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Abstract

Connectionist Temporal Classification (CTC)
based non-autoregressive translation (NAT) has
attracted increasing attention in recent years.
Despite the fact that the CTC loss mecha-
nism is capable of handling monotonic latent
alignments, CTC remains limited in handling
non-monotonic alignments, which is a com-
mon challenge in machine translation. In this
paper, we propose a reordering-based frame-
work for NAT that utilizes the CTC loss func-
tion. Our approach employs an encoder-only
model for NAT and integrates a reordering
module into the encoder to effectively address
the limitations of CTC under non-monotonic
alignments. Furthermore, we present a hybrid
CTC/attention decoding mechanism that takes
advantage of the strengths of both models. We
evaluate our model on benchmark datasets that
include WMT14 English → German, WMT16
English → Romanian, and IWSLT14 German
→ English. Experimental results show consis-
tent improvements over strong NAT baselines.

1 Introduction

Non-Autoregressive Translation (NAT), which gen-
erates target words simultaneously, was introduced
by Gu et al. (2017) and substantially improves de-
coding speed over autoregressive neural machine
translation (NMT) (Vaswani et al., 2017; Bahdanau
et al., 2014; Gehring et al., 2017). However, NAT’s
benefit often comes at a cost of reduced translation
quality, resulting from a mismatch in training objec-
tives. NAT models are trained using cross-entropy
loss, which demands model output precisely match
target sentences and penalizes even small variances
in word position. Given that a single sentence
can have multiple possible translations (Gu et al.,
2017), it can be challenging to achieve the pre-
cise alignment that cross-entropy loss necessitates.
Consequently, there is a fundamental conflict be-
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tween cross-entropy loss and NAT models (Shao
and Feng, 2022).

The challenge of achieving high translation qual-
ity in NAT models trained with the cross-entropy
loss has resulted in significant research toward iden-
tifying more effective training objectives. For ex-
ample, Wang et al. (2019) proposed an auxiliary
regularization to limit the number of repetitions in
the generated target sentences. Meanwhile, Shao
et al. (2019, 2020); Xie et al. (2020) introduced
new training objectives capable of enabling NAT
models to learn global or partial sentence-level
information. Researchers such as Ghazvininejad
et al. (2020) and Du et al. (2021) attempted to
ease the alignment constraint of the cross-entropy
loss for NAT models, which led to significant per-
formance gains. Other approaches used directed
acyclic graphs, as demonstrated by Sun et al. (2019)
and Huang et al. (2022b), to aid learning target
word dependencies. Furthermore, researchers have
explored the use of latent training objectives that
relax the alignment requirements by marginalizing
all possible monotonic latent alignments using the
Connectionist Temporal Classification (CTC) loss
for NAT models (Higuchi et al., 2020; Chan et al.,
2020; Shao and Feng, 2022), which have shown
promising improvements in performance and at-
tracted considerable attention in recent years.

At present, most NAT models retain the encoder-
decoder architecture, with an encoder that maps
input sentences into hidden representations and a
decoder that generates target words based on both
predicted words and source representations. The
primary difference between NAT and NMT models
is that the NAT decoder generates target words all
at once without conditioning on previously gen-
erated target tokens. To align with NMT models,
NAT models use specific tokens as placeholders
or copy embeddings from source sentences as de-
coder input. However, these inputs may not pro-
vide effective information and introduce extrane-



ous noise that negatively impacts the NAT model
performance. As a remedy, we propose an encoder-
only model for NAT models in this study. However,
the CTC loss function of the latent training objec-
tive only models monotonic alignments, which is
problematic for encoder-only NAT models.

The CTC loss function assumes that there is a
monotonic alignment between source-side repre-
sentations and target tokens. This assumption, how-
ever, makes it unsuitable for translation tasks that
require significant word reordering. An example
of this limitation is illustrated in Figure 1a, where
a CTC-based translation model fails to translate
the target sentence “I would argue” correctly, pro-
ducing “I argue” instead. The limitation occurs
because the CTC loss function is not designed to
accommodate non-monotonic alignments between
the output and the intended target, resulting in
an inaccurate penalty on the model and an under-
translated output. The nature of non-autoregressive
translation (NAT), whereby the target sentence is
generated exclusively based on the source input,
raises particular challenges when incorporating an
encoder-only model. To address this issue, we
introduce a reorder-based module to improve the
performance of our encoder-only model. This mod-
ule works by converting the source sentence into
a new sentence that conforms to the word order of
the target sentence, as shown in Figure 1b. By do-
ing so, we encourage more monotonic alignments
between the source and target words and in line
with the requirements of the CTC loss function.

