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Abstract
Multi-domain adaptation of neural machine translation (NMT) aims to learn a unified seq2seq framework based on multi-
domain data. Domain corpus data mixing is one of the most important ways for multi-domain NMT, which has been widely
explored in many recent works. However, due to the limitation of data mixing strategy, it often suffers from catastrophic
forgetting problem or domain shift problem. To this end, we propose a domain-aware NMT with mask substructure. The
mask substructure is employed in both Transformer-encoder and Transformer-decoder to capture domain-specific repre-
sentations for each domain, then a domain fusion strategy is adopted to obtain a multi-domain adaptive NMT model. Our
domain fusion framework could share domain-invariant knowledge and maintain domain-specific knowledge. We conduct
extensive experiments on multi-domain NMT dataset, and the experimental results show significant improvements over the
state-of-the-art (SOTA) approaches by up to 1.1 BLEU points on 8 domains and up to 4.5 BLEU points on an unseen
domain. Moreover, the in-depth analysis shows that our model can also effectively alleviate both catastrophic forgetting and
domain shift problems.

Keywords Neural machine translation · Multi-domain adaptation · Domain-aware mask substructure · Domain knowledge

1 Introduction

Neural machine translation (NMT) [1–3] is a seq2seq
method for translating sentences from the source language
to the target language, and (multi-)domain adaptation NMT
is one of the crucial research directions which aims to
construct a unified framework to translate multiple domain
sentences. In domain NMT, due to the distinct style or

domain terminology, there are many domain gaps for multi-
domain data. Most previous works generally represent
domain data in domain-specific semantic space with the
domain elements, such as Genre, Topic and Provenance
[4, 5], etc. However, due to domain style or vocabulary
differences, traditional NMT approaches often suffer a
performance drop. There is also substantial domain-invari-
ant knowledge contained in each domain data. Therefore, it
is possible to improve the machine translation performance
with domain adaptation. How to build a unified encoder-
decoder framework with domain-invariant knowledge to
improve multiple domain translation performances is one of
the critical issues for domain adaptation NMT.

The ultimate goal of (multi-)domain adaptation is to
translate not only all domain corpus but also have a good
performance within a unified model, and most domain
translation tasks need to have high-quality and specific
domain data. Unfortunately, two main issues are raised in
domain NMT, (1) the large-scale high-quality parallel sen-
tence pairs are scarce, and (2) the domain-specific termi-
nologies are generally challenging to translate correctly. If
we train the (multi-)domain NMT model in a traditional
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seq2seq framework, the model performance is usually
unsatisfactory. Therefore, it is challenging to find a new
domain adaptation method to obtain a unified and excellent
model with all domain data.

As shown in Table 1, there are many differences between
the Spoken domain and the News domain, e.g., the word
‘apple’. It will inevitably suffer from the domain shift
problem by only combing the domain-specific vocabularies
and parallel sentence pairs together. However, in (multi-
)domain NMT, the model obtained by simply mixing the
training data of each domain cannot sufficiently reflect its
domain characteristics because the domain features are lost
during training. Due to the lack of representation and cor-
respondence between words, the combination of domain
terminology that can express its domain features is often not
well translated.

To deal with the domain shift problem, there are two
main domain adaptation strategies for domain NMT: (1)
domain transfer strategy, using the corpus of the rich-re-
source domain (out-domain) to benefit and train the low-
resource (in-domain) NMT model, and (2) domain adaptive
strategy, using the multi-domain data to train a unified NMT
model for all domain data. Domain transfer strategy focuses
on a specific domain, while domain adaptive strategy
mainly focuses on the generalization of multiple domains.
We believe that building a unified multi-domain NMT
model is conducive to sharing common knowledge between
domains. Based on this, we mainly focus on domain
adaptive strategy in this paper. The classical methods and
current state-of-the-art (SOTA) models include fine-tuning
[6], mixed fine-tuning [7], mixed with domain tags [8],
domain-specific adapters [9], pruning then expanding [10],
sequential prune-tune [11] and so on.

From our perspective, there is often semantic overlap
between the training corpora data, leading to the domain
data imbalance, and Fig. 1 illustrates the semantic overlap
relationship between domains. These imbalanced data
jointly training obtained model will suffer performance
degradation in specific domains, affecting the final model
performance. We argue that the parameter interference
between domains ultimately causes the domain shift prob-
lem. Therefore, if we share most of the common domain-

invariant knowledge and learn a small part of the private
domain-specific knowledge according to the features of
their respective domains during the training process, more
specifically, the word-to-word representation and corre-
spondence can be efficiently implemented based on their
domain features, then we can obtain a unified multi-domain
NMT model with well-performing through this method.

