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Abstract

Neural machine translation (NMT) has achieved remarkable
success in producing high-quality translations. However, cur-
rent NMT systems suffer from a lack of reliability, as their
outputs that are often affected by lexical or syntactic changes
in inputs, resulting in large variations in quality. This limi-
tation hinders the practicality and trustworthiness of NMT.
A contributing factor to this problem is that NMT models
trained with the one-to-one paradigm struggle to handle the
source diversity phenomenon, where inputs with the same
meaning can be expressed differently. In this work, we treat
this problem as a bilevel optimization problem and present
a consistency-aware meta-learning (CAML) framework de-
rived from the model-agnostic meta-learning (MAML) algo-
rithm to address it. Specifically, the NMT model with CAML
(named CONMT) first learns a consistent meta representa-
tion of semantically equivalent sentences in the outer loop.
Subsequently, a mapping from the meta representation to the
output sentence is learned in the inner loop, allowing the NMT
model to translate semantically equivalent sentences to the
same target sentence. We conduct experiments on the NIST
Chinese to English task, three WMT translation tasks, and
the TED M20 task. The results demonstrate that CONMT
effectively improves overall translation quality and reliably
handles diverse inputs.

Introduction

Neural machine translation (NMT) based on the encoder-
decoder structure (Bahdanau, Cho, and Bengio 2014;
Sutskever, Vinyals, and Le 2014) and attention mecha-
nism (Luong, Pham, and Manning 2015), has achieved promi-
nent success in the vast majority of translation tasks (Cho
et al. 2014; Vaswani et al. 2017) in recent years. Most NMT
models are trained by parallel data in an end-to-end manner.
In a nutshell, the encoder encodes an input sentence into se-
quential hidden states as contextual representation. Then, the
decoder fetches the contextual representation through cross
attention and generates the corresponding target sentence.
However, many previous studies have shown that NMT
models are highly susceptible to lexical or syntactic changes
in inputs (Ott et al. 2018; He, Meister, and Su 2020). This
means that altering the structure of the input sentence or even
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o

You make me calibrate joystick without a new driver.

TEBA BRI R MG . AREBAGHE T 10
o

Under the case of no new , you ask me to

RLEFRACHE THRIAF, FEHOR AR 250 ROk
HIEOLT

You let me calibration the joystick

Figure 1: Translations (Trans) from semantically equivalent
inputs (Source). Compared to the first one, Some semanti-
cally irrelevant modifications in the following inputs bring
apparent changes in the outputs.

just a few words, without changing the semantics, can result
in a significant change in the output, frequently leading to
inaccurate translations (See Figure 1). One reason for this
is that the one-to-one training paradigm conflicts with the
many-to-many characteristic of natural language. We define
the aforementioned phenomenon as the source diversity prob-
lem and focus on the many-to-one situation in this work. In
reality, the many-to-one mapping is commonplace in NMT.
For example, individuals may express the same concept in
different ways, and even two descriptions of the same con-
cept from a single individual may vary significantly. When
NMT correctly handles the source diversity, it will become
more reliable in diversified application scenarios.

Some recent works have noticed this problem and sought
to address it. Nguyen et al. (2020) proposed a data augmenta-
tion method, which back-translates the original sentence by
several machine translation systems, and then directly adds
them into the model training process. However, it does not
constrain the NMT model, leaving them to deal only with syn-
thetic data. Wei et al. (2020) proposed a variational method to
model uncertainty, so as to map semantically equivalent sen-



tences into a sentence representation. However, this method
is tendentious to get a trivial solution, where all sentences are
embedded in a meaningless vector. Moreover, studies on the
robustness of NMT can also mitigate this problem. Liu et al.
(2019) incorporated noisy input with similar pronunciations
into NMT training to address homophone noise. Cheng, Jiang,
and Macherey (2019); Cheng et al. (2020) proposed to use
adversarial examples to address synonym problem. However,
they only focus on the noisy input, part of the source diversity
phenomenon.