This paper presents a novel encoder-only model
for non-autoregressive translation, built on an
encoder-only architecture with stacked attention
blocks, and optimized using the CTC loss function.
To enhance the attention model’s capacity for gen-
erating target words, we use an auxiliary attention
objective to complement CTC training. For de-
coding, we propose a joint decoding approach that
uses attention-based and CTC scores in a rescor-
ing beam search algorithm. The joint decoding
approach eliminates irregular alignments and en-
hances translation quality.

To evaluate the effectiveness of our approach,
we conducted a series of experiments on standard
benchmark translation tasks, including WMT14
EN → DE, WMT16 EN → RO, and IWSLT14 DE
→ EN. Our results demonstrate that our proposed
method significantly improves NAT models’ trans-
lation quality, particularly for the IWSLT14 DE
→ EN task, where our approach improves BLEU

by 5.0 points over the strong baseline NAT-CTC
model. Additionally, we conducted a detailed anal-
ysis of each module’s influence in our method, fo-
cusing primarily on the IWSLT14 DE → EN task.
The results show that each module proposed in our
approach results in significant performance gains
for NAT models.

2 Background

2.1 Non-Autoregressive Translation

Traditional NMT systems predict target words one-
by-one from left to right in an autoregressive man-
ner (Bahdanau et al., 2014). This process involves
several decoding steps based on the length of the
target sentence, limiting the decoding speed of the
model. To address this issue, Gu et al. (2017) in-
troduced NAT models, which generate the entire
target sentence simultaneously and achieve signifi-
cant decoding speedup. NAT models decouple the
dependencies between target words by factorizing
the probability of target words as a joint probabil-
ity instead of a chain conditional probability as in
NMT models:

P (Y |X) =

N∏
t=1

p(yt|X), (1)

where N represents the number of words in
the target sentence, X represents the encoder’s
mapped hidden representations of the source words,
Y = {y1, ...yN} represents the target sentence, and
p(yt|X) denotes the translation probability at posi-
tion t.

NAT models typically employ the cross-entropy
loss function during training to optimize the entire
model. This loss function aligns the model outputs
explicitly with the target words:

LCE = −
N∑
t=1

log p(yt|X) (2)

The cross-entropy loss function is a reliable
method to evaluate the accuracy of a model’s pre-
dictions. It imposes a penalty for each inaccurately
predicted word, even if only the slightest differ-
ence exists between the target and predicted se-
quences. Additionally, this loss function penalizes
any word wrongly placed in the output sequence
(Ghazvininejad et al., 2020). The NMT models are
capable of learning to avoid penalties associated
with predicting words out of order, as they generate



würde ich sagen

I would argue
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Figure 1: Illustration of the monotonic alignment assumption of CTC: (a) CTC loss where global word reordering
leads to non-monotonic alignments. (b) Reorder Source for CTC Loss where we reorder the words in the source
sentence for monotonic alignment.

words conditioned on the sentence prefix. Con-
versely, NAT models lack the precise knowledge of
the sentence prefix and may encounter challenges
in avoiding these penalties. To alleviate this issue,
the Connectionist Temporal Classification (CTC)
loss was introduced for the NAT models (Graves
et al., 2006; Libovickỳ and Helcl, 2018; Saharia
et al., 2020).

2.2 NAT with CTC Loss Function
In contrast to the cross-entropy loss function, which
models the joint probabilities of target words, the
CTC loss function models the alignments between
the source and target words. Consider a source
sentence X and a target sentence Y = {y1, ...yN},
where yi ∈ V represents a word in the target sen-
tence, the CTC loss function includes a latent align-
ment α between X and Y , where αi ∈ V+ and
V+ = V ∪ {<blank>}, V being the target vocabu-
lary. The symbol <blank> is the CTC blank token,
which is not a word of V and only serves to align
X and Y . In modeling the alignment α, the CTC
loss function assumes conditional independence
between token frame predictions:

P (α|X) =
∏
i

p(αi|X), (3)

where p(αi|X) is modeled by a non-autoregressive
Transformer in NAT models. The CTC loss learns
the alignment α by maximizing the log-likelihood:

LCTC = − log
∑

α∈Γ(Y )

P (α|X) (4)

The CTC loss, presented in Eq 4, enables the
learning of all possible alignments that are consis-
tent with the target sentence Y . However, despite
the improved performance of NAT models with the
CTC loss, CTC-based NAT models still struggle

with non-monotonic alignment patterns and this
issue is even more severe in encoder-only models.