In addition, traditional domain NMT approaches also
suffer from the catastrophic forgetting [12–14] problem. It
is well known that if we jointly train all domain corpus will
obtain an ‘average’ model, which will deviate from all
domain models, and all training domains will be hurt
because a multi-domain NMT model must allocate its
model capabilities to match all domains. But suppose we
use the ‘average’ model to fine-tune on respective domains,
which will correct the deviation and obtain each domain-
specific model with good performance, the description
process is shown in Fig. 2.

To address the domain shift and the catastrophic forget-
ting problems, we first classified the multi-domain NMT
model performance degradation as the domain shift problem
caused by parameter interference between domains, and
then we used the large-scale general domain data and a
small amount of specific domain data to find a domain-

Table 1 A difference phenomenon caused by the combination of
words exists in domain NMT

Spoken domain

ZH 他是个坏蛋，你最好离他远一点。
EN He is a bad apple, you’d better stay away from him.

News domain

ZH 苹果新闻是由苹果公司开发的新闻聚合应用程序。
EN Apple News is a news aggregator app developed by Apple Inc.

Fig. 1 Domain A and Domain B overlap in semantic space. The Five-
pointed star represents common invariant knowledge between
domains, the Triangle and the Square represent the private specific
knowledge with respective domains

Fig. 2 Using the ‘average’ NMT model to fine-tune each domain, !
represents the fine-tuning and correcting deviation process
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aware mask substructure (DAMSS) according to the above
analysis, which can effectively share the common domain-
invariant knowledge and learn the private domain-specific
knowledge, thereby the obtained model can effectively
express the representation and correspondence with the
combination of domain terminology words. By doing so,
the final multi-domain NMT model can effectively generate
respective domain results and represent respective domain
semantic features in a unified model.

Our proposed method contributions are summarized as
follows:

● This paper proposes a domain aware and adaptive NMT
method based on DAMSS to alleviate catastrophic
forgetting and domain shift problems.

● A simple and effective domain fusion strategy is adopted
to obtain a multi-domain adaptive NMT model.

● A domain-aware adaptive Transformer is proposed with

the DAMSS to extract domain-specific knowledge for
each domain.

● Experimental results on the multi-domain dataset are
given to show the effectiveness of our proposed domain
awareness and adaptation NMT approach.

The rest of this paper is organized as follows. Section 2
discusses related work from two aspects: training methods
and model structure. Our proposed methods will be pre-
sented in detail in Sect. 3, followed by experiments in
Sect. 4. Experimental results and analysis are given in
Sect. 5. Section 6 concludes our work.

2 Related work

As far as we know, our research work is obviously related to
training methods and model structure.

2.1 Training methods

Fine-tuning [6, 15, 16] on the general domain (out-domain)
model with in-domain data is the easiest way to improve,
which will significantly damage the general domain trans-
lation quality. Dakwale and Monz [17] improved fine-tun-
ing method through the knowledge distillation (KD) method
[18], which can maintain good translation performance of
out-domain. Chu et al. [7] proposed a mixed fine-tuning
method, which fine-tunes the general domain model with
the mix of the general domain data and over-sampling in-
domain data. Barone et al. [19] added regularization terms
to alleviate the over-fitting phenomenon of in-domain
model during fine-tuning, Khayrallah et al. [20] and
Thompson et al. [21] also added regularization terms to

make the model parameters closer to their original values.
Wang et al. [22] trained on all domain corpus but assigned
different learning rate weights to different sentences, and
the weights were set according to Axelrod et al. [23] pro-
posed data screening indicators. Chen et al. [24] trained a
domain classifier and set the data weights according to the
domain classifier scores. Vilar [25] effectively assigned
weight parameters using the out-domain model hidden state
to adapt in-domain data and freeze out-domain parameters.
Yan et al. [26] accurately set the weights to word level and
set the learning weights for each word by the difference
between the scores of the in and out domain language
models. Recently, Zhang et al. [27] applied curriculum
learning to domain adaptation and the model can gradually
transition from out-domain to in-domain through the cur-
riculum design. Zeng et al. [28] proposed an iterative
training method, which allows the out-domain and in-do-
main models to iteratively learn each other knowledge
based on knowledge distillation method. Wang et al. [29]
applied efficient lifelong learning to domain adaptation
through establishing complementary learning systems. Gu
et al. [10] fixed the important parameters and pruned the
unimportant parameters, and Liang et al. [11] also used a
similar idea, the difference is whether adopt knowledge
distillation method to maintain general domain
performance.