In this work, we divide this source diversity problem
into two subproblems: The first one is how fo learn a con-
sistent context representation from semantically equivalent
sentences; The second one is how to map representation
to the ground-truth outputs. Following this intuition, we
present a consistency-aware meta-learning (CAML) frame-
work based on the model-agnostic meta-learning (MAML) al-
gorithm (Finn, Abbeel, and Levine 2017) to address it. Unlike
the traditional MAML, our CAML contains two task-specific
training objectives to constrain the meta representation. Con-
cretely, we design 1). a sentence-level objective to force
semantically equivalent sentences to generate each other; 2).
a word-level objective to constrain the output distributions
from these sentences to be similar. CAML can promote NMT
to learn a consistent meta representation from semantically
equivalent samples in the outer loop. After this, NMT will
focus on learning a mapping from the meta representation to
the output sentence in the inner loop.

To illustrate the effectiveness of the proposed CAML, we
conduct experiments on widely used machine translation
tasks with different settings. Specifically, we first evaluate
our approach on the WMT14 English to German (En—De),
WMT17 Chinese to English (Zh—En), and WMT16 Roma-
nian to English (Ro—En) tasks, and gets more than 1 BLEU
score gain in all of them. Further, we apply our approach to
three varieties: non-autoregressive generation, multilingual
translation, and larger model structure. The empirical results
are indicative of a good versatility of our method. Finally, we
make a simulation experiment, which demonstrating that our
approach effectively alleviates the influence of the different
forms of inputs.

The Proposed Approach

In this section, we will briefly introduce NMT based on the
Transformer (Vaswani et al. 2017) structure and the appli-
cation of MAML (Finn, Abbeel, and Levine 2017) to NMT.
Then, we will describe the proposed CAML based on the
Transformer backbone in detail.

Background and Notations

Neural machine translation. Given a source-target sen-
tence pair {x,y} from the parallel data-set 15, where |B| is
the number of sentence pairs. The paradigm of NMT is:

P(ylz) o< DEC(ENC(z;6e); 04), 1)

where the ENC(-) and DEC(-) are encoder and decoder net-
works respectively, and . and 6, are corresponding param-
eters. In Transformer, they are composed of multiple self-
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attention layers. Then the NMT model is optimized by mini-
mizing the negative log-likelihood, denoted by:

Lx(y, fo(x)) = —Eqg y~n[log P(ylz; 0)],  (2)

where 0 = {6,804}, fo(x) denotes the model prediction of x
with model parameters 6.

MAML for NMT. Model-agnostic meta-learning (MAML)
is an widely used meta-learning (or learning to learn)
algorithm, which divides the training process into two
stages (Finn, Abbeel, and Levine 2017), named meta-train
and meta-test. In meta-train step, a general model is learned
from different data (called supported set), while a task-
specific data (called target set) is used in the meta-test step.

In our setup, we take the original parallel data {x,y} as
the target set, and construct the support set by introduc-
ing a set x° which is semantically equivalent to z. x* =
{z3,--+ ,xi,--- , 7}, where I is the number of sentences.
The x° is generated from a sampling function o(z, y), which
will be described in the Section . Following Gu et al. (2018);
Li et al. (2018a), we can readily employ MAML on NMT
to utilize x°. In this way, we first update the current model
parameters from 6 to 6’ by the gradients in the meta-train
step:

9/ — 00— aVe {ETrain(yiv f@(xf))} ’ (3)

where « is the learning rate and Lrp;, is the loss function
for the meta-train step. We can calculate L, through the
support set as:

1
Crn(y Jo(@D)) = 7 D ALxyis ot} )

Given ', we further leverage the target set to update the
model parameters through the meta-test step:

LTest(yva (I)) = LN(yv f9’ (I))

Consistency-aware Meta-learning for NMT

The ideal case for increasing the reliability of NMT is that se-
mantically equivalent sentences have the same representation
in the semantic space, which allows the model to generate
stable outputs from various inputs. Following this motiva-
tion, the proposed CAML concentrates on promoting NMT
to learn a consistent meta representation from semantically
equivalent samples and to translate from the meta representa-
tion to the ground truth. In this section, we will first introduce
two simple training objectives in the CAML, which constrain
the contextual representation in different aspects. Then, we
will expound on how to incorporate the CAML into the train-
ing process to build a reliable NMT model.

