better results by leveraging the learned lin-
guistic knowledge. A series of experiments are conducted on
the AISHELL-1, CSJ, and TEDLIUM 2 datasets. According to
the experiments, the proposed LA-NAT can provide superior
results than other recently proposed non-autoregressive ASR
models. In addition, LA-NAT is a relatively compact model
than most non-autoregressive ASR models, and it is about 58
times faster than the classic autoregressive model.
Index Terms: Non-autoregressive, speech recognition, lexical-
aware, linguistic knowledge

1. Introduction
Automatic speech recognition (ASR) is one of the important
research in the context of natural language processing, where
the goal is to convert a speech into a corresponding text se-
quence. In recent years, end-to-end based ASR [1, 2, 3] has
created a dominant paradigm, and the school of research can be
further divided into autoregressive (AR) and non-autoregressive
(NAR) manners according to different decoding philosophies.
AR models predict each token by considering all the previous
historical information, can be combined with a language model
to enhance the performance easily, and usually achieve accept-
able performances. However, they often struggle with the de-
coding speed barrier caused by autoregressive one-by-one de-
coding. Orthogonal to the AR models, NAR methods assume
that all the tokens are conditionally independent, so the decod-
ing results can be generated in parallel at once. In short, the
design allows NAR models to deliver faster-decoding speeds in
practice, but their recognition performance is usually only com-
parable to AR models.

In order to boost performance, various research has been
devoted to improving NAR ASR. A summary of these models
shows two main directions for improvement. On the one hand,
some studies concentrate on relaxing the conditional indepen-

dence assumption of the learning objectives from a theoretical
perspective [4, 5]. As a result, the improved models are ex-
pected to equip the ability to take contextual information into
account during decoding. On the other hand, many researchers
turn to leverage pre-trained speech and/or language models for
building the NAR models. By distilling the knowledge or di-
rectly concatenating the pre-trained models to make the result-
ing ASR models inherit the merits of these pre-trained models
[6, 7, 8]. Although classical NAR techniques have progressed
with these developments, they usually have a large set of model
parameters and are impractical for real-world applications.

Aside from relaxing the conditional independence as-
sumption and using pre-trained models, we propose a frame-
work to enhance NAR ASR by explicitly making the model
aware of the lexical information. Accordingly, a lexical-aware
non-autoregressive Transformer-based ASR (LA-NAT) model,
which consists of an acoustic encoder, a speech-text shared en-
coder, and a speech-text shared decoder, is introduced. The
acoustic encoder is used to process the speech input and pro-
duce a set of acoustic features as usual. In order to make the
ASR model learn the lexical information naturally, our idea is
to construct a shared network for training text and speech data
simultaneously. As a result, the model is expected to equip the
linguistic knowledge because it must be able to mitigate text-
oriented tasks. At the same time, the model is also used for
speech recognition, so it would be a lexical-aware ASR model.
The speech-text shared encoder and decoder are designed to
make the idea work. As the proposed LA-NAT does not cas-
cade large-scaled pre-trained models, its lightweight property is
yet another advantage. Extensive experiments are conducted on
the AISHELL-1 [9], CSJ [10], and TEDLIUM 2 [11] datasets.
The proposed LA-NAT not only demonstrates superior results
on these corpora as expected but also reveals the lightweight
property compared with other complicated models and achieves
about 58 times faster than the classic autoregressive model.

2. Related Work
Autoregressive (AR) ASR models aim to generate an output to-
ken sequence Y = {y1, . . . , yL} for a given speech utterance O
by referring to P (Y |O). According to the chain rule, a common
simplification strategy is to decompose P (Y |O) into a series of
conditional probabilities, as

Y ∗ = argmax
Y

P (Y |O) = P (y1|O)
L∏

l=2

P (yl|y<l, O),

(1)
where y<l denotes the partial token sequence before yl. Obvi-
ously, AR models are designed to generate tokens by consider-
ing all previously generated ones and acoustic statistics. Even
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though the philosophy promotes these models to take plenty of
clues into account for making accurate predictions, there are
usually several associated challenges. First, the left-to-right na-
ture of the AR models limits the efficiency of the parallel com-
putation and increases the difficulty of enhancing the inference
speed. Second, during training, ground truth history tokens are
used to predict the next one, but at the inference stage, only the
generated sequence can be used as a condition to predict the
upcoming token, which may contain recognition errors. This
mismatch problem between training and inference is a com-
mon challenge for AR models [12]. A few such representative
models are Listen, Attend and Spell (LAS) [1], Self-attention
Transducer (SA-T) [13], hybrid CTC/attention architecture [2],
Speech-Transformer [14], and Memory equipped Self-attention
(SAN-M) [15].