3 Approach

Previous studies have indicated the effectiveness of
incorporating local information in the NAT mod-
els, as shown in prior work (Wang et al., 2023;
Ding et al., 2020). In this study, we intend to inte-
grate the local information approach into our own
NAT model. Additionally, our aim is to overcome
the limitations of the Connectionist Temporal Clas-
sification (CTC) loss function by introducing an
upsample layer that addresses the mismatch be-
tween the length of the source sentence and the
target sentence. A detailed diagram of our model’s
methodology is provided in Figure 2, and the re-
mainder of this section describes our approach in
detail.

3.1 Global Information Layer
To extract global information from any word in the
sentence, we employ a self-attention network in our
work, which is inspired by the structure of Vaswani
et al. (2017). In the global information layer, we
utilize a multi-head attention mechanism to extract
the relevant information as follows:

ml = Concat(SelfAttn1(hl−1),

SelfAttn2(hl−1), . . . ,SelfAttnk(hl−1)),
(5)

Here, hl−1 refers to the output of the previous
layer, ml denotes the concatenated multi-head at-
tention output, and k represents the number of at-
tention heads. We then combine the output of the
multi-head attention with the previous layer’s out-
put using a residual connection.

h̃l = LayerNorm(ml + hl−1), (6)



Figure 2: Overview of the proposed model. The reorder layer calculates reorder loss. The upsample layer matches
CTC loss length requirements.

where h̃l is the normalized residual output. A feed-
forward neural network follows, which consists of
two linear layers with a ReLU activation function:

ĥl = ReLU(h̃lW1 + b1)

hl = ĥlW2 + b2
(7)

where ĥl is the hidden representation produced by
the first linear layer, W1,W2 are weight matrices
and b1, b2 are bias vectors. After a second residual
connection, we obtain the output hl of the global
information layer.

3.2 Local Information Layer
As highlighted in previous works such as (Wang
et al., 2023) and (Ding et al., 2020), incorporating
local information is also crucial for improving the
performance of the NAT models. In our work, we
have also integrated the local information into our
model.

In the local information layer, we follow the
structure of Vaswani et al. (2017), but instead of us-
ing a self-attention network, we utilize a dynamic
CNN network to extract the local information. The

dynamic CNN network of Wu et al. (2019) can
predict different kernels at each position. This is
similar to locally connected layers in the sense that
the weights change at every position, but the key
difference is that the weights are dynamically gen-
erated by the model rather than fixed after training.

Integrating the dynamic CNN network into our
model allows us to effectively capture local infor-
mation from the input sentence, which is then com-
bined with the global information extracted by the
self-attention module. This enables our model to
learn both local and global contextual representa-
tions of the input sentence, leading to improved
performance on the NAT models.

After the global contextual representation is out-
put by the global information layer, we use the dy-
namic CNN network to extract the local contextual
information. To achieve this, we apply the Light-
Conv function of Wu et al. (2019), which takes in
the input representation h and a dynamically gen-
erated filter f(h) defined as a linear module with
learned weight W . The output of the Dynamic-
CNN module is given by:



DynamicCNN(h) = LightConv(h, f(h)) (8)

Similar to self-attention, the DynamicCNN net-
work changes the weights assigned to context el-
ements over time. However, unlike self-attention,
the weights of the DynamicCNN network only de-
pend on the current time-step, rather than the entire
context. This allows the model to effectively cap-
ture local contextual information by dynamically
generating different filters at each time-step, result-
ing in improved performance on the NAT models.

3.3 Reorder Layer

Würde Ich sagen , dassSource 𝑋:

Reorder Z: Ich würde sagen dass [PAD]

Target Y: I     would      say     that

Figure 3: An example of extraction. We extract the
partial source words according to the order of target
words. In this example, because “,” cannot be aligned
to any target token, we use a special token “[PAD]” to
match the length of source sentence.