&)

Modeling consistency through multi-level constraints.
In Transformer, the output is decided by the contextual rep-
resentation encoded from the encoder. Namely, when the
representations from sentences in x° are equivalent:

[IENC(a; 0) — ENC(x5;0c)|[3 = 0, {af, 25} C x*, (6)

where the NMT model can generate the same output by the
contextual representation. However, it is hard to optimize this



Algorithm 1: The training process of NMT with CAML

Input: Parallel data set 3; Sampling function: (-); Epoch F
Output: The NMT model f(-)
: fore=0to E do

1
2:  for {z,y}in B do
3 Optimizing f;(-) by the Equation 2
4 end for
5: end for
6: fore =0to E do
7. for {z,y}in B do
8: Sampling x*° by the ¢(x,y)
9: for _in T do
10: Optimizing fy () by the Equation 9
11: end for
12: Optimizing fy(-) by the Equation 10
13:  end for
14: end for
15: return fy(-)

objective due to the variable sentence structure. From another
perspective, we consider two training objectives of different
granularity to optimize the NMT model.

The first is the consistency of the sentence representation,
which we consider to be optimized by a partial reconstruction
manner. We randomly sample a sentence pair {x;, T } from
x* and mask the same part of them, which are denoted as
{z{*, 2’ }. Then, the NMT model is asked to generate one
when given another. Specifically, the sentence level training
loss is formalized as:

Ls(x},x7) = La(a], fo(x7)) + Ln(zi, fo(a])) = @)
— Efa5 29y mp () Boyy~sllog P |25 0) Pz |25; 0)].

Here, Lg encourages the contextual representation to recover
sentences that have similar semantics as itself. This is al-
most equal to enabling NMT to generate the same sentence
representations between semantically equivalent sentences.

Besides modeling the sentence-level semantics embedded
in the sequential representations, we need to treat the dif-
ference in syntactic structure, determining how the decoder
gets the correct contextual information. In contrast, instead
of exploiting the syntactic information, which needs human-
annotated data, we adopt a word-level training objective as
an alternative to making the output distribution generated by
one sentence governed by the others.

Specifically, we constrain the output distributions from
semantically equivalent sentences to be similar at each de-
coding step. Formally, the word-level loss function is sum-
marized as:

Lw(f5(x), fo(x])) =
— By mp () Eqa gy~ Pylz; 0) log P(y|as; 0))],

where 6 is the copy of the NMT parameters, which will not
be updated by the gradient. For different forms of input, the
NMT decoder trained by this objective can get the similar
contextual information at each step, avoiding the the influence
of the structural differences.

®)
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Figure 2: An intuitive illustration of the impact of the pro-
posed CAML on the contextual representation of NMT.

Meta-learning with £g and Lw. Following the MAML
framework (Finn, Abbeel, and Levine 2017), we sample T'
pairs from x° as the support set, and then use the {x}, z, y}
as the rarget set. The training function of the meta-train step
can be summarized as follows:

ETrain(xiia f&(zf)) = (9)

T
B { Lslatys Fol@h) + Lwfo(ai), fo()) }

where mi ; 1s a sentence from x* which not equal to 7, I}
is the learning rate for the meta-train step. Compared to the
Eq. 4, we use the aforementioned self-supervised training
objectives instead of the NMT training loss (i.e., L) in this
step. Our goal is to facilitate the model to pay attention to
learning the contextual representation in the outer loop rather
than directly learning the translation from noisy input data.

