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Synchronous Inference for Multilingual Neural
Machine Translation

Qian Wang , Jiajun Zhang , Senior Member, IEEE, and Chengqing Zong , Senior Member, IEEE

Abstract—Multilingual neural machine translation allows a sin-
gle model to translate between multiple language pairs, which
greatly reduces the cost of model training and receives much at-
tention recently. Previous studies mainly focus on training stage
optimization and improve positive knowledge transfer among lan-
guages with different levels of parameter sharing, but ignore the
multilingual knowledge transfer during inference although the
translation in one language may help the generation of other
languages. This work enhances knowledge sharing among mul-
tiple target languages in the inference phase. To achieve this, we
propose a synchronous inference method that can simultaneously
generate translations in multiple languages. During generation, the
model that predicts the next word of each language not only based
on source sentence and previously predicted segments, but also
based on predicted words of other target languages. To maximize
the inference stage knowledge sharing, we design a cross-lingual
attention module which allows the model to dynamically selects
the most relevant information from multiple target languages. The
synchronous inference model requires multi-way parallel training
data which is scarce. We therefore propose to adopt multi-task
learning to incorporate large-scale bilingual data. We evaluate
our method on three multilingual translation datasets and prove
that the proposed method significantly improve the translation
quality and the decoding efficiency compared to strong bilingual
and multilingual baselines.

Index Terms—Multilingualism, neural machine translation,
synchronous inference.

I. INTRODUCTION

N EURAL machine translation has achieved great success
during the past few years [1]–[5]. In neural machine trans-

lation, the underlying encoder-decoder based neural network
directly models the mapping from a source language to a target
language, which provides simplicity of implementation and
better translation quality compared to statistic methods [6]–[8].
In parallel to the development of neural machine translation,
the end-to-end training paradigm also makes it feasible to build
a multilingual neural machine translation (MNMT) system by
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simply extending the source and/or the target side languages [9]–
[12]. Multilingual neural machine translation handles multiple
translation directions within a shared neural model, which
significantly reduces the cost of offline training and online
deploying, and improves the translation accuracy due to the pos-
itive knowledge transfer with the shared parameters [13]–[15].

The dominant paradigm for building a multilingual neural
machine translation system uses a single shared model for all
translation directions and the universal model is jointly trained
on a concatenated dataset that contains parallel sentences of
various language pairs [10], [11]. Previous studies mainly focus
on exploring the optimal parameter sharing strategy [16]–[18]
that can maximize the positive knowledge transfer among lan-
guages by utilizing the complementary information of different
languages in the training process. Recently, [19], [20] attempt
to extend the paradigm by enabling inference stage knowledge
transfer. They build a multilingual translation model that can
translate a source language into two different target languages
simultaneously and interactively, which utilizes the information
from the different languages in the inference process.

However, the existing synchronous generation methods still
face several practical issues [19], [20]. First, previous studies
only consider generating two languages simultaneously and
lacks generalization ability to multiple target language trans-
lation, although multiple target languages can provide more
effective guidance for generating a specific target language.
As shown in Fig. 1, when predicting the Chinese word “ the
generated words “ “linguagem” in Portuguese and “ dn BAqA”
in Hindi can provide more contextual information. Incorporating
multiple target languages also brings robustness, e.g., when the
word “linguagem” is under-translated, the other two languages
can still help the prediction of the Chinese word “ Second,
previous synchronous generation methods use a predefined
weight to manually balance the contributions of the two target
languages. When multiple target languages are involved, the
predefined weight makes it unfeasible to dynamically select the
most relevant information for each language, since different lan-
guages may have different effects on the translation of a specific
language. Third, the training process of previous synchronous
generation model only depends on limited multi-way parallel
data and can not exploit the existing large-scale bilingual parallel
training data.

In this work, we propose a fully synchronous inference
method for multilingual neural machine translation that can
generate multiple target sentences in different languages si-
multaneously and interactively. In the generation process, the
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Fig. 1. An example of an English sentence translated into 4 target languages, including Chinese, Japanese, Portuguese, and Hindi. The 4 target sentences interact
with each other during generation to facilitate the word prediction.

model that predicts the next word relies on not only the source
and previously generated words, but also the predicted tokens
from other languages. To utilize complementary knowledge
of different target languages during generation, we design a
cross-lingual attention module that can dynamically select the
most relevant part from target sentences of multiple auxiliary
languages to guide the generation of language of interest. In this
way, our method can generate translation in multiple languages
simultaneously and allows mutual boosting among those target
languages. Furthermore, in addition to the limited multi-way
parallel training data used in previous synchronous generation
methods, we apply multi-task learning to incorporate the existing
large-scale bilingual parallel dataset. The two tasks, including
vanilla multilingual translation and synchronous generation, are
jointly trained on the multi-way parallel data and the bilingual
parallel data.

We verify the effectiveness of our method through extensive
experiments on three English-centered multilingual datasets,
including the small-scale multi-way aligned IWSLT’14 dataset,
the large-scale multi-way aligned UN dataset, and the WMT’17
dataset that includes both multi-way aligned data and bilingual
parallel data.