Generally, because source and target sentences
belong to different languages, the order of target
words is not always consistent with the order of
the source words. Therefore, reordering is an im-
portant component of machine translation. While
traditional NAT models typically rely on a cross-
attention network to learn the order of target words
without an explicit reorder layer, our approach is
different because we use an encoder-only model
for the NAT task. As a result, we need a reorder
layer to reorder the source words, since the CTC
layer can only learn monotonic alignments between
the source and target words. However, instead of
adding an explicit reorder layer (Ran et al., 2021),
which can increase model complexity, we leverage
the bottom of the encoder-only model to perform
source word reordering. In order for the bottom of
the encoder-only model to learn the reorder infor-
mation, we add an extra loss:

LR = − logP (Z|X), (9)

where P (Z|X) is the reorder source sentence
probability. Because we perform the reordering
with the bottom of the encoder-only model, which

enables us to model the reorder probability in a
non-autoregressive manner:

P (Z|X) =
∏
i

p(zi|X), (10)

Here, p(zi|X) is calculated by the lower half of
the encoder, and we use an output layer (Reorder
Layer in Fig.2) to obtain the reorder sentence prob-
ability p(zi|X). Z is the source words extracted
according to the order of target words. Note that the
target words are not always aligned to the source
words, so we only extract partial source words and
pad the reordered source sentence with a special
token to match the length of the source sentences.
Figure 3 illustrates this process.

This approach enables our model to learn re-
order information during training. During infer-
ence, we do not need to precisely predict the re-
ordered source words, but only need the reordered
source representations. In our model, the reorder
layer is used to make the pre-half of the encoder-
only model learn the reorder information. Once
training converges, the lower half of the encoder
can perform the source word reordering without
the output layer.

3.4 Upsample Layer
To ensure that the CTC layer can be applied to ma-
chine translation, where the source and target sen-
tences may differ in length, we propose an upsam-
ple layer that increases the length of the reordered
source sequence. For a reordered source represen-
tation Z ∈ RB×Tz×d, where B is the batch size,
Tz the sequence length, and d the feature dimen-
sion, the layer applies a linear map to the feature
dimension of every frame:

Ẑ = WupZ + bup, Ẑ ∈ RB×Tz×λd, (11)

where Wup ∈ Rd×λd and bup ∈ Rλd are the
weight matrix and the bias vector of the map, and
λ is the upsample ratio. We write the whole op-
eration as Up(·): reshaping the enlarged feature
dimension of h ∈ RB×Tz×d into the sequence di-
mension gives Up(h) ∈ RB×λTz×d, whose length
λTz is no shorter than the target length N , so that
the CTC layer can be applied to the encoder-only
model.

3.5 Multi-objective Learning
In our approach, we propose utilizing an attention
output layer as an auxiliary task to train the CTC



layer within the multi-objective learning frame-
work of Kim et al. (2017). As shown in Figure
2, the CTC layer and attention output layer share
the main body of the model except for the last layer.
This way, the attention layer can estimate the de-
sired alignments in long sequences, which helps
the CTC layer to learn the monotonic alignment
between the source and target words. The objective
to be maximized is a combination of the CTC and
attention objectives:

Lo = logPctc(α|Ẑ, Z,X)

+ logPatt(Y |Ẑ, Z,X),
(12)

where Pctc(α|Ẑ, Z,X) is learned by the CTC
layer, and Patt(Y |Ẑ, Z,X) is learned by the atten-
tion output layer with cross-entropy loss. Because
we add an upsample layer in the model, generally,
the length of output is greater than the length of
target sentence, and the CTC layer can align the
output to the target words by adding the blank to-
ken. But the cross-entropy loss needs the strict
alignments between the output and target words,
which is not compatible in our model. To address
this issue, we borrow the roll-in policy of Chan
et al. (2020) to generate a pseudo-target sentence
of the same length. With pseudo-target sentence,
the cross-entropy loss can be utilized to train the
attention output layer.