Non-autoregressive (NAR) ASR models assume that each
token is conditionally independent of others that are given a
speech signal. Formally, for a given speech utterance O, the
NAR modeling decodes the corresponding token sequence Y
by referring to:

Y ∗ = argmax
Y

P (Y |O) =
L∏

l=1

P (yl|O). (2)

Compared with (1), without the dependency between the cur-
rent and previous tokens, the NAR modeling can generate to-
kens in parallel to achieve low latency. Besides, the mismatch
issue between training and inference no longer occurs. Despite
their apparently much simpler designs, more and more NAR-
based ASR models demonstrate rapid inference speed and com-
petitive performances with conventional AR methods. In spite
of the advantages NAR models seem to have over AR models,
a major challenge of NAR modeling is determining the output
length. Specifically, during inference, AR modeling stops gen-
erating tokens when an end-of-sentence token (e.g., <EOF>)
is produced, while the NAR modeling requires additional ef-
forts to post-process the predicted result [3, 16, 17] or to es-
timate/adjust the length of the recognition sequence [18, 19].
A few of the widely used models include Connectionist Tem-
poral Classification (CTC) [3], Listen and Fill in the Miss-
ing Letters (LFML) [16], Listen Attentively, and Spell Once
(LASO) [18], Pre-trained Language Model-based NAR ASR
(PLM-NAR-ASR) [7] and Mask CTC [17]. Comprehensive
comparisons between AR and NAR ASR models are found in
the literature [20, 21, 22].

3. Proposed Method
The proposed LA-NAT is composed of an acoustic encoder, a
speech-text shared encoder, and a speech-text shared decoder.
The model architecture is illustrated in Figure 1.

3.1. Acoustic Encoder

Each training example consists of a speech signal O and its cor-
responding token sequence Y , where the speech signal is quan-
tized into a series of T ′ acoustic feature frames {o1, ..., oT ′}
and Y denotes a sequence of L tokens {y1, ..., yL}. The acous-
tic encoder uses two layers of the 2D convolutional neural
networks to encode temporal and spectral vicinity statistics of
acoustic feature frames and downsample the resolution in time.
Next, the sinusoidal positional embedding is added for each fea-
ture to retain the order in the line [23, 24]. Afterward, we stack
a series of Na Transformers to reformulate the acoustic charac-

teristics because the self-attention mechanism can blend short-
term and long-term information together. Consequently, a set of
acoustic features HO = {hO

1 , . . . , h
O
T } ∈ Rd×T is derived. A

layer normalization layer, a linear layer, and a softmax activa-
tion function are sequentially stacked on HO , and a CTC objec-
tive LCTC is used to guide the model training toward minimizing
the differences between the prediction and the ground-truth.

3.2. Speech-Text Shared Encoder

In order to make the ASR model learn lexical information natu-
rally, a meticulous speech-text shared module, including an en-
coder and a decoder, is introduced. To be more specific, for
each training example, the acoustic encoder converts O into
a set of acoustic features HO , while a simple table lookup is
applied to translate ground truth text Y into a series of token
embeddings. Without loss of generality, the positional embed-
ding is added for each token embedding to reveal the ordered
information in line, and the set of representations is denoted as
HY ∈ Rd×L. A speech-text shared encoder is employed to ad-
just the two modality features first, and then organize them into
a set of representative information. Following the idea, a series
of Nb Transformer layers are applied to adjust acoustic- and
text-level features (i.e., HO and HY ), and a layer normalization
layer is adopted to stable the distribution of statistics. Accord-
ingly, two set of features HO

se ∈ Rd×T and HY
se ∈ Rd×L are

obtained for speech and text inputs, respectively.
Next, inspired by the memory network [25], we initialize

M memory slots to act as a set of anchors to rearrange and
reorganize speech and text information. Concretely, the mem-
ory slots and a set of features (i.e., HO

se or HY
se ) are fed into

a Transformer, where the former is used to query the latter.
Subsequently, Nc Transformers, where the queries are output
from the previous Transformer, while the keys and values are
identical to the original set of features (i.e., HO

se or HY
se), are

used to iteratively rearrange and reorganize the statistics to ob-
tain a set of acoustic-based composite representations HO

com =
{hO

com1
, ..., hO

comM
} ∈ Rd×M and a set of lexical-based com-

posite representations HY
com = {hY

com1
, ..., hY

comM
} ∈ Rd×M .