Our main contributions are summarized as follows:
1) We propose a synchronous inference method for multi-

lingual NMT that can translate into multiple languages
simultaneously.

2) We propose cross-lingual attention that allows the gener-
ation process to dynamically select relevant information
from multiple target languages.

3) In addition to the limited multi-way parallel training data,
we also propose to adopt multi-task learning to exploit
large-scale bilingual data for training our model.

II. RELATED WORK

A. Multilingual Neural Machine Translation

Multilingual neural machine translation aims to handle
translation between multiple language pairs within a single

model [21]. Compared to their bilingual counterparts, multilin-
gual models greatly reduce the parameter scale while preserving
similar translation quality. In recent years, researchers have
proposed various model architectures with different levels of
parameter sharing for building a multilingual neural machine
translation model. [9] applies multi-task learning for training
a one-to-many multilingual model with a completely shared
encoder and separate decoders. [22] uses a shared decoder for
multi-source translation that generates translation based on mul-
tiple semantically identical sentences from different languages.
Beside shared encoder or shared decoder, shared attention with
separate encoders and separate decoders has also been proposed
to enable many-to-many multilingual translation [16]. These
methods share modules for the same language of different tasks
and reduce the parameter scale from O(m× n) to O(m+ n),
where m and n are the number of source languages and target
languages respectively.

The success in reducing parameter scale with shared modules
motivates a more aggressive sharing strategy that further reduces
the parameter scale to O(1). [11] proposes to use a single
completely shared model borrowed from bilingual translation
for all translation directions. They concatenate bilingual corpora
of different language pairs and append a special language token
to each input sentence to indicate the target language. In the
meantime, [10] proposes a similar model but maintains separate
vocabularies for each language. The shared many-to-many
multilingual model brings positive knowledge transfer and
better translation quality for low-resource languages, and thus
becomes the standard paradigm in multilingual neural machine
translation.

B. Synchronous Inference

Most neural machine translation models follow the autore-
gressive generation style which predicts the target sentence from
left to right and one token at a time. Beam search decoding
strategy is widely used to find a translation that approximately
maximizes the conditional log probability. However, the fixed
left-to-right decoding order can only utilize past information
for predicting the current word and researchers find that the
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future information may also provide valuable guidance since
the translations generated by left-to-right decoding order and
the right-to-left decoding order are complementary to each
other [23], [24].

To effectively exploit the future information during decoding,
[25], [26] propose a synchronous bidirectional decoding method
for sequence generation tasks like neural machine translation.
In synchronous generation, the model produces two translations
following left-to-right order and right-to-left order respectively.
The two translations are generated simultaneously and interac-
tively with a special synchronous attention module and enhanced
beam search algorithm. [27] further improves the decoding effi-
ciency by generating only half translations for both left-to-right
order and right-to-left order and concatenating the two halves to
obtain the final translation.

The synchronous generation methods prove the effectiveness
in acquiring knowledge from a different auxiliary task during
inference. Researchers then investigate the possibility of in-
corporating different tasks [28], such as summarization [26],
speech recognition and speech-to-text translation [29]. [19], [20]
adopt the synchronous generation to multilingual translation
and allow the model to generate translations in two languages
simultaneously and interactively.

However, the existing synchronous interactive generation
methods can only generate two targets at the same time and
lack generalization ability to multiple target languages, although
multiple target languages can provide more effective knowledge
for translation and improve the robustness for synchronous infer-
ence. From this viewpoint, we propose a synchronous inference
method for multilingual neural machine translation to generate
translations in multiple languages simultaneously.

III. BACKGROUND

In this work, we build our model based on the Transformer
architecture [5]. Equipped with beam search decoding algo-
rithm, the Transformer model achieves state-of-the-art results
for machine translation and becomes the de facto standard for
building a neural machine translation system in the research
community and industry. In this section, we will briefly introduce
the Transformer model and the beam search decoding algorithm.

1) The Transformer Model: The transformer model [5] fol-
lows the traditional encoder-decoder framework that consists
of an encoder and a decoder. Given an input sentence x =
(x1, . . . , xn) that contains a list of tokens, the encoder network
first transforms x into a sequence of continuous representation
z = (z1, . . . , zn). The decoder then generates the translation
y = (y1, . . . , ym) based on the representation z one word at
a time. As shown in Fig. 2, both the encoder and the decoder are
stacked with N identical layers. In the encoder, each layer has
two sub-layers: the multi-head self-attention sub-layer and the
position-wise feed-forward network. Residual connection [30]
and layer normalization [31] are employed for each of the
two sub-layers. In the decoder, except for the multi-head self-
attention and the feed-forward network in each encoder layer, the
decoder also inserts an additional multi-head attention module

Fig. 2. The overview of the Transformer model.

Fig. 3. The scaled dot-product attention (left) and the multi-head attention
(right).

that attends to the continuous representation z generated by the
encoder.