The upsample layer gets no explicit supervision
from Eq. 12, which only constrains the shared en-
coder, so we add an upsample loss, i.e. the CTC
objective evaluated on the upsampled frames:

LU = − log
∑

α∈Γ(Y )

λTz∏
i=1

p(αi | Up(h)) , (13)

where Up(·) is defined in Section 3.4, h is the
reordered source representation, and Γ(Y ) is the
set of length-λTz alignments over V+ that collapse
to Y under the CTC merge rule (Eq. 4). Here
p(αi | Up(h)) is the frame-level label distribution
produced by the shared encoder followed by the
CTC output layer, and αi is the label or the blank
token emitted at frame i. Like the CTC term of Lo,
LU keeps the upsampled frames aligned with the
target words.

Therefore, given the dataset of parallel training
pairs {xm, ym}Mm=1, the parameters of the whole

model are learned by minimizing the loss L(θ):

L(θ) = − 1

M

M∑
m=1

(LR + Lo + λuLU ) (14)

where M denotes the number of parallel training
pairs and λu is the weight of the upsample loss.

3.6 Joint decoding
Both the CTC layer and the attention layer produce
a distribution over target sequences after training,
and joint decoding combines their sequence-level
scores in the log domain, as illustrated in Figure 4.
The decoding objective is

Ŷ = argmax
Y

[β logPctc(Y |X)

+ (1− β) logPatt(Y |X)]
(15)

where Pctc(Y |X) and Patt(Y |X) are the
sequence-level probabilities given by Eq. 4 and
by the attention layer, both normalized over target
sequences of the same length; β ∈ [0, 1] is the CTC
weight and 1− β is the attention weight.

During inference, we decode by one-pass prefix
search in the log domain. Let y1:t be a target prefix
and Γ(y1:t) the set of length-λTz alignments α =
{α1, . . . , αλTz} over V+ that collapse to y1:t under
the CTC merge rule, where αi is the label or the
blank token emitted at frame i. The CTC prefix
probability marginalizes over these alignments:

Pctc(y1:t|Ẑ, Z,X)

=
∑

α∈Γ(y1:t)

λTz∏
i=1

pctc(αi|Ẑ, Z,X),
(16)

where the sum runs over Γ(y1:t) and the product
over the λTz frames. Since Eq. 15 interpolates
sequence-level log probabilities, the same rule ap-
plies frame by frame: extending a prefix with the
word yt adds

∆(y1:t) = β log pctc(yt|Ẑ, Z,X)

+ (1− β) log patt(yt|Ẑ, Z,X)
(17)

to its accumulated score, where pctc(yt|·) and
patt(yt|·) are the frame-level CTC and position-
level attention probabilities. Equations 15 and 17
thus define a single log-space objective, evaluated
over sequences in Eq. 15 and over frames in Eq. 17,
and no raw probability is ever interpolated. The dy-
namic program keeps the forward variable α(t, i),



Figure 4: The Illustration of joint decoding. The probabilities of target words calculated by attention decoding are
combined with CTC probabilities.

the score of the alignments that have emitted the
first t target words and end at frame i, initialized
as α(0, 0) = 0 and updated by the standard CTC
recursion over the blank and repeated-label transi-
tions, where each extension adds ∆(y1:t) and the
final hypothesis score is α(N,λTz).

4 Experiments

4.1 Experimental Setup

Datasets: Our method is evaluated on several
widely used benchmark translation tasks, includ-
ing WMT14 En→De, WMT16 EN→Ro, and
IWSLT14 De→EN, which consist of approxi-
mately 4.5 million , 610,000, and 196,000 bilingual
sentences, respectively. First, we generate the
reordered source sentence using the self-on-the-fly
alignment tool, FastAlign1. We then tokenize the
sentences into subword units using BPE (Sennrich
et al., 2016). Finally, we utilize the method
proposed by (Lee et al., 2018) to preprocess the
datasets.

Sequence-Level Distillation We apply sequence-
level distillation (Kim and Rush, 2016) on the
training set for all tasks, as its effectiveness
has been demonstrated in (Zhou et al., 2019).
As pointed out by (Wang et al., 2019), the
performance of teacher models can affect the
performance of NAT models. Hence, to ensure
a fair comparison, we use the distilled datasets
provided in Mask-Predict2.

1https://github.com/clab/fast_align
2https://github.com/facebookresearch/

Metrics We adopt the widely-used BLEU (Pap-
ineni et al., 2002) metric to evaluate the accuracy
of our model. To compare the decoding speed,
we compute the latency, which is the average
decoding time per sentence, on the test set of
WMT14 EN→DE.