Since the content of speech and text input is the same, the result-
ing acoustic-based and lexical-based composite representations
should be able to align one-to-one. Therefore, a contrastive ob-
jective LCont is used to maximize the matching degree between
each pair of composite representations:

LCont = −
M∑

i=1

log
e

cos(HO
comi

,HY
comi

)/τ

∑M
j=1 e

cos(HO
comi

,HY
comj

)/τ

−
M∑

j=1

log
e

cos(HO
comj

,HY
comj

)/τ

∑M
i=1 e

cos(HO
comj

,HY
comi

)/τ
,

(3)

where cos( , ) denotes the cosine similarity function, and τ is a
scaling factor. It is worth noting that memory slots are model
parameters that should be updated by training. Besides, the
memory network-liked procedure can not only deal with the
length mismatch between acoustic- and text-level features (i.e.,
HO

se and HY
se) but also work as a set of pivots to align and cap-

sule information from the two modalities of features.

3.3. Speech-Text Shared Decoder

After the speech-text shared encoder, a speech-text shared de-
coder is performed at the last step. The decoder is employed
to do speech recognition with acoustic-based representations,
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while it also has to reconstruct the original token sequence
with lexical-based representations. In detail, for the former,
we initialize a set of positional embeddings HPE ∈ Rd×L

as queries to retrieve information from acoustic representations
[HO

se;H
O
com] ∈ Rd×(T+M) by using Nd Transformer layers.

Except for the first one Transformer, the queries are output from
the previous Transformer, and the keys and values are always
identical to the concatenated acoustic features [HO

se;H
O
com]. It

should be emphasized that we use a fusion mask to constrain
the attention scope in each Transformer [26]. The Viterbi al-
gorithm is used to match the CTC alignment with the ground
truth into a trigger mask as the left half of the fusion mask,
and elements in the right-hand side of the fusion mask are all
set to one. By doing so, each query can capture local informa-
tion from features produced by the speech-text shared encoder
HO

se and global information from acoustic-based composite fea-
tures HO

com by the cross-attention mechanism. In other words,
HO

se is a set of low-level fine-grained acoustic features, while
HO

com can be regarded as a set of coarse-grained auxiliary in-
formation. After that, the resulting features are passed through
a sequence of Ne Transformers to refine the statistics. A linear
layer and a softmax activation function are sequentially stacked
to construct an ASR model. Consequently, the cross-entropy
loss LO

CE is used to guide the model training toward minimiz-
ing the differences between the prediction and the ground-truth.
During training, the teacher forcing strategy is used in our im-
plementation, so the number of positional embeddings (i.e., L)
is determined by referring to the ground truth.

Despite the speech part, the speech-text shared decoder
is also designed to reconstruct the original token sequence
by feeding lexical representations. Again, a set of positional
embeddings is created to query the lexical-based statistics
[HY

se;H
Y
com] and reorganize them with the corresponding atten-

tion scores by cross-attention mechanism. Except for the first
Transformer, the queries are generated by the previous Trans-
former, and the keys and values are always identical to the con-
catenated features [HY

se;H
Y
com]. Following, the resulting fea-

tures are passed through a set of Transformers to manipulate
the statistics, and then a linear layer and a softmax activation
function are sequentially stacked. Finally, the cross-entropy
loss LY

CE is used to guide the model training toward minimiz-
ing the reconstruction errors.

During inference, we use the CTC branch to calculate the
fusion mask and decide the length of the recognition result. It
is worth noting that text input is only used for training, and
the proposed ASR model is performed in a non-autoregressive
manner. In a nutshell, the proposed LA-NAT introduces a
speech-text shared encoder and a speech-text shared decoder to
train speech and text input simultaneously while with different
tasks. Thereby, LA-NAT can learn linguistic knowledge from
the text data so as to enhance the performance of ASR.