2) Multi-head Attention: The power of the Transformer
model relies on the multi-head attention that jointly attend to
different positions from different representation sub-spaces. As
shown in Fig. 3, the multi-head attention module takes a set of
queries, keys, and values as input. For the self-attention sub-layer
in both the encoder and the decoder, the queries, the keys,
and the values are identical and come from the output hidden
states of the previous layer. For the cross-attention sub-layer
in the decoder, the queries are from previous layers while the
keys and the values are from the continuous representation z
from the encoder. Formally, the multi-head attention calculates
the attention from different representation sub-spaces through
different attention heads and concatenates the representations
of each head to obtain the output:

MultiHead(Q,K, V ) = Concat(head1, head2, . . . , headh)W
O
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headi = Attention
(
QWQ

i ,KWK
i , V WV

i

)
(1)

where WQ
i , WK

i , WV
i and WO are parameter matrices of linear

projections.
The attention used in the Transformer is called Scaled Dot-

Product Attention (Fig. 3), in which each head is computed as a
weighted sum of the values, and the weights are obtained by a
softmax function that operates on the scaled dot-product of the
queries and the keys:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (2)

3) Beam Search Decoding: In the inference stage, the trained
neural machine translation model predicts the target sentence
from left to right and one token at a time. Beam search decod-
ing algorithm is used to find a translation that approximately
maximizes the conditional log-probability

∑
t log p(yt|x, y<t),

where y<t is the previously generated tokens. In beam search
with size B, only B hypotheses are stored and extended to
avoid full space searching. At decoding step t, the algorithm
first selects the top-B words with highest probabilities for each
of the B hypotheses with length t− 1, which results in B ×B
candidates. Then, the top-B candidates with length t are selected
and stored. The decoding process continues until a special end-
of-sentence token appears which indicates that the translation of
the current source sentence is finished.

IV. OUR APPROACH

In this section, we will introduce the proposed synchronous
inference framework for multilingual machine translation. We
first introduce the model that can generate translations in mul-
tiple languages simultaneously (§IV-A). The model consists of
a specifically designed attention called cross-lingual attention
that enables information interaction of multiple target languages
in the decoder (§IV-B). To fit in the synchronous generation,
we extend the beam search algorithm that can generate tokens
in multiple languages simultaneously (§IV-C). Finally, we in-
troduce the training strategy for the model and the multi-task
training schema to utilize both limited multi-way parallel data
and large-scale bilingual data (§IV-D).

A. The Synchronous Inference Model

The goal of our model is to translate a given source sentence
x = (x1, . . . , xn) into multiple target languages {y1, . . . ,yL}
simultaneously, where yl = (yl1, . . . , y

l
m) is the translation of

the l-th target language and L is the total number of target
languages. We build our model with the Transformer architec-
ture [5] and the overview of the proposed model is illustrated in
Fig. 4.

1) The Encoder: The encoder in our model is identical to
the Transformer encoder that maps the source sentence x into
a continuous representation z. In previous multilingual neural
machine translation methods, the encoder appends a special lan-
guage ID to each input sentence to indicate the target language:

Fig. 4. The overview of the proposed synchronous generation model. We omit
the details of residual connection and layer normalization for simplicity.

x = (〈lang〉, x1, . . . , xn). However, the language token in the
source sentence makes the representation z target-dependent,
i.e., the representation is correlated with one specific target
language. In our model, since multiple target languages are
generated simultaneously, we remove the language tokens in
the source sentence to make the source representation target-
agnostic.

2) The Decoder: Given the encoder representation z and the
previously generated tokens yl<t for each target language, the
decoder in our model is responsible for predicting the next target
token ylt. As shown in the right part of Fig. 4, the input of our
decoder consists of the already generated tokens of L target
languages:

y =

⎡
⎢⎢⎣
y11 · · · y1t−1
...

. . .
...

yL1 · · · yLt−1

⎤
⎥⎥⎦ (3)

where t is the current decoding step. The decoder consists of
N identical layers and each layer includes three sub-layers:
the feed-forward network and the multi-head cross-attention
are borrowed from the Transformer decoder, while the cross-
lingual attention is designed for synchronous generation and
cross-lingual interaction. The inner representation of the de-
coder h ∈ RL×m×d consists of hidden states of all the L target
languages, where m is the sentence length and d is the hidden
dimension. From the final representation produced by the last
decoder layer, the model predicts the next words for each of the
L languages simultaneously.

B. The Cross-Lingual Attention

We replace the multi-head self-attention in the Transformer
decoder with a specifically designed cross-lingual attention
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Fig. 5. The attention calculation of L = 3 target languages with the proposed
cross-lingual attention based on scaled dot-product attention.

module to enable interaction among different target languages.
This module takes a set of queries Q, keys K, values V ∈
RL×m×d with size as input, and generates hidden representations
for each language simultaneously.

Different from the scaled dot-product attention in the Trans-
former decoder, we allow each target language to not only attend
to itself but also attend to other target languages during the
calculation of attention. To achieve this, we first obtain the
attention between each two languages. As shown in Fig. 5, we
reorder the input to facilitate parallel computation:

Q =
[
Q1 . . . QL

]T
(4)

K =

⎡
⎢⎢⎣
K1 · · · KL

... K [(i+j−2) mod L]+1
...