Model Detail: For the IWSLT14 benchmark, we
used a hyperparameter configuration consisting of
12 layers with 9.4M parameters (compared to the
vanilla NAT model’s 9.6M parameters). Our model
had an embedding size of 256, hidden size of 512,
and 4 attention heads. The local information layer
utilized kernel sizes of 7, 15, 31, 31, 15, 7. For the
WMT14 EN→DE and WMT16 EN→RO bench-
marks, our model had 14 layers and the same hy-
perparameter values as the vanilla NAT model (Gu
et al., 2017), which consists of 66M parameters.
This included an embedding size of 512, hidden
size of 2048, and 8 attention heads. For the WMT
tasks, the local information layer had kernel sizes
of 7, 15, 31, 31, 31, 31, 15, 7. Our proposed model
was implemented using the fairseq 3 library. We
used the same training parameters as the paper (Gu
et al., 2017), including the Adam optimizer and
word batches of 64K for WMT tasks and 8K for the
IWSLT14 benchmarks. All models were trained
for 300K steps using Nvidia 1080Ti GPUs.

Mask-Predict
3https://github.com/facebookresearch/fairseq
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4.2 Main Results

Besides our baseline NAT-CTC (Saharia et al.,
2020), we also compare our model with vanilla
NAT (Gu et al., 2017), NAT-IR (Lee et al.,
2018), Hint-NAT (Li et al., 2018), DCRF-
NAT (Sun et al., 2019),TCL-NAT (Guo et al.,
2020), FlowSeq (Ma et al., 2019),GLAT (Qian
et al., 2020), DSLP (Huang et al., 2022a),
LaNAT (Shu et al., 2020), CMLM (Ghazvinine-
jad et al., 2019). We show the results in Table 1.

Table 1 lists the primary results of our Hybrid-
CTC model and other baselines. Our model is
identified as Hybrid-CTC. As shown in Table 1,
our model significantly enhances translation qual-
ity, outperforming most previous models, including
iterative refinement NAT models. We make several
observations about the results from Table 1:

• Our non-autoregressive Hybrid-CTC model
outperforms most iterative refinement NAT
models. Although CMLMC outperforms our
approach with an iterative step of 10, our
model maintains the advantage of perform-
ing a single decoding step, making it faster
than iterative refinement models.

• Our non-autoregressive model outperforms all
other fully non-autoregressive models in all
tasks, even those that use noisy parallel decod-
ing. While the NAG-BERT model is based on
an encoder-only model and utilizes the knowl-
edge of the pre-trained BERT model, which
has more parameters than other NAT mod-
els, it still does not match the performance
of our Hybrid-CTC model. The NAG-BERT
model achieves a BLEU score of 30.45 on
the IWSLT14 DE→EN task, while our model
achieves a better performance of 33.27 BLEU
using only an encoder-only model trained
without pre-training. Despite lacking the abil-
ity to extract knowledge from pre-trained mod-
els, our model also achieves better perfor-
mance in a simple way. Additionally, Our
model also achieves the improvements com-
pared to other CTC models, such as CTC-
NMLA, which includes n-gram information
in its CTC models.

• Compared to our baseline model NAT-CTC,
which only utilizes an encoder-only model
and a CTC layer to learn the alignments
between the source and target words, our

proposed model shows significant improve-
ments. On the IWSLT De→En task, NAT-
CTC achieved a BLEU score of 28.35, but
Hybrid-CTC achieved a score of 33.27, result-
ing in a gain of 5.0 BLEU. On the WMT14
En→De task, our model achieved a score of
27.83 BLEU, which is a 2.5 BLEU improve-
ment. Due to the similarity in model struc-
tures, we attribute these improvements to the
proposed approach, including reorder layer
and hybrid decoding.

In addition, following previous work (Gu et al.,
2017; Lee et al., 2018; Gehring et al., 2017; Qian
et al., 2020), we evaluated the decoding latency on
the WMT14 English→German test sets. We set the
batch size to 1, and performed this experiment on
a single Nvidia 1080Ti GPU. We present a scatter
plot in Figure 5 to compare the decoding speed
and translation accuracy of our model with other
non-autoregressive machine translation models.