3.4. Training Method

Since the proposed LA-NAT has to face two modality features,
the training procedure must be carefully designed to stable the
model training and obtain a better model.

Step1: First of all, we collect a large set of text data to
train the speech-text shared encoder and decoder with the re-
construction task (i.e., the objective function is LY

CE) only. By
doing so, linguistic knowledge can be learned and stored in the
speech-text shared encoder and decoder models.

Step2: Following, we optimize all the model parameters,
except the set of word embeddings used for translating text in-

Figure 1: The model architecture of the proposed LA-NAT.

put to a sequence of token embeddings, by using speech data
only toward minimizing λCTCLCTC + λO

CELO
CE (cf. Sections 2.1

and 2.3). The hyper-parameters λCTC and λO
CE are set to 0.3

and 1.0, respectively. On top of the first stage, the speech-
text shared encoder and decoder have been pre-trained with text
data, so we expect the ASR model can be more robust base on
the learned linguistic knowledge.

Step3: In the last step, both speech and text data are used to
update the entire model. The training objective is to minimize
all the loss functions λCTCLCTC+λContLCont+λY

CELY
CE+λO

CELO
CE.

The weighting factors λCTC, λCont, λY
CE, and λO

CE are set to 0.3,
1.0, 0.3, and 1.0, respectively.

It’s interesting to note that the text data used in the first step
can come from either the speech corpus, another selected col-
lection, or a combination of them. Since the text data is easy to
collect, the proposed LA-NAT can thus enjoy the advantage of
inheriting linguistic knowledge from a large set of text data and
becoming a lexical-aware Transformer-based NAR ASR model.

4. Experiments
4.1. Experimental setup

The experiments are conducted on three datasets, including
AISHELL-1, CSJ, and TEDLIUM 2. For pre-training, we use
the AISHELL-2 [34], the training set in CSJ, and LibriSpeech
[35] to initialize the speech-text shared modules. The lexicon
sizes are 4, 231, 3, 260, and 5, 000 for Chinese, Japanese, and
English, respectively. We use 80-dimensional log Mel-filter
bank features with 3-dimensional pitch features, computed ev-
ery 10ms with a window size of 25ms, and the SpecAugment
is applied for data augmentation. Speed perturbation is also
used for AISHELL-1 and TEDLIUM 2. The hyper-parameters
{Na, Nb, Nc, Nd, Ne} are set to {6, 6, 5, 2, 4} for AISHELL-
1, while Na is set to 12 for CSJ and TEDLIUM 2. We build a
base and a large models with hidden layer sizes d of 256 and
512, respectively. Each CNN layer in the acoustic encoder has
256 or 512 filters, depending on whether it is a base or a large
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Table 1: Experimental results on AISHELL-1 (CER%), CSJ (CER%) and TEDLIUM 2 (WER%), respectively. The model parameters
and real-time factors (RTF) are calculated by using the AISHELL-1 dataset.

MODEL AISHELL-1 CSJ TEDLIUM 2 #Param. RTFDev Test Eval1 Eval2 Eval3 Dev Test

AR

LAS [1] - 8.7 - - - - - 156M -
SA-T [13] 8.3 9.3 - - - - - - -
ESPnet (Transformer) [27] 6.0 6.7 6.37 4.76 5.4 12.6 10.2 58M 0.362
SAN-M [15] 5.7 6.5 - - - - - - -
CAT [28] - 6.3 - - - - - - -

NAR

ST-NAT [29] 6.4 7.0 - - - - - 31M -
Mask CTC [17] 6.0 6.7 6.56 4.57 4.96 11.9 10.7 29.7M -
LASO- Big [18] 5.8 6.4 - - - - - 105.8M 0.0042
CTC [17, 30] 5.7 6.2 6.51 4.71 5.49 12.8 12.2 - -
NAR-Transformer [31] 5.3 5.9 - - - - - 29.7M -
CASS-NAT [26] 5.3 5.8 - - - - - 33.2M -
HANAT-Big [32] 5.1 5.6 - - - - - 87M -
Improved CASS-NAT [33] 4.9 5.4 - - - - - 38.3M -
LA-NAT Base 4.58 4.96 5.91 4.11 5.05 11.6 11 31.5M 0.0062
LA-NAT Large 4.51 4.88 5.55 3.73 4.5 10.9 10.6 79.8M 0.0067

Table 2: Ablation study on AISHELL-1 dataset with only
SpecAugment.