The next step of the CAML is to learn to translate based on
contextual representation. An intuitive approach is to adopt
Eq. 9 to train the model. However, it may cause the forgetting
problem since the objective functions of the two steps are
different. To avoid this problem, we integrate Lg and Ly into
the meta-test step as a regularization term to maintain the
representation consistently. Specifically, the meta-test step in
the CAML is reorganized as:

£Tesl(y> f@(-r)) = PY‘CN(yv fg(l’))
+ e{Ls(x, for (z7)) + Lw(fo(x), for (7))} -

maintaining consistency

(10)

The coefficients v and € are used to balance the preference
among these losses, which are empirically set to 1 and 0.5,
respectively. Here, the updated parameters 6’ are computed
by T' gradient descent updates on the support task, which
equals 21. The one gradient update in the meta-train step is:

0"« 0 — Vo {Ls(m\i, fo(x:))) + Lw(folzn:), folzi))},

where 7 is the learning rate of the meta-train step. The overall
training algorithm of our approach is shown in Algorithm 1.
An intuitive illustration is shown in Figure 2.



Semantically Equivalent Sentences

A key factor of our approach is how to build the x° by the
©(+). It is difficult to obtain perfect semantically equivalent
sentences by data augmentation methods. Here, we use two
steps to construct semantically similar sentences as approx-
imations. Coincidentally, previous studies show that noisy
samples enhance the performance of meta-learning (Wang,
Hu, and Hu 2020; Yao et al. 2021). It is worthy to note that
our work focuses on the training strategy of NMT, so we
only use two common data augmentation approaches. Any
advanced approaches can be easily applied here (Wang et al.
2018; Hoang et al. 2018; Nguyen et al. 2020).

Step 1: replacing words with alignment relationships.
Given the sentence z, we sample and replace 20% words
with similar words. More specifically, for a selected word in
x, we choose 100 words from the vocabulary V ordered by
the frequency of a word alignment model, which is trained
on the same parallel data.! Then, we form these words as a
subset and randomly choose one to replace the original word.

Step 2: noisy round-trip translation. Then, we use noisy
round-trip translation to process the data from Step 1 further.
Given sentences from Step 1, we add random vectors sam-
pled from the standard normal distribution to them and trans-
late them to target language sentences y' = {1, -, ¥}, ", ¥},
where J is the number of sentences. We select several sen-
tences from the y” according to the weight EDITDIST(y, y)*

OVERLAP(y),y). The EDITDIST(-) is edit distance and

OVERLAP(+) is word overlap ratio. Then, these sentences
are back-translated to the source language to compose the x°.

Experiments
Implementation Detail

Data-set. We first conduct experiments on the NIST Chi-
nese to English (Zh—En) task and three widely-used WMT
translation tasks: WMT14 English to German (En—De),
WMT16 Romanian to English (Ro—En), and WMT18 Chi-
nese to English (Zh—En). On the NIST Zh—En task, we use
NIST 2006 (MT06) as the dev set and NIST 2002 (MT02),
2003 (MT03), 2004 (MT04), 2005 (MT05), 2008 (MT08) as
the test sets. On the En—De task, we use newstest2013
as the dev set and newstest2014 as the test set. On the
Ro—En task, we use newstest2015 as the dev set and
newstest2016 as the test set. On the Zh—Ee task, we
use newsdev2017 as the dev set, and newstest2017 as
the test set. Moreover, we evaluate our method on the TED
multilingual machine translation task. The overall data-set
is divided into two training sets according to language diver-
sity, which is named related and diverse. The detail is shown
in Wang, Tsvetkov, and Neubig (2020). We only conduct
the many-to-one (M20), which translates eight languages to
English.

Setting. We adopt the Transformer-base for the NIST
Zh—En and WMT Ro—En, Transformer-big for the WMT
Zh—En, and both base and big for the WMT En—De. We

"https://github.com/clab/fast_align
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apply the byte pair encoding (BPE) (Sennrich, Haddow, and
Birch 2016b) to all language pairs and limit vocabulary size to
32K. All out-of-vocabulary words were mapped to the UNK.
In order to avoid the problem of vocabulary mismatch, we
adopt an additional four-layer parallel decoder (Ghazvinine-
jad et al. 2019) for the L£s. We set label smoothing as 0.1
and dropout rate as 0.1. The Adam is adopted as the opti-
mizer, and the 81/32 is set as 0.9/0.98 for the base setting
and 0.9/0.998 for the big setting. The initial learning rate
is 0.001. We adopt the warm-up strategy with 4000 steps.
The learning rate -y of meta-train remains one-tenth of NMT.
Other settings are followed as Vaswani et al. (2017).