KL · · · KL−1

⎤
⎥⎥⎦ (5)

V =

⎡
⎢⎢⎣
V 1 · · · V L

... V [(i+j−2) mod L]+1
...

V L · · · V L−1

⎤
⎥⎥⎦ (6)

where Qi, Ki and V i are queries, keys and values of the i-th
language from a specific sub-space.

The attention of the i-th language to the j-th language H̃ij

can be calculated as:

H̃ij = Attention
(
Qi,Kj , V j

)

= Softmax

(
Qi(Kj)T√

dk

)
V j (7)

The pair-wise attention are then combined with a fusion
function to generate the final representation for each language:

Hi = Fusion
(
H̃i1, H̃i2, . . . , H̃iL

)
(8)

For the fusion functions, we first adopt the linear interpolation
and nonlinear interpolation as in other synchronous generation
methods [25], and extend the two functions to fit in multi-
ple target languages. We then propose attention-based fusion

Algorithm 1: Synchronous Beam Search Algorithm.

Input: Encoder f(·), decoder g(·), input sequence
x = (x1, . . . , xn), beam size B, maximum length of
output sequence M , target language IDs ids, vocabulary
size V , number of target languages L.

Output: Translations in multiple languages y.
1: z← f(x)
2: Initialize hypotheses y with size L×B ×M and fill y

with 〈pad〉.
3: Initialize scores (log-probability) s with size

L×B ×M and fill s with 0.
4: for l = 0 to L do
5: y[l, 0, 0]← ids[l] � Initialize the first token of the

first beam as language token.
6: end for
7: for m = 1 to M do
8: p = g(y[:, :, : m], z) � p ∈ RL×B×|V | is the

log-probability of each word at m-th step.
9: p = p+ s[:, :,m] � Accumulated the

log-probabilities of m-th step and previous steps.
10: for l = 0 to L do
11: Select top-B candidates from p[l].
12: Expand tokens y[l] with those candidates.
13: Expand scores s[l] with those candidates.
14: end for
15: end for

function that dynamically selects the most relevant information
from different languages.

1) Linear Interpolation: Intuitively, the importance of self-
attention H̃ii is more important than the attention to other
languages {H̃ij |i �= j} for generating the hidden representation
of the i-th language. We use linear interpolation to control the
importance of attention to different languages:

Hi = H̃ii + λ×
∑
j �=i

H̃ij (9)

where λ is a hyper-parameter to balance the importance from
other languages for generating i-th language.

2) Nonlinear Interpolation: To better distinguish the repre-
sentation of self-attention and the attention to other languages,
we add a nonlinear activation functionAF (·) to other languages:

Hi = H̃ii + λ×
∑
j �=i

AF
(
H̃ij

)
(10)

where AF can be any nonlinear activation functions such as
tanh, ReLU or Sigmoid.

3) Attention-based Fusion: The previous two fusion meth-
ods treat the target languages equally. However, different lan-
guages may have different effects on the translation of a spe-
cific language. Therefore, we propose an attention-based fusion
function that allows one language to dynamically select relevant
information from all languages other than using fixed weight λ

in linear or nonlinear interpolation. The attention-based fusion
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is calculated as:

Hi=Attention

⎛
⎜⎜⎝
⎡
⎢⎢⎣
H̃i1

...

H̃iL

⎤
⎥⎥⎦WQ,

⎡
⎢⎢⎣
H̃i1

...

H̃iL

⎤
⎥⎥⎦WK ,

⎡
⎢⎢⎣
H̃i1

...

H̃iL

⎤
⎥⎥⎦WV

⎞
⎟⎟⎠,

where Attention (HQ, HK , HV )=Softmax

(
HQ(HK)T√

dk

)
HV

(11)

After fusion, the representation of each language contains
information not only from itself, but also from other lan-
guages. The output of the cross-lingual attention module H =
[H1, . . . , HL] is the combination of representations of all
languages.

C. Synchronous Beam Search

Given a trained translation model and a source sentence x,
the beam search algorithm is used to generate a target sequence
y. We extend the traditional beam search to generate multiple
target sequences in different languages simultaneously.

Our synchronous beam search algorithm is shown in Algo-
rithm 1. After obtaining the representation z of the input source
sentence x (Line 1), we initialize the hypotheses token cache
and the score cache (Line 2-3). Different from the bilingual
translation model that use a special 〈BOS〉 to initialize the
first token of the hypothesis, we initialize the first token of
each hypothesis with a language ID corresponding to the target
language (Line 4-6). At each decoding step, the decoder predicts
the output distributions of each language based on the encoder
output and the previously generated tokens of all target lan-
guages (Line 8). The algorithm then selects the best top-B words
for each language and updates the cache for each language (Line
10-14). The generation process continues until the translation of
all languages are finished or the maximum sequence length is
reached. By using the synchronous beam search with our model,
the decoding process of each language can interact with each
other in one beam search process.