As can be observed, our model outperforms
other non-autoregressive machine translation mod-
els at a comparable speedup. While the Hint-NAT
model achieves faster speed, its translation accu-
racy is inferior to our model. Furthermore, com-
pared with the autoregressive model Transformer,
our model achieves comparable results while pro-
viding a speed gain of around 14.0×.

4.3 Analyses
Effect on different length of sentences: To assess
the influence of sentence length on our model’s
performance, we conducted experiments on the
IWSLT14 German→English test set, dividing the
sentences into different buckets based on the length
of the target sentences. The results are presented
in Figure 6. It can be observed that the autoregres-
sive model performs better in predicting transla-
tions when the sentences are long. However, com-
pared to the vanilla NAT model, our model achieves
comparable accuracy to the autoregressive machine
translation model, particularly on longer sentences.

Compared to the previous state-of-the-art model
GLAT, our model achieves better performance
across various sentence lengths. While the dif-
ference between our model and GLAT is small for
shorter sentences, it becomes more significant for
longer ones. In particular, our model maintains sta-
ble performance even for sentences longer than 60
words, whereas GLAT’s performance deteriorates.

The Effect of the CTC Weight: In Eq. 15, β is the



Table 1: The results of our model on WMT14 EN→DE, WMT16 EN→RO, and IWSLT14 DE→EN translation
tasks. “k” denotes the number of decoding iterations. “NPD” represents noisy parallel decoding. “/” indicates that
the result is not reported. “*” denotes the results are obtained by our reimplementation.

Model WMT14 EN→DE WMT16 EN→RO IWSLT14 DE→EN

AT model Transformer 27.2 33.70 34.65

Iterative-Based NAT models

NAT-IR(k=10)(Lee et al., 2018) 21.61 29.32 23.94
LaNAT(k=4)(Shu et al., 2020) 26.30 / /
CMLM(k=4)(Ghazvininejad et al., 2019) 25.94 32.53 30.42
CMLM(k=10) 27.03 33.08 31.71
RewriteNAT (k=2.7)(Geng et al., 2021) 27.83 33.63 /
CMLMC (k=10)(Huang et al., 2022c) 28.37 34.57 /

Fully NAT models

NAT(Gu et al., 2017) 17.69 26.22 /
Hint-NAT(Li et al., 2018) 21.11 / /
TCL-NAT(Guo et al., 2020) 21.94 / 28.16
DCRF-NAT(Sun et al., 2019) 23.44 / /
Flowseq(Ma et al., 2019) 21.45 29.34 27.55
CMLM 18.05 27.32 /
GLAT(Qian et al., 2020) 25.21 31.19 29.80∗

ReorderNAT (NAT)(Ran et al., 2021) 22.79 29.30 /
CTC(Saharia et al., 2020) 25.7 32.2 /
DSLP(Huang et al., 2022a) 27.02 34.17 /
NAG-BERT(Su et al., 2021) / / 30.45
CTC-NMLA(Shao and Feng, 2022) 27.57 33.86 /

w/ NPD

NAT(NPD=100) 19.17 29.79 24.21
Hint-NAT(NPD=9) 25.20 / /
DCRF-NAT(NPD9) 26.07 / 29.99
GLAT(NPD=7) 26.55 32.87 31.23∗

Ours
NAT-CTC 25.32 31.83 28.35
Hybrid-CTC 27.83 33.88 33.27
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Figure 5: The trade-off between speed-up and BLEU on
WMT14 English→German.
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Figure 6: The BLEU scores of different lengths

weight of the CTC score and 1− β is the weight of
the attention score. To evaluate the impact of this
interpolation, we vary the attention weight 1 − β
from 0.0 to 0.5 on the IWSLT14 German→English
test set; the results are listed in Table 2, where the
swept value is 1− β.

As shown in Table 2, the performance varies
noticeably with the attention weight. It remains

Table 2: The performance of our model with different
attention weights 1− β in Eq. 15.

1− β 0.0 0.01 0.02 0.05 0.06 0.07 0.1 0.2 0.5

BLEU 33.15 33.18 33.20 33.23 33.27 33.24 33.2 31.73 23.42

stable for 1− β between 0.0 and 0.07 and reaches
the best BLEU score at 1 − β = 0.06. A further
increase degrades the performance in proportion,



and at 1−β = 0.5 the model falls below NAT-CTC.
Since 1− β = 0.06 is optimal, we set the attention
weight to 0.06, i.e., the CTC weight β to 0.94, for
all tasks.