2.2 Model structure

In addition to the deep fusion model proposed by Gulcehre
et al. [30] and Dou et al. [31], Nguyen and Chiang [32]
augmented models by using a lexical choice network. Britz
et al. [33] and Wang et al. [34] mixed data from different
domains for training and introduced a discriminator to
extract common features from respective domains at the
same time. Kobus et al. [35] added domain-specific tags to
each sentence, so that the model can distinguish domain of
the input data, this approach can be extended to new
domains by adding more labels [8], or by defining multi-
dimensional domain tags [36]. Thompson et al. [37] and
Wuebker et al. [38] pointed out that most of the out-domain
model parameters can be fixed, and only a small part of the
in-domain parameters need to be fine-tuned. Gu et al. [39]
preserved the domain-specific features by adding domain-
specific modules to the model. Wu et al. [40] added an
explicit multi-dimensional domain embedding based on Gu
et al. [39], Zeng et al. [41] proposed a method with word-
level domain context discrimination to determine domain-
specific and domain-shared source sentence representations.
Su et al. [42] improved the multi-domain NMT model by
using multi-task learning and monolingual attention-based
domain classification tasks. Jiang et al. [43] defined a
domain-specific attention network that can be activated at
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the word level instead of the sentence level. Bapna et al. [9]
injected domain-specific adapter modules into each layer of
the general domain model and fine-tuned them by freezing
general domain parameters. The adapter layers are typically
inserted between the encoders and decoders, and Pham et al.
[44] used a domain discriminator to determine which
adapter to use. Important decisions like adapter size and the
number of training steps can be tuned manually or deter-
mined via a meta-learning method when using adapters for
NMT domain adaptation as in Sharaf et al. [45].

As stated above, significantly different from the most of
above methods, along with the studies of fine-tuning
[6, 16, 46], sparse sharing for multiple tasks [47], and LaSS
for multilingual NMT [48], we use the large-scale general
domain data and a limited number of specific domain data
to obtain a unified multi-domain NMT model based on the
DAMSS, which can effectively share the common domain-
invariant knowledge and learn private domain-specific
knowledge. To the best of our knowledge, our work is the
first attempt to explore such a DAMSS for multi-domain
adaptation NMT.

3 Method

This section will describe the framework and training
strategy in detail. We adopt the Transformer [3] as the
backbone network, which has the encoder-decoder archi-
tecture, and the whole architecture of our research is illus-
trated in Fig. 3. In addition to the basic structure of
Transformer, it contains word embedding with domain tags,
and both Transformer-encoder and Transformer-decoder
apply DAMSS, which consists of the mask-based multi-
domain attention mechanism.

Our goal is to use the large-scale general domain data
and a small amount of specific domain data based on
DAMSS to obtain a unified multi-domain NMT model with
good performance, which can solve the catastrophic for-
getting and domain shift problems, thereby improving the
translation performance of multiple domains. Through the
proposal of DAMSS, the model network parameters can be
automatically adjusted according to the domain and
enhance the entire model's adaptability.

In this paper, we formulate the multi-domain NMT task
as follows. Denote Dg and fDs j s ¼ 1; 2; � � �g as the large-
scale general data and the specific domain data, respec-
tively, where s is the index of specific domain. Let x be a
source sentence consisting of words x1; x2; � � � ; xif g, y
denotes the ground-truth sentence consisting of words
y1; y2; � � � ; yj

� �
, the domain tags fdk j k ¼ 0; 1; � � �g corre-

spond to the respective sentence pair x; yð Þ, where k the
index of domain tag, and ŷ be a translation sentence

consisting of words ŷ1; ŷ2; � � � ; ŷj�
n o

. The scoring function

f y; ŷð Þ 2 R is employed to calculate BLEU.

3.1 Domain word embedding

Different from the previous traditional word embedding,
which just uses the BOS (begin of sentence), PAD (padding
word), UNK (unknown word) and EOS (end of sentence)
tokens in a sentence. Inspired by Kobus et al. [35], we apply
the domain tags to convey the domain of a sentence pair. In
our framework, as shown in Fig. 4, if given the sentence
pair x; yð Þ and its domain tag dk , we insert the DTS
(Domain Tags) token which consists of fdk j k ¼ 0; 1; � � �g
to indicate its domain at the beginning of the sentence, so
that a sentence word embedding from source or target
consists of domain tag and sentence, which can preserve the
greatest extent domain information.