Training Recipe Dev Test
From scratch 5.21 5.83
Step 3 5.35 5.74
Steps 1 and 3 5.22 5.62
Steps 1, 2 and 3 4.84 5.33

model, with a kernel size of 3 and a stride of 2. The intermedi-
ate dimension of the feedforward neural network is 2, 048 with
8 attention heads, and the activation function is GLU. During
the schedule learning, the model is trained with 40 epochs in
the first stage and 130 epochs in the next two stages, and we
average the model parameters of the last 10 epochs as the final
model. Each training batch consists of 100 seconds of speech
and accumulates gradients of 12 steps.

4.2. Experimental results

Table 1 summarizes the experimental results of the proposed
LA-NAT and several SOTA models. Information on the real-
time factors (RTF) and the model sizes are also presented in
Table 1. The RTF results are measured for inference on the
test set of the AISHELL-1 dataset using an NVIDIA RTX 3090
with a batch size of 1. Several observations can be drawn from
the results. At first glance, the results reveal that the NAR mod-
els have caught up to the efficiency and effectiveness of the AR
ones, thereby demonstrating the potential of NAR ASR mod-
eling. Second, the proposed LA-NAT can deliver better results
and provide a faster decoding speed than the AR models. Tak-
ing LA-NAT Base and ESPnet (Transformer) as an example,
regardless of the improvement in recognition performance, the
former is not only nearly half the size of the latter, but the de-
coding speed is at least 58 times faster. Third, compared with
NAR models, LA-NAT not only can give satisfactory results but
also is a relatively exquisite model. Although LA-NAT only ob-
tains competitive results on the TEDLIUM 2 dataset, we have
proved the proposed LA-NAT can be done in both logographic
(i.e., Chinese and Japanese) and alphabetic (i.e., English) lan-
guages. To further boost the performance, one of the emergent
future works is to search for better configurations for alphabetic
languages. A possible way is to leverage enhanced CTC-based
objectives for training the acoustic encoder [4, 5, 30]. Finally, it
should be mentioned that the performance gap between the base

and large models of the proposed LA-NAT is remarkable on the
CSJ and TEDLIUM 2 corpora, but there is only a dearth of im-
provements on the AISHELL-1 dataset. A possible reason may
be that both the CSJ and TEDLIUM 2 are more complicated in
content than the AISHELL-1. In this case, scaling up the model
size provides a straightforward way of increasing the capability
and ability of the proposed LA-NAT.

4.3. Ablation Studies and Analysis

To analyze the impact of lexical information in the proposed
LA-NAT, we examine the results step by step. The experimen-
tal results are shown in Table 2. “From scratch” denotes LA-
NAT is directly trained using a speech dataset without extra text
corpus, pre-training, and text input. In other words, only the
CTC loss LCTC and cross-entropy loss for ASR LO

CE are used
to update the model parameters. It is thus a naı̈ve baseline of
LA-NAT. From the results, it is easy to conclude that linguistic
knowledge can indeed help the ASR model. Furthermore, the
well-designed training procedure can improve the effectiveness
and efficiency of LA-NAT in learning and leveraging linguis-
tic knowledge. The best setting (i.e., “Steps 1, 2 and 3”) can
deliver up to 8.6% relative CER reduction on the test set than
the naı̈ve setting (i.e., “From scratch”). In sum, the set of ex-
periments stresses the utilities of the lexical information, the
potential of the proposed LA-NAT, and the importance of the
presented training procedure.

5. Conclusions
In this paper, we propose a novel lexical-aware non-
autoregressive Transformer-based ASR framework, which indi-
cates a potential way to enhance the performance of NAR ASR.
The experimental results show that LA-NAT achieves compet-
itive or SOTA results compared to other NAR models and is
about 58 times faster than the classic AR model. In the future,
we will continue improving the model architectures and explor-
ing different training objectives and effective methods for mod-
eling lexical-aware non-autoregressive ASR.
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