Ablation Analysis: We also conduct an extensive
ablation study with the proposed NAT model on the
IWSLT dataset. We conducted experiments on the
IWSLT14 German→English dataset to evaluate the
performance of models with different components.
The results are presented in Table 3.

Table 3: The performance of our model with different
components.

Model BLEU

NAT-CTC 28.35
+ Reorder 31.71
+ Upsample Loss 32.11
+ Local Information Layer 32.46
+ joint decoding 33.27

As we can see from Table 3, we utilize an
encoder-only CTC model NAT-CTC as our base
model, and add the component one after another.
When we add the reorder module on the base model
NAT-CTC, we can observe a significant improve-
ment. We suppose that due to the monotonic align-
ments, the encoder-only CTC model can not learn
the reorder information, which always exists in ma-
chine translation tasks. In this case, the explicit
reorder information will improve the performance
of NAT-CTC model.

Generally, the upsample operation is unsuper-
vised, and the model learns the upsample operation
by itself. To address this issue, we also introduce
the upsample loss of Eq. 13 to guide the upsam-
pling process. As shown in Table 3, the upsample
loss improves the BLEU score of the NAT-CTC
model from 31.71 to 32.11.

Meantime, in our model, we also introduce a
local information layer to extract the local informa-
tion. In this section, we also evaluate the effect of
the local information layer. From Table 3, we can
see that the local information layer can improve the
performance of NAT-CTC model.

Finally, we conduct the experiments to evaluate
the performance of hybrid CTC/attention decode
proposed in this work. From Table 3, we can
see that the performance of hybrid CTC/attention

decode can improve the performance of NAT-CTC
model significantly.

5 Related Works

To speed up machine translation decoding, Gu et al.
(2017) introduced a non-autoregressive decoding
approach. However, when cross-entropy loss was
adapted to train the vanilla NAT model, errors oc-
curred even when the edit distances were small, as
every misplaced word incurred a penalty.

To improve alignment between output and target
sentences, several works have introduced methods
such as aligned cross entropy (Ghazvininejad et al.,
2020), which computes the cross-entropy loss us-
ing an alignment between the sequence of token
labels and token distribution predictions. Du et al.
(2021) further improved this approach by incor-
porating lexical matching to remove penalties for
word order errors, making the loss more compatible
with parallel decoding in NAT. While these meth-
ods improved the performance of cross-entropy
losses, they have not fully solved the problem of
explicit alignment. Libovickỳ and Helcl (2018) pro-
posed a CTC-based NAT model, which differs from
cross-entropy loss as it relaxes the alignment re-
striction. However, it cannot learn non-monotonic
alignments, which are common in machine trans-
lation. To address this limitation, we propose a
reorder-based model that handles non-monotonic
alignment.

Our model is related to Shao and Feng (2022),
who introduce non-monotonic latent alignments
for CTC-based models by incorporating n-gram
matching into the CTC model. They do not ac-
tually solve the word-reordering problem in ma-
chine translation, but rather mitigate it with clever
overlap-based matching. Meanwhile, they adapt
the traditional encoder-decoder framework for NAT
models, which can further alleviate the word-
reordering problem. In contrast, we address the
word-reordering problem using the bottom of the
encoder.

Meanwhile, our model is also related to Ran et al.
(2021), who incorporate an explicit reorder module
into NAT models. In contrast, our model does not
have an explicit reordering model, but we address
word reordering through the bottom of the model.

6 Conclusion

This study addresses the limitations of CTC in
handling non-monotonic alignments, a common



challenge in machine translation. The proposed
model adopts a novel approach to NAT by incor-
porating a reorder-based mechanism. Integrating a
reorder module into the encoder-only NAT model
effectively addresses monotonic alignment issues
caused by CTC loss. Additionally, we utilize a
hybrid CTC/attention decoding method that syner-
gizes the strengths of both models to boost trans-
lation performance. According to our experiments
on benchmark datasets, our approach yields sub-
stantial improvement in the performance of non-
autoregressive machine translation. Our findings
could serve as a valuable guideline for future re-
search on the application of NAT with CTC being
employed.
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