More specifically, domain information will be incorpo-
rated into embedding via domain tags, which can ameliorate
traditional word embedding. To better describe our pro-
posed domain word embedding method, we summarize the
method function in Eq. (1), the source sentence x and the
target sentence y which come from the k-th domain tag are
embedded as follows:

Es ¼ embsðdk � xÞ
Et ¼ embtðdk � yÞ

ð1Þ

where Es and Et denote the results of word embedding
process for the source and target, respectively, embs and
embt represent the word embedding process and the ‘�’
represents the connect operation.

In addition, similar to most domain adaptation NMT
approaches [7, 27], the domain sentences in respective
domains corpus are shuffled, but the order of domain corpus
used to train the multi-domain NMT model will not be
changed in the training process.

3.2 Domain-aware mask subStructure

In Fig. 3, the left column shows the traditional Transformer
Encoder component, which has the multi-head self-attention
mechanism, the fully connected feed-forward network, and
employed residual connections around each of the sub-
layer, followed by layer normalization. In addition to these
features, as shown in an enlarged portion of the dashed line,
we have implemented DAMSS, which consists of the mask-
based multi-domain attention mechanism.

More specifically, the mask-based multi-domain atten-
tion mechanism contains the domain-aware adaptive mask
with respective domain knowledge, and the red box in

14050 Neural Computing and Applications (2023) 35:14047–14060

123



Fig. 5 indicates the detailed composition. Given a 6-layer
Transformer model with the parameters
PTrans ¼ fPi j i ¼ 1; � � � ; 6g, and the encoder parameters are
PEnc
i ¼ fPEnc

attn;PFFNg where the PEnc
attn and PFFN represent the

multi-head self-attention and feed-forward network module
parameters, respectively, and PEnc

attn consists of concrete
values fWk j k ¼ 0; 1; � � �g. We modified the
Encoder Attention function of Transformer to Eq. (2) to
better describe the change.

Fig. 3 Illustration of the whole architecture. The model is made up of Encoder (left column) and Decoder (right column) subnetworks

Fig. 4 Illustration of domain sentences composition process, the
‘[DTS]’ denotes the domain tags fdk j k ¼ 0; 1; � � �g correspond to the
respective sentence pair x; yð Þ

Fig. 5 Scaled dot-product attention with domain-aware adaptive mask,
which contains the respective domain knowledge
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AttentionEncðQ;K;V Þ ¼ softmax f
QKTffiffiffiffiffi
dk

p ;MEnc

� �� �
V

ð2Þ
and

MEnc ¼ 0; jWk j\a

1; jWk j � a

�
ð3Þ

where f represents processing QKTffiffiffiffi
dk

p with mask MEnc, and the
a represents a hyperparameter. Besides, the value in the

domain-aware adaptive mask MEnc is 1 represents the
parameter weight is reserved, and 0 will abandon the
parameter weight.

The DAMSS in Encoder can efficiently capture relevant
knowledge according to their respective domains and pre-
vent model translation performance degradation due to the
loss of their respective domain features during the encoding
process. As far as we know, the sequential prune-tune
method proposed by Liang et al. [11] also utilizes the mask
matrix to improve the model performance. The mask-based
methods can dynamically train the model network param-
eters based on their respective domain knowledge, signifi-
cantly improving the ability to share the common domain-
invariant knowledge between domains and learn the private
domain-specific knowledge separately.

Similar to the Encoder, apart from the typical compo-
nents in Transformer, the DAMSS is also applied in the
Decoder, as shown in an enlarged portion of the dashed line
in the right of Fig. 3, and the detailed composition is shown
in Fig. 5.

To be more specific, the decoder parameters are
PDec
i ¼ fPDec

attn ;PFFNg, where the PDec
attn represents the multi-

head self-attention and multi-head cross-attention module
parameters, the PFFN represents the feed-forward network
module parameters, and PDec

attn consists of concrete values
fWk j k ¼ 0; 1; � � �g, we also modified the Decoder Atten-
tion function to Eq. (4).

AttentionDecðQ;K;V Þ ¼ softmax f
QKTffiffiffiffiffi
dk

p ;MDec

� �� �
V

ð4Þ
and

MDec ¼ 0; jWk j\a

1; jWk j � a

�
ð5Þ

where f represents processing QKTffiffiffiffi
dk

p with mask MDec, and the
a represents a hyperparameter.