D. Model Training

Since our synchronous generation model translates a
source sentence into multiple target languages in parallel, the
model training requires multi-way aligned parallel data, i.e.,
semantically identical sentences are given in all languages.
Given the training dataDmulti-way = DS→{T1,...,TL}, the training
objective is:

L1(θ) =
∑

(x,y)∈Dmulti-way

M∑
i=1

L∑
l=1

− log p
(
yl
i|x,y1

<i, . . . ,y
L
<i

)
︸ ︷︷ ︸

Multi-way Loss

(12)

where L is the number of target languages and M is the
sentence length. Since different target sentences may have
different lengths, we pad the shorter target sentences with a
special 〈PAD〉 token to match the maximum sentence length
M = max(len(y1), . . . , len(yL)), and the loss of the 〈PAD〉
token will be ignored during training.

However, the training requires multi-way aligned parallel
data, which is much scarcer than bilingual parallel data. To
exploit the existing large-scale bilingual parallel data, we adopt
multi-task learning [32] to facilitate the training of our syn-
chronous generation model. We design two tasks that are jointly
optimized: the synchronous generation task and the multilin-
gual translation task. The synchronous generation task aims to
translate one source sentence into multiple target languages as
described in (12), while the multilingual translation task aims to
translate one source sentence into one target language at a time.

Suppose we have a bilingual parallel dataset Dbi =
{DS→T1

bi , . . . ,DS→TL

bi } for different language pairs S → Tl, the
training objective of the multilingual translation task is to min-
imize the negative log-likelihood on different bilingual dataset
DS→Tl

bi in Dbi:

L2(θ) =
L∑

l=1

Bilingual Loss︷ ︸︸ ︷∑
(x,y)∈Dbi

M∑
i=1

− log p(yi|x,y<i)

︸ ︷︷ ︸
Multilingual Loss

(13)

The two tasks, including the vanilla multilingual translation
and the synchronous generation, are jointly trained on the multi-
way parallel data and the bilingual parallel data. We balance the
importance of the two tasks with parameter α that controlled by
a sigmoid decay function:

α =
1

1 + exp(−10 k/T )
L(θ) = (1− α)L1(θ) + αL2(θ) (14)

wherek is the current training step andT is the total training step.
In the beginning, the model is trained with both the multilingual
translation objective and the synchronous objective to utilize
the large-scale bilingual parallel dataset. As the training pro-
ceeds, the weight of the synchronous generation task gradually
increases to strengthen the interaction among different target
languages. To stabilize convergence, we first pretrain a multilin-
gual model on the entire dataset and continue training with the
multi-task learning objective.

V. EXPERIMENTAL SETUP

A. Dataset

We evaluate the proposed method on three public English-
centric datasets: the IWSLT’14 dataset [33], the UN dataset [34],
and the WMT’17 dataset [35].

The IWSLT’14 dataset consists of bilingual parallel data of
English to 6 target languages: English → {Spanish, Dutch,
Portuguese, Romanian, Russian, Chinese} (briefly EN →
ES/NL/PT/RO/RU/ZH}). We use a combination of dev2010,
tst2010, tst2011 and tst2012 as validation set and tst2014 as test
set. For the training data and the validation data, we extract 7-way
parallel data for EN/ES/NL/PT/RO/RU/ZH [22] by comparing
the source (English) side of each bilingual dataset and selecting
sentences pairs if their source side sentences are identical.
For the test set, we use the original data without multi-way
parallel selection. Table I summarizes the data statistics for
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TABLE I
STATISTICS OF THE IWSLT’14 DATASET USED IN OUR EXPERIMENTS

TABLE II
STATISTICS OF THE WMT’17 DATASET USED IN OUR EXPERIMENTS

training, validation and testing. We segment the Chinese data
with Jieba tokenizer1 and segment the other languages with
Moses tokenizer2 [36]. We use byte-pair encoding (BPE) [37]
to encode all the training data and learn a shared subword
vocabulary with a size of 32 k.

The UN dataset is composed of United Nations documents in
six official languages of the United Nations: Arabic, Chinese,
English, French, Russian, and Spanish (briefly AR, ZH, EN,
FR, RU, ES). The dataset consists of 11 M 6-way parallel data
for training, 4,000 6-way parallel data for validation and 4,000
6-way parallel data for testing. The Chinese data is segmented
with Jieba tokenizer while the other 5 languages are segmented
with Moses tokenizer. BPE is also used to obtain the shared
vocabulary of about 64 K subword tokens.

For the WMT’17 dataset, we use the English → {German,
Latvian, Finnish} (briefly EN→ DE/LV/FI) bilingual datasets.
We extract the 4-way parallel data for English, Latvian, German
and Finnish and train the synchronous generation model. We
create the 4-way validation data by combining the English side
of newsdev2017 and newstest2016, and translate the English
sentences into German, Latvian, and Finnish with a pretrained
bilingual translation model. The newstest2017 is used for testing.
As shown in Table II, the 4-way parallel data size is quite smaller
than the original bilingual data. To utilize the entire dataset,
we also incorporate the original bilingual data with multi-task
learning described in Section IV-D. Similar to the other two
datasets, we use Moses tokenizer and apply BPE with a shared
vocabulary of 48 K tokens.

