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Beyond Likelihood: New Training Objectives for Neural Machine
Translation
10 A 11 H 9:00 —10:00
E RN FEE GFMKE
R E5K: Graham Neubig (Carnegie Mellon University)

MEEAN:

Maximum likelihood estimation (MLE) 1is the
workhorse of training NMT models, but has a number

of issues such as disregard for the actual test-time
decoding algorithm, lack of consideration of the