The DAMSS in Decoder allows the model to jointly
attend to information from different sentences representa-
tion in respective domains and map the relationship
between words combined with the characteristics of
respective domains according to the given sentence. Fur-
thermore, the DAMSS in Decoder has similar functions to
Encoder. It can effectively adapt to the decoding according
to respective domains so that the model can capture
domain-related information to improve performance.

3.3 Training strategy

To better describe our framework, we summarize the
training loss function in Eq. (6) and the training procedure
in Algorithm 1.

LðhÞ ¼
X
x;yð Þ2dk

� logPðy j x; hÞ ð6Þ

where x; yð Þ presents a sentence pair from respective
domain tags dk and the h denotes the NMT model
parameters.

Specifically, we first train a base multi-domain NMT

model h0 based on the large-scale general domain data and
all domain-specific data, and we fine-tune the base multi-
domain NMT model to obtain each specific domain model
h�s , then we utilize the average-pool mechanism to get each
domain-specific mask Ms based on the attention matrixes of
all attention modules in h�s , the domain-aware adaptive
mask M consists of all domain-specific mask matrixes,
which can be shown as follows:

M ¼ fMs j s ¼ 1; 2; � � �g ð7Þ
where s is the index of specific domain.

The unified multi-domain modal h� is fine-tuned based

on the base multi-domain model h0 with the aid of the
domain-aware adaptive mask M. During this process, the
multi-domain NMT model can represent respective domain
parameters that contain the special domain knowledge and
share the common and invariant parameters between
domains in the meanwhile. We try to find such DAMSS that
can represent respective domains and improve model gen-
eralization ability. Figure 6 illustrates our training strategy.
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4 Experimental setup

4.1 Dataset

In our experiments, we take the WMT1 corpus as the large-
scale general domain data and use the UM-Corpus2 [49] as
the limited number of specific domain data. For WMT, we

collect about 5.5 M Chinese-English general domain lan-
guage pairs. For UM-Corpus, which is categorized into
eight different text domains including Education, Laws,
Microblog, News, Science, Spoken, Subtitles and Thesis, we
exclude the Microblog domain data from UM-Corpus and
keep the rest as the specific domains’ experimental data.
Besides, the newsdev2017 and newstest2017 are chosen as
the development and test set for the general domain,
respectively. We filter out the duplicate sentences for

Fig. 6 Gray squares are the base multi-domain model h0 parameters.
Orange and blue squares indicate retaining the parameter weights,
while white squares represent the parameter weights needed to

abandon. Red squares represent both parameter weights required to
retain for domain A and B. � means merging each domain mask
process

Algorithm 1 Effective Domain Awareness and Adaptation Approach via
Mask Substructure for Multi-Domain NMT
1: Input: Training sets {Dg, Ds}, development sets {Dv

g , Dv
s}, where s is

the index of specific domain.
2: Output: Multi-Domain NMT model θ∗.
3: θ0 ← TrainBaseModel({Dg, Ds}, {Dv

g , D
v
s})

4: for s = 1, 2, · · · do
5: θ∗

s ← TrainSpecificModel(θ0, Ds, Dv
s )

6: if (Attention Module) in θ∗
s :

7: Generate Ms

8: end for
9: M = {Ms | s = 1, 2, · · · }

10: θ∗ ← TrainMulti-domainModel({Dg, Ds}, {Dv
g , D

v
s}, M)

1 https://www.statmt.org/.
2 http://nlp2ct.cis.umac.mo/um-corpus/.
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specific domains and then randomly extract a certain pro-
portion of the corpus as the training, development, and test
set for respective domains. The detailed description of each
domain dataset is shown in Table 2.

4.2 Data preprocessing and evaluation metrics

We first employ Stanford Segmenter3 to execute word
segmentation on Chinese sentences and MOSES script4 to
tokenize and truecase the English sentences. And then, we
limit the proportion of sentences to 1.5 and the length of
sentences to 200 words for respective domains. Besides, we
apply Byte Pair Encoding (BPE) [50] to split words into
sub-words and set the vocabulary size for Chinese as 40,000
and English as 30,000. Finally, we evaluate the translation
quality with BLEU scores [51] as calculated by multi-bleu.
perl script.

4.3 Model settings

Our experimental environment is Ubuntu 20.04 based on
the Linux system, the compiled language and version are
python 3.7.0. We use Facebook AI Research Sequence-to-
Sequence Toolkit5 (Fairseq) [52] version 0.10.2 based on
PyTorch as the sequence modeling toolkit, which can train
custom models for translation.