B. Training and Evaluation Details

We implement the proposed synchronous generation model
using fairseq toolkit [38]. We use Adam optimizer [39] with
β1 = 0.9, β2 = 0.98 and ε = 10−9. The learning rate is set to
7× 10−4 and inverse square root decay strategy with a warmup
of 8,000 steps is used. We adopt dropout [40] of p = 0.1 during
training. All models are trained and evaluated on a single Nvidia
GTX 3090 GPU. For the model sizes, we adopt two different
settings for the three datasets in our experiment.

1[Online]. Available: https://github.com/fxsjy/jieba
2[Online]. Available: https://github.com/moses-smt/mosesdecoder

For the smaller IWSLT’14 dataset, we follow the trans-
former_iwslt_de_en setting,3 which includes 6 encoder layers
and 6 decoder layers. The hidden size is set to 512 while the
feed-forward inner dimension is set to 1024. The multi-head
attention contains 4 heads. For the larger WMT’17 dataset and
the UN dataset, we adopt the configuration of transformer_base
used in [5], which also contains 6 layers of encoder and decoder.
The feed-forward inner dimension is set to 2048 and the hidden
size is 512. The number of attention heads of the multi-head
attention module is set to 8. The batch size is set to 4,096 source
tokens and gradient accumulation of 8 is used for the WMT’17
dataset and the UN dataset to simulate multi-GPU training.

During inference, we use beam search with a beam size of 4
and length penalty of 0.6. The translation quality is evaluated
with different metrics including BLEU [41] and chrF [42], [43].
We adopt the SacreBLEU toolkit4 [44] for evaluation and test
the statistical significance by bootstrap resampling [45].

C. Systems

In our experiments, we compare the following baseline meth-
ods:

1) Bilingual: We use the standard Transformer architec-
ture [5] as our Bilingual translation baseline, in which we train
an individual model for each translation direction.

2) Multilingual: We adopt the complete shared multilingual
translation model [11] as our Multilingual baseline. We use the
vanilla Transformer model instead of LSTM used in [11] and
train a single model on different translation directions. The input
sentence is prefixed with a language token to indicate the target
language.

3) Linear Fusion: Our synchronous generation method with
linear fusion that incorporate information from other languages
with linear interpolation. The hyper-parameter λ is set to 0.1 as
in previous 2-target synchronous generation methods [25].

4) Nonlinear Fusion: We use tanh as the non-linear activa-
tion function to incorporate information from other languages.
Similar to Linear Fusion, the hyper-parameter λ is also set to
0.1 as in [25].

5) Attention Fusion: The synchronous generation with
attention-based fusion that dynamically select related informa-
tion from different languages.

VI. RESULTS AND ANALYSES

A. Results on the IWSLT’14 Dataset

Table III shows the translation performance of different
systems on the IWSLT’14 dataset. All models are trained on

3[Online]. Available: https://github.com/pytorch/fairseq/tree/main/
examples/translation

4[Online]. Available: https://github.com/mjpost/sacrebleu
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TABLE III
THE RESULTS OF DIFFERENT METHODS ON THE IWSLT’14 DATASET. BOLD INDICATES BEST RESULTS OF ALL METHODS

† Indicate That the Corresponding Results Are Significantly Better Than the Results of Multilingual Method With p < 0.05.

TABLE IV
THE RESULTS ON THE UN DATASET

Bold Indicates Best Results of Multilingual Models and the Overall Best Results are Underlined. † Indicate That the Corresponding Results
are Significantly Better Than the Results of Multilingual Method With p < 0.05.

the extracted 7-way parallel training data. Comparing the two
baseline methods, we find that the Multilingual method brings
better translation quality for all translation directions. The
reason is that the IWSLT’14 dataset is quite small (about 150 K
sentences for each target language), and thus the bilingual model
is not well trained. The Multilingual method trains a single
model for all language directions and the shared parameters
bring positive knowledge transfer among languages. The
superiority of the Multilingual method suggests the effectiveness
of using complementary information among languages.

We go a step further to investigate the multilingual syn-
chronous generation that explicitly utilize the complementary
information in the target side. It is obvious to see from Table III
that our method performs better than the baseline methods. The
Linear Fusion and the Nonlinear Fusion methods achieve sim-
ilar gain over the Multilingual method by using a fixed amount
of auxiliary information from other languages. The Attention
Fusion dynamically selects the most relevant information from
different languages and performs best among all methods, which
verifies that the contribution of different languages varies in
the generation process. The remarkable improvements suggest
that our synchronous generation method can better explore the
complementary knowledge among different languages.

B. Results on the UN Dataset

Table IV shows the translation quality on the UN dataset.
Different from the results on the IWSLT’14 dataset, the Multi-
lingual method performs worse than the Bilingual method on the
UN dataset. The reason is that the dataset is quite larger than the
IWSLT’14 dataset, and the bilingual model is efficiently trained.
The Multilingual model runs into capacity bottleneck [13],

[46] that a single model is not capable for modeling multiple
translation directions with a massive amount of training data.