We implement our approach on fairseq*. We use 4 V100
GPUs and accumulate the gradient four iterations on the
WMT En—De and Zh—En. Other tasks run on 2 V100 GPUs.
We use beam search as the decoding algorithm and set the
beam size as 5 and the length penalty as 0.6. For a fair com-
parison, we calculate the case-sensitive tokenized BLEU with
the multi-bleu.perl script for the NIST Zh—En, and use the
sacreBLEU>* to calculate case-sensitive BLEU (Papineni
et al. 2002) for all WMT and TED tasks.

Results on NIST Zh— En Task

In order to compare with the related work, we first carried
out experiments on the NIST Zh—En task with the same
setting (Wei et al. 2020; Cheng et al. 2020). Following Cheng
et al. (2020), we sample 1.25M English sentences from the
Xinhua portion of the gigaword corpus as the extra corpus to
enhance the model.

The overall results are shown in Table 1. We divide
the experiment into three parts. Firstly, we compare our
model to the Transformer baselines. We implement the
vanilla Transformer-base trained by the parallel data (Trans-
former, Row 10) and both the parallel and synthetic data
(Transformergyn., Row 11), respectively. The synthetic data
brings a 1.36 BLEU score gain. Transformer with the pro-
posed CAML (CONMT, Row 12) attains 47.64 BLEU. When
incorporating the synthetic data, our approach improves 1.24
to 48.89 BLEU (CONMTyyc, Row 13). Summarily, our ap-
proach gets 3.23/3.12 absolute improvements compared to
the corresponding baselines on the NIST Zh—En task.

Then, we compare our approach to several related work
including the robust NMT (Ebrahimi, Lowd, and Dou 2018;
Cheng, Jiang, and Macherey 2019; Cheng et al. 2020), data-
augmentation (Wei et al. 2020), and enhancing the contextual
representation (Hao et al. 2019). In the same way, we also
report the results from the model trained with or without
synthetic data. Our approach achieves the best performance
on both settings. Furthermore, our method outperforms the
AdvAug by 0.57/0.50 BLEU and achieves state-of-the-art in
four test sets.

Zhttps://github.com/pytorch/fairseq
3https://github.com/mjpost/sacreBLEU
*BLEU+case.mixed-+lang.${Src}-${Trg }+num-
refs.1+smooth.exp+test.${ Task } +tok.13a+version.1.5.1
Shttps://catalog.ldc.upenn.edu/LDC2003T05



# Model MT06 MT02 MT03 MT04 MTO05S MTO08 Avg
1  Vaswani et al. (2017) 4457 4549 4455 4620 4496 3511 43.26
2 Ebrahimi, Lowd, and Dou (2018) 4528 4595 44.68 4599 4532 3584 43.56
3 Cheng, Jiang, and Macherey (2019) 4695 47.06 4648 4739 4658 3738 4498
4 Haoetal. (2019) 4400 N/A 4398 4560 4428 N/A N/A
5 Chengetal. (2020) 4926  49.03 4796 4886 49.88 39.63 47.07
6  Sennrich, Haddow, and Birch (2016a)* 46.20 47.78 4693 47.80 46.81 36.79 4522
7  Cheng, Jiang, and Macherey (2019)* 4774 48.13 47.83 49.13 49.04 38.61 46.55
8  Weietal. (2020)* 48.88  N/A N/A  49.15 4921 4094 N/A
9  Cheng et al. (2020)* 4998 5034 4981 50.61 50.72 4045 48.39
10  Transformer 4524  46.89 46.32 46.83 4572 3631 4441
11 Transformerg,, 46.57 47.13 47.69 4751 46.88 39.67 45.77
12 CONMT 4941 49.83 48.83 4951 50.03 3999 47.64
13 CONMT;] 49.74 5079 5053 5096 51.27 40.88 48.89

sync

Table 1: The effectiveness of our approach (CONMT) on the NIST Zh—En task. “x” indicates the model uses extra monolingual

data-set. “Avg” is the average score of all test sets.

# Model Trans. Base Trans. Big
1  Vaswani et al. (2017) 27.30 28.40

2 Lietal. (2018b) 28.51 29.28

3 Cheng et al. (2018)* 28.09 N/A

4  Gaoetal. (2019)* N/A 29.70

5 Jiao et al. (2020)* 28.30 29.20

6 Transformer 27.53 28.73

7 Transformer,. 28.82 29.71

8 CONMT 28.64* 29.58t

9 CONMT? 30.22¢ 30.87¢

sync

Table 2: The effectiveness of our approach (CONMT) on the
En—De task. “1/1” indicate the model is significantly better
than the baseline (p < 0.05/0.01) (Neubig et al. 2019). “x”
indicates using extra monolingual data. “Trans. Base” and
“Trans. Big” are the base and big setting, respectively.

Results on WMT Tasks

We further evaluate our approach on three widely-used WMT
benchmarks, including WMT14 En—De, WMT17 Zh—En,
and WMT16 En—Ro. Meanwhile, we report several previ-
ous work as a comparison.® The results on WMT14 En—De
are summarized in the Table 2. Our model gets 28.64/29.58
BLEU in the base/big setting (Row 8). Compared to the base-
line (Row 7), our model achieves 1.11/0.85 gains. We use
8M German monolingual sentences sampled from Caswell,
Chelba, and Grangier (2019) to enhance the model. When
combined with the synthetic data, our model gets 30.22/30.87
BLEU (Row 9), which gets 1.4/1.06 improvements and out-
performs all previous work.

The results on the WMT17 Zh—En and WMT16 Ro—En
are shown in Table 3. We use 10M monolingual sentences
sampled from WMT News Craw and 2M monolingual sen-

%We consider the work which measure the results by the scare-
BLEU toolkit.

# Model Zh—En Ro—En
1 Vaswani et al. (2017) 25.21 31.90
2 Wei et al. (2020) 26.48 N/A
3 Yangetal. (2019) 25.15 N/A
4 Zhou et al. (2020) 25.04 N/A
5 Guetal. (2018) N/A 31.76
6  Transformer 25.37 31.93
7 Transformerg,, 26.63 36.94
8 CONMT 26.38 33.72
9 CONMT? 27.49 38.44

sync

Table 3: The effectiveness of our approach (CONMT) on the
WMT Zh—En and WMT16 Ro—En. “+” indicates that the
model uses extra monolingual data. We use the Transformer-
big on the Zh—En and Transformer-base on the Ro—En.

tences from Sennrich, Haddow, and Birch (2016a) for the
Zh—En and Ro—En, respectively. Compared to baselines,
our work gets 1.01/0.86 gains on the Zh—En, and 1.79/1.50
gains on the Ro—En. The extensive experiments on the WMT
benchmark demonstrate more powerfully the effect of the
proposed CAML algorithm.

Effectiveness on Different Varieties

The proposed CAML framework only changes the training
schema of NMT, which means it can be employed on any
Transformer-based NMT tasks. In this section, we conduct
condensed experiments on three popular NMT directions:
non-autoregressive translation, multi-lingual translation, and
larger model size.

Non-autoregressive NMT. Our approach is tangential to
the decoding mode. Thus, whether our approach works on
NAT (Gu et al. 2017; Ghazvininejad et al. 2019) is valuable
to investigate. Here, we employ the CAML based on the

13713



Model Speedup En—De
Vaswani et al. (2017) 1.0x 27.30
Gu et al. (2017) 2.36x 19.17
Ghazvininejad et al. (2019) 1.7x 27.03
Transformer 1.0x 27.53
Mask-Predict 1.63x 27.14
CONMT 1.63x 28.21

Table 4: The results of the proposed CAML (CONMT) on
the NAT structure.

Model Related Diverse
Uni. (7 = o) 22.63 24.81
Temp. (1 = 5) 24.00 26.01
Prop. (1 =1) 24.88 26.68
Wang, Tsvetkov, and Neubig (2020) 25.26 27.00
Wu et al. (2021) 26.28 27.82
CONMT 26.77 28.09

Table 5: The results of our method (CONMT) on the M20O
task. Uni.: sampling data with equal frequency. Temp.: sam-
pling data according to size exponentiated by 7. Prop.: sam-
pling data in portions equivalent to the size of each language.

Mask-Predict (Ghazvininejad et al. 2019) framework’ and
evaluate on the En—De task. The results are shown in Table
4. Our work largely outperforms the Mask-Predict baseline
(+1.07 BLEU) without dropping the decoding speed.

Multilingual NMT. We believe that sentences from differ-
ent languages with the same semantics can be regarded as
semantically equivalent sentences. To verify that, we employ
our approach on the many-to-one (M20) translation task fol-
lowing the setting from Wang, Tsvetkov, and Neubig (2020).
We sample I sentences and use a one-to-many NMT model to
translate to other languages. Then these synthetic sentences
are used as training data for the meta-train step.

The results are shown in Table 5. Compared to Wang,
Tsvetkov, and Neubig (2020), our approach obtains 1.51/1.09
improvements in the related/diverse language pairs. Further-
more, our approach gets better results than Wu et al. (2021),
especially in related language pairs. Empirically, our ap-
proach works better for similar language pairs than diverse
ones, which indicate that it is difficult for NMT to learn
consistent representations for diverse languages.

Larger model size. A spontaneous confusion is whether a
larger model can eliminates the source diversity problem. To
verify the availability in this situation, we employ the CAML
on the pre-trained mBART (Liu et al. 2020) and Deep Trans-
former (Wang et al. 2019) on the En—De task. The results are
shown in Table 6. Compared to the fine-tuning, our approach
gets a 1.41 improvement. Then, when combined with Deep
Transformer, our approach gets a 1.44 gain, outperforming

"The detail of this model is shown in Ghazvininejad et al. (2019).
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Model #Param En—De
Vaswani et al. (2017) 213M 28.40
Wei et al. (2022) 265M 29.80
Wang et al. (2019) 137M 29.30
Zhu et al. (2020) 500M 30.75
Raffel et al. (2020) 700M 30.90
Deep Transformer 159M 29.82
mBART Fine-tuning 610M 28.82
CONMTgyne 207T™M 30.87
mBART w/ CAML 610M 30.23
Deep Transformer w/ CAML 159M 31.26

Table 6: The results of the proposed method with larger model
size on the En—De task.

24
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Figure 3: The BLEU curve under the different ratio of diverse
input. The dotted line is the BLEU from the original inputs.

all previous work. The evaluation results demonstrate that
a larger model can not escape the source diversity problem,
and our CAML still works in this situation.

Analysis

The influence of the diverse input. We sample 300 sam-
ples from MT02-05, each one has one source sentence and
four references, to appraise the ability of our approach to
handle the source diversity problem. We ask two professional
translators to translate source sentences according to the first
reference and the remaining three, respectively. Then, we use
the first reference and the corresponding translation as the
standard test set, and replace input sentences from another
translator in different proportions. The results are presented
in Figure 3. As the replacement proportion increases, the
performance of all models decreases. However, our model is
more reliable than the baseline, which performs similarly to
the original input even with a large replacement proportion.

Distribution across translation quality. Then, we sample
one thousand translations on the En—De task and calculate
the sentence-BLEU of each one.® We divide these sentences
into several groups according to the BLEU score and count

8We use the script from THUMT: https://github.com/THUNLP-
MT/THUMT/blob/master/thumt/utils/bleu.py
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Model En—De A

Transformer (Vaswani et al. 2017) 27.53 —
+ Data Augmentation 27.87 +0.34
+ MAML (Eq.5-4) 27.41 -0.12
+ MTL with Ly and Lg 28.01 +0.48
+ CAML (CONMT) 28.64  +1.11
+Lrin Eq. 9 28.37 +0.84
—Ls in Eq. 9 and Eq. 10 28.27  +0.74
—Lw in Eq. 9 and Eq. 10 28.12  +0.59

Table 7: Ablation study on the WMT14 En—De task.

the number of sentences at each group. The results are shown
in Figure 4. Compared to the baseline, the translations of
our model are more concentrated into interval [60-80) and
have less number in interval [0-40). The evaluation results
show that the proposed CAML can accelerate the model to
generate more stable results, which effectively improves the
reliability of NMT.