In this paper, we first employ experiments on Trans-
former-Base [3], but the experimental results in the general
domain are not well due to a large amount of training data.
Based on this, we replace the architecture with Transformer-
Big. As shown in Table 3, there is a considerable difference
between the general domain results in the Transformer-Base
and Transformer-Big row, and we think that the training
parameters of Transformer-Base are not enough to support
the entire model when the training data scale reaches a

certain level, and the influence not very significant for other
domains where the training data is not very massive.

We choose Transformer-Big as our backbone network
and follow Vaswani et al. [3] to set the configurations. First,
the dimension of all input and output layers is 1024, the
feed-forward network layer is 4096, and we employ 16
parallel attention heads in both encoder and decoder. Then,
parameter optimization is performed using Adaptive
moment estimation (Adam) [53], and the learning rate will
dynamically adjust during the training process. Besides, We
batch sentence pairs by approximated length and limit input
and output tokens per batch to 4096 tokens, the hyperpa-
rameter a in DAMSS is 0.7. Finally, we employ over-
sampling for specific domains to balance the training data
distribution with a temperature of T = 3 and also use
dropout = 0.3 to prevent the over-fitting effectively. As for
decoding, we employ beam search algorithm and set the
beam size as 5. For simplicity, we only report the best
BLEU from the best multi-domain NMT model.

4.4 Compared methods

To verify the effectiveness of our framework, we compare
with some classical methods and the current state-of-the-art
(SOTA) methods, namely:

● Transformer-Big [3]. A single specific domain NMT
model trained on their respective domain corpus with
Transformer-Big.

● Fine-tuning (FT) [6]. It first trains on large-scale general
domain corpus and then fine-tunes it using a limited
number of specific domain corpus to continue training.

● Mixed Fine-tuning (MFT) [7]. It first trains on large-

scale general domain corpus and then fine-tunes it using
both large-scale general domain corpus and oversam-
pling a limited number of specific domain data.

● Mixed with Domain Tags (MDT) [8]. A multi-domain

NMT model trained on the mix of large-scale general
domain and a small amount of specific domain corpus
but added the domain tags before the corpus of
respective domains.

● Pruning Then Expanding (PTE) [10]. A model trained
on general domain and pruned, then use specific
domains data and knowledge distillation where the
unpruned model as a teacher and the pruned model as a
student to adjust the pruned model, finally expand and
fine-tune the pruned model to the original size.

● Sequential Prune-Tune (SPT) [11]: Finding and freezing
the most informative parameters on the general domain
model, then pruning unnecessary parameters, finally

Table 2 The detailed description of each domain dataset

Domain Training Development Test

General 5.5 M 2K 2K

Education 200K 1.5K 1.5K

Laws 400K 1.5K 1.5K

News 400K 1.5K 1.5K

Science 200K 1.5K 1.5K

Spoken 200K 1.5K 1.5K

Subtitles 200K 1.5K 1.5K

Thesis 200K 1.5K 1.5K

3 https://nlp.stanford.edu/.
4 http://www.statmt.org/moses/.
5 https://github.com/pytorch/fairseq.
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using mask matrix and specific domain data to fine-tune
the domain-specific sub-networks.

5 Results and analysis

5.1 Main results

Table 3 shows the main experimental results. For PTE and
SPT, since they are recent works about domain adaptation,
and the training data is consistent with ours, which was
sampled from the WMT and UM-Corpus, we directly
quoted the results. For specific domains, our framework
significantly outperforms the Baseline model. Furthermore,
we reach the following conclusions:

First, we calculate the average of BLEU to better com-
pared with the recent research works PTE and SPT, our
method averaged more than 7.64 and 2.23 compared to PTE
and SPT, respectively. Besides, the SPT also used the
strategy of mask-based to retain domain-specific informa-
tion, so comparing the results can further verify the effec-
tiveness and reflect the model generalization ability of our
proposed method.

Second, for most specific domains, our proposed method
surpasses Transformer-Big, FT, MFT and MDT (Baseline),
commonly used in the domain adaptation NMT. This con-
firms the effectiveness of using the DAMSS to obtain a
unified multi-domain NMT model with good performance
through large-scale general domain data and a small amount
of specific domain data. We can confirm that our method
can alleviate the domain shift problem caused by parameter
interference between domains, thereby improving the multi-
domain NMT model translation performance.

Finally, compared with FT and MFT, our model can
effectively avoid the problem of catastrophic forgetting in

the general domain. Although MDT (Baseline) and PTE can
also solve this problem to a certain extent, the effect of our
proposed framework is more pronounced. The underlying
reason is that our multi-domain NMT model based on
DAMSS can discriminate domain-specific and domain-
shared information to alleviate the performance degradation
problem in general domain and improve specific domain's
performance.