As for our method, both the Linear Fusion and the Nonlinear
Fusion perform better than the Multilingual method by utilizing
complementary knowledge of different languages, but fail in
outperforming the strong Bilingual baseline that is efficiently
trained on the large-scale bilingual data. The Attention Fusion
method further improves the translation quality by using a
more dynamic and flexible attention mechanism to incorporate
information from other languages, and achieves comparable or
even better performance than the strong Bilingual baseline.

C. Results on the WMT’17 Dataset

For the results on the WMT’17 dataset, we first evaluate the
performance of our synchronous generation method trained on
4-way parallel data and report the translation quality of different
systems in Table V. To make a fair comparison, the Bilingual
and Multilingual models are also trained on the same 4-way
training data (about 647 K parallel data). Similar to the results
on the IWSLT’14 dataset, the Multilingual model outperforms
the Bilingual model with the limited training data but the per-
formance gain is less significant since the dataset is larger than
the IWSLT’14 dataset. As for our method, the performance gaps
between different fusion methods are smaller than the other two
datasets. The reason is that there are only 3 target languages
and the small number of languages limits the flexibility of the
Attention Fusion method.

To evaluate our multi-task learning method, we use the entire
training data in the WMT’17 dataset. The 4-way parallel data
are used to train the synchronous generation task while the
entire bilingual data are used to train the multilingual translation
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TABLE V
THE RESULTS ON THE WMT’17 DATASET WITH BOTH 4-WAY PARALLEL DATA AND BILINGUAL PARALLEL DATA

† Indicate That the Corresponding Results Are Significantly Better Than the Results of Multilingual Method Using All Available
Data With p < 0.05.

TABLE VI
THE COMPARISON OF MODEL SIZE AND EFFICIENCY ON THE IWSLT’14 DATASET

The Model Size is the Number of Parameters and the Efficiency is Measured by the Number of Tokens the Model Can Process
Per Second (With One NVIDIA GTX 3090 GPU) . 1-Target Means the Efficiency of Generating One Target Language at a
Time While 6-Target Denotes Generating All the 6 Target Languages in the IWSLT’14 Dataset.

task as described in Section IV-D. The results are shown in
Table V. With large-scale data, the advantage of Multilingual
method is less significant, especially on EN → DE, which
consists of the largest 5.9 M bilingual data. The proposed
Multi-Task learning method, which is trained on bilingual data
and multi-way parallel data with Attention Fusion, consistently
outperforms the Multilingual baseline and achieves comparable
or even better performance than the Bilingual method. Besides,
compared to the Attention Fusion model that trained only on
4-way parallel data, the Multi-Task method also gains significant
improvements, which proves the benefits of utilizing bilingual
data when training the synchronous generation model.

D. Model Size and Efficiency

Our synchronous generation method improves the translation
quality for each language with a more complicated model than
the vanilla Multilingual method. To investigate the model size
and computational efficiency of our method, we use the model
trained on the IWSLT’14 dataset for evaluation and report the
statistics of different systems in Table VI.

As for the model size, it is obvious that the Bilingual method
that trains an individual model for each translation direction is
the most space occupying. The Multilingual method trains a
single model for all translation directions and the model size is
much smaller for translation between multiple language pairs.
Our Linear Fusion and Nonlinear Fusion methods maintain the

same model size without extra parameters. The Attention Fusion
method increases the model size with extra projection matrices
in (11).

Since our method includes cross-lingual interaction with the
cross-lingual attention (Section IV-B), the training and gen-
eration involve multiple languages in a single step and the
computational complexity is slightly increased. As shown in the
Efficiency of Table VI, our model is about 81.51% (Attention
Fusion) to 87.97% (Linear Fusion) slower than the Multilingual
baseline. In the generation for 1 target language, our method with
different fusion mechanisms is much slower since they actually
generate multiple target languages. When multiple languages
are required (6-Target), our method achieves 3.37X (Attention
Fusion) to 3.75X (Nonlinear Fusion) speedup compared to the
Multilingual method. The statistics suggest that our method
is more efficient for generating translations in multiple target
languages.

E. The Contribution of Different Languages

In previous sections, we argue that our synchronous genera-
tion method can bring better translation quality by utilizing the
relevant information from different languages. A natural ques-
tion may arise which language is more important for translating
a specific language. To answer this question, we analyze the
contribution of different languages by investigating the weights
of attention-based fusion in our cross-lingual attention module.
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Fig. 6. Attention weights of different languages in the cross-lingual attention module with attention-based fusion in 6 decoder layers.

Fig. 7. The weights of cross-lingual attention with attention-based fusion in
Layer 5. We set the threshold in the color map to 0.15 to better investigate the
contribution of different languages.