Ablation study. To further show the effect of each module
in our approach, we make an ablation study which is shown
in Table 7. On the one hand, we implement three methods
to analyze effect of x°, Ls and Ly. The first one is to use
{x?, y} with the original training set to train the model. The
second one is to apply MAML as described in Eq.4-5. The
third one is to use Lg and Lw in a multi-task learning (MTL)
manner. The first and third methods can get 0.34 and 0.48
gains, respectively. It is unexpected that the MAML does not
work. We believe one of the reasons is that tasks in two stages
of MAML are too similar.

On the other hand, when ablating Lg and Ly, the BLEU
score drops 0.37 and 0.52, respectively. We further attempts
to add the L to meta-train step, which leads to a 0.27 drop.
We think the reason for this is the same as MAML. In sum-
mary, the CAML algorithm is conducive to training, making
the model achieve better results. £g and Lw play different
roles and brings certain improvements to the model.
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Related Work

Reliability vs. Robustness. There is some overlap be-
tween robustness and reliability in NMT (Sperber, Niehues,
and Waibel 2017). Thus, some studies on the robustness
of NMT can partially improve reliability. For example, Liu
et al. (2019) proposed to incorporate noisy sentences into
NMT training to address homophone noise, where words are
replaced by others with similar pronunciations. Ebrahimi,
Lowd, and Dou (2018); Cheng et al. (2020) proposed to use
adversarial examples to address the synonym problem. How-
ever, robustness focuses on noisy inputs, which can deal with
the errors in the sentence. Some pre-processing methods, e.g.,
grammar correction models, are another way to solve the
robustness problem. Our work improves the reliability of
NMT by addressing the source diversity phenomenon. Vari-
ous expressions, all of which are proper, are more common
and intractable than incorrect inputs.

Meta-learning in NLP. Meta-learning offers a strong
generalization ability with limited data. Previous work
has successfully employed model-agnostic meta-learning
(MAML) (Finn, Abbeel, and Levine 2017) to various tasks,
e.g., text classification (Bansal et al. 2020) and genera-
tion (Qian and Yu 2019). In NMT, Gu et al. (2018) pro-
posed to improve the low-resource machine translation with
MAML. Li et al. (2018a) proposed to improve the domain
generalization of NMT with MAML. The proposed CAML is
a derivative of the standard MAML, which focuses on a more
fundamental issue of how to solve the problem of source
diversity to improve the reliability of NMT.

Self-supervised training. Recently, self-supervised train-
ing has been widely used in NLP (Devlin et al. 2019; Brown
et al. 2020; Lample and Conneau 2019). In NMT, Sennrich,
Haddow, and Birch (2016a) firstly proposed back-translation
to translate target monolingual data to synthetic parallel data.
Caswell, Chelba, and Grangier (2019) proposed to add a
tag at the source side of the synthetic data. These data-
augmentation methods objectively enhance the ability of
NMT to deal with source diversity. Wei et al. (2020, 2022)
proposed to model continuous semantics towards reducing
the source uncertainty problem. Following these studies, our
work adopts the self-supervised method to learn the consis-
tent representation from semantically equivalent sentences.

Conclusion

In this work, we clarify the shortcoming of current NMT mod-
els, specifically models trained by the one-to-one paradigm
are hard to deal with the multi-to-one scenario. To address
this problem, we present a consistency-aware meta-learning
(CAML) framework derived from the model-agnostic meta-
learning algorithm. In the proposed CAML, two customized
training objectives are used with the MAML manner to model
the consistent representation, thereby enhancing the reliabil-
ity of the NMT model. Extensive experiments show that
CAML effectively improves translation quality by producing
stable outputs for diverse inputs.
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