5.2 Ablation experiment

5.2.1 Effects of DAMSS component

In this section, for simplicity, we explored DAMSS com-
ponents’ effects using the General domain and another
specific domain (Science, which with the highest perfor-
mance improvement). The results are shown in Table 4.
First, comparing DAMSS_Enc and DAMSS_All, we can
confirm the effectiveness of DAMSS_Dec, which can cap-
ture domain-related information according to respective
domains during the decoding process. Second, comparing
DAMSS_Dec and DAMSS_All, we can also confirm the
effectiveness of DAMSS_Enc, which can extract and learn
the domain-specific knowledge during the encoding pro-
cess. Finally, comparing all components simultaneously, it
is shown that combining DAMSS_Enc and DAMSS_Decc
can further improve the model performance, and both are
indispensable.

Besides, note that the model performance will be further
improved when both DAMSS_Enc and DAMSS_Dec exist
simultaneously. This result demonstrates the advantage of
DAMSS under our framework. Moreover, all components
of DAMSS will influence each other to share the common
domain-invariant knowledge and maintain the respective
private domain-specific knowledge.

Table 3 Results on WMT (General Domain) dataset and UM-Corpus (Specific Domains) dataset

Model Domains Avg.

General Education Laws News Science Spoken Subtitles Thesis

Transformer-Base [3] 15.52 15.35 33.31 18.24 22.70 20.46 30.53 18.03 21.77

Transformer-Big [3] 23.70 15.46 34.90 18.41 23.80 20.29 32.40 18.15 23.39

FT [6] 19.50 16.91 31.56 18.99 25.74 30.26 22.78 14.89 22.58

MFT [7] 21.55 18.65 32.85 19.97 32.71 32.71 30.05 20.04 26.07

MDT(Baseline) [8] 23.20 19.92 36.15 19.49 30.68 35.84 25.44 19.37 26.26

PTE [10] 23.78 19.55 – – – 18.69 – 16.85 19.72

SPT [11] – 31.20 50.30 21.30 – 14.60 17.20 16.20 25.13

Ours 23.85 21.45 36.55 21.29 33.21 34.89 27.51 20.15 27.36

The bold font in the table is to highlight the best-performing value in this column

All models are based on Transformer-Big. Ours consistently outperforms the Baseline model in most domains and keeps translation performance in
the general domain
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5.2.2 Comparison with different mask type

To verify whether mask type influences our proposed
DAMSS which consists of the mask-based multi-domain
attention mechanism, we use a Random Mask and a general
domain mask (Single Mask) to make a comparison, and the
result is shown in Table 5. We know that the multi-domain
attention mechanism based on the domain-aware adaptive
mask has the best effect compared to other mask types, so
we can determine that the domain-aware adaptive mask is
effective.

The domain-aware adaptive mask can avoid parameter
interference between domains according to the extracted
and learned domain-specific knowledge, thereby achieving
the domain adaptation process to solve the domain shift
problem better, which is conducive to improving the model
performance.

5.2.3 Model generalization ability

As shown in Table 6, we used the DAMSS_All from
Sect. 5.2.1 to translate other domains and compared the
results with the DAMSS from main experiment 5.1. Com-
pared with DAMSS_All, although the BLEU score in Gen-
eral and Science domain has decreased, the decline is not
particularly dramatic. Besides, we tested the DAMSS_All to
other domains, and from Table 6, it is shown that there is a
dramatic decline in Laws and Subtitles domain. This result
strongly proves the generalization ability of our proposed
method, which can keep the performance of the general
domain and improve the performance of specific domains.

5.3 Other experiments

5.3.1 Domain similarity and model representation ability

Ideally, similar domains should share more parameters
because they have more overlapping domain features.
Therefore, we use the language model of respective
domains to represent their domain, then calculate the dis-
tance between each domain to represent the domain simi-
larity relationship and the result is shown in Fig. 7a.

Furthermore, we first randomly select a sentence from the
Test sets in respective domains, then use our model to
characterize the sentence, and finally measure the distance
of two domain sentences by Hellinger distance, which is
defined as Eq. (8) when the probability distribution is
discrete, where P and Q are the discrete distributions for the
true target vector and domain representation vector, V is the
vocabulary size, and the result is shown in Fig. 7b.