We use the model trained on the IWSLT’14 dataset and
run a forward pass over the entire validation set to obtain the
cross-lingual attention weights averaged across all tokens. The
attention weights of different layers are shown in Fig. 6. We
find that the contribution of self-attention dynamically decreases
from shallower layers to deeper layers. In the shallower layers,
each language only focuses on itself and ignores the information
from other languages. This may be because the representation
in shallower layers only contains lexical information and the
lexical knowledge among languages are quite different, e.g., the
Chinese word “ have the same meaning but the representations
of the two words may be totally different in the shallower layers.
Since the deeper layers learn more semantic level knowledge,
the representation of “ as the layers become deeper, and thus the
complementary information from other languages can be easily
exploited.

To further investigate the contribution of different languages,
we plot the cross-lingual attention of the last layer (Layer 5) and
set the color map threshold to 0.15. The heat map of attention
weights averaged across all tokens of each sentence is shown
in Fig. 7, and the attention weights at the beginning, middle,
and end of each sentence are depicted in Fig. 8. In both Fig. 7
and Fig. 8, we find that Chinese is more important than other
languages (the color of the last column is deeper) for prediction
of different languages (different rows).

That may be because the Chinese sentences are more concise
and shorter than sentences in other languages, and a word is
more likely to be translated into Chinese at the early stage during
generation. We also present a translation example in Table VII.

F. The Analysis of Under-Translation Errors

Since the proposed method can exploit the knowledge from
both the source language and different target languages, it
can potentially reduce the under-translation errors where some
words in the source sentence are mistakenly untranslated.
Therefore, we adopt the contrastive conditioning detection
method [47] to find out under-translation errors. Specifically,
given a source sentence s and a machine translation hypothesish,
we construct a set of partial source sentences s′ by deleting words
in s and use a pretrained mBART50 model [48] to calculate the
probability score for each s′ and h. For the highest probability
score with a partial source s′, the deleted words s− s′ are marked
as under-translated. We refer the reader to [47] for more details.

The statistics are reported in Table VIII. It is obvious that our
method can reduce the under-translation errors compared to the
Multilingual baseline method. We also find that the rate of error
reduction for different languages are inconsistent. For example,
our method reduces about 28.5% under-translation errors for
Dutch (NL) but achieves only 8.9% error reduction for Chinese
(ZH).

G. The Effects of Different Word Order

So far, we have shown the effectiveness of our method on
multilingual datasets with different scales. However, the target
languages we used are mainly European languages and the word
order of the languages are similar (mainly Subject-Verb-Object
in terms of linguistic typology). Since our method can utilize
the complementary information from multiple target languages,
we also investigate the performance of our method with target
languages with different word orders. We translate the English-
centered parallel data of TED talks5 collected by [49]. We choose
four languages from this dataset including two Subject-Verb-
Object (SVO) languages and two Subject-Object-Verb (SOV)
languages. The two SVO languages are Spanish (ES) and Por-
tuguese (PT), while the two SOV languages are Japanese (JA)
and Korean (KO). We extract 277 K 5-way parallel sentences
(including English) for training, 4,000 for validation and 4,000
for testing. The data processing and training settings are identical
to the configuration used for the IWSLT’14 dataset.

The results measured in BLEU are shown in Table IX. Besides
the Multilingual baseline model, we train three models with our
Attention Fusion method to explore the effects of different word

5[Online]. Available: https://www.ted.com
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Fig. 8. The attention weights of different languages in Layer 5. We average the weights of tokens at the beginning (first 25% tokens), middle (middle 25% tokens),
and end (last 25% tokens) of each sentence. The threshold in the color map is set to 0.15.

TABLE VII
TRANSLATION EXAMPLES FROM THE IWSLT’14 DATASET

Our Method Improves the Translation in Spanish (Bold Words) Based on the underlined Words in Other Auxiliary Languages. All Target Language Translations Are Generated
Simultaneously.

TABLE VIII
THE AVERAGE NUMBER OF UNDER-TRANSLATION ERRORS PER SENTENCE OF

DIFFERENT METHODS ON THE IWSLT’14 TEST SET

TABLE IX
THE PERFORMANCE OF OUR METHOD WITH TARGET LANGUAGES OF

DIFFERENT WORD ORDER

orders. The SVO & SOV model uses training data of English to
all the four target languages, while the SVO only model and the
SOV only model include only two SVO languages and two SOV
languages respectively. It is obvious that the SVO & SOV model
performs best since it can exploit more context information from
multiple target languages. The results indicate that our method
can benefit from more target languages with diverse word orders.

VII. CONCLUSION

In this paper, we propose a synchronous inference method
for multilingual neural machine translation that allows a single
model to generate translations in multiple languages simultane-
ously. To optimize information sharing among languages during
decoding, we propose cross-lingual attention with attention-
based fusion to dynamically integrate relevant information from
all languages. During training the synchronous inference model,
in addition to the limited multi-way parallel data, we incorporate
the existing large-scale bilingual data with multi-task learning.
The experimental results on three public multilingual translation
datasets demonstrate that our method significantly outperforms
the strong baselines and improve the decoding efficiency. Fur-
ther analyses reveal that the contribution of different languages
varies across layers and the contextual information of different
languages are mostly fused in the deeper layers.
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