HðP;QÞ ¼ 1ffiffiffi
2

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXV
i¼1

ð ffiffiffiffi
pi

p � ffiffiffiffi
qi

p Þ2
vuut ð8Þ

From Fig. 7, we can see that model similarity is positively
correlated with the model representation ability. And the
most obvious improvement effect is also concentrated on
the dark blue domain, we guess that more invariant domain
knowledge is shared between domains, and the specific
domain knowledge can be extracted from respective
domains during the training process, thereby solving the
domain shift problem caused by parameter interference
between domains, which can achieve the process of domain
adaptation and make the model translation performance
better.

5.3.2 Extensibility to new domain

We show that our method can quickly adapt to new unseen
domains without a dramatic drop for other existing
domains. Specifically, we used the Test sets from United
Nations Parallel Corpus6 as a new domain called the Con-
ference domain. In the generation process, we treated it as
General domain to side-verify the model generalization
capability. As shown in Table 7, contrasted with the
Transformer-Big, there are varying degrees of decline in the
FT, MFT, MDT (Baseline) models. In contrast, our model
did not decline and achieved the highest result.

Compared with previous works, we verify the extensi-
bility of DAMSS on Conference domain, showing that our
proposed method can quickly and effectively extend to new
domains and have a good performance, which has important
practical significance for rapid adaptation to save time.
Furthermore, we attribute the easy adaptation for new

Table 4 Results of comparison with DAMSS component

DAMSS Component General Science

DAMSS_Enc 23.84 33.27

DAMSS_Dec 23.53 33.71

DAMSS_All 24.00 33.78

The bold font in the table is to highlight the best-performing value in
this column

Table 5 Results of comparison with different mask types

Mask type General Science

Random mask 22.79 28.00

Single mask 23.62 32.96

Domain-aware adaptive mask 24.00 33.78

The bold font in the table is to highlight the best-performing value in
this column

6 https://conferences.unite.un.org/UNCorpus.
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domains to the DAMSS, which can share common domain-
invariant knowledge and extract domain-specific knowledge
of respective domains, thereby can fast adaptation toward
new domains.

5.3.3 Comparison with model parameters size

As shown in Table 8, compared to other models, our
model parameters size is the same as most, but combined
with the main experiment results, our method can achieve
better results when the model parameters size is

consistent, which further proves the effectiveness of our
approach and the generalization ability of our model. We
argue that the DAMSS can learn more domain-related
information and knowledge in limited model parameters.
In addition, it has a particular meaning for deploying
models with multiple domains to save space in practical
applications.

5.3.4 Example analysis

We sample a few translation examples from Spoken and
News domain, as shown in Table 9, compared with Baseline

Table 6 Results of overall
model generalization ability

General Education Laws News Science Spoken Subtitles Thesis

DAMSS_All 24.00 22.33 30.02 20.33 33.78 35.62 20.61 19.42

Main Experiment 23.85 21.45 36.55 21.29 33.21 34.89 27.51 20.15

Fig. 7 Heat map of model similarity and model representation ability between domains. The model similarity is positively correlated with the
model representation ability

Table 7 Test results of
respective model in the
Conference domain

Model Conference

Transformer-Big 36.59

FT 28.27

MFT 28.84

MDT(Baseline) 34.57

Ours 39.10

The bold font in the table is to
highlight the best-performing
value in this column

Table 8 Results of respective model parameters size

Model Parameters size

Transformer-Big 96.5 M

FT 96.5 M

MFT 96.5 M

MDT(Baseline) 96.5 M

PTE 100.5 M

Ours 96.5 M
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translation results, we observe that the Baseline has a severe
‘reference is unclear’ problem, and our method can signif-
icantly alleviate the issue.

This result can further verify the validity of our model,
namely, our method can not only pay attention to the
association between words at the sentence level but also
resolve the parameter interference between domains by
sharing common domain-invariant knowledge and learning
domain-specific knowledge of respective domains, then
solving the domain shift problem in the process of domain
adaptation, finally improving specific domains translation
performance and keeping the general domain performance.

6 Conclusion

In this paper, we have proposed an effective DAMSS
framework for multi-domain adaptation NMT, which can
alleviate the problem of catastrophic forgetting in General
domain and improve the translation performance of specific
domains. Furthermore, DAMSS can extend easily to new
domains without a dramatic decline and keep the perfor-
mance of existing domains. Finally, Experimental results
and in-depth analyses on translation tasks strongly demon-
strate the effectiveness of our research, which can alleviate
both catastrophic forgetting and domain shift problems by
sharing common domain-invariant knowledge and learning
domain-specific knowledge according to respective
domains. In future, we plan to extend our framework to
low-resource multi-domain translation and apply our
framework to other translation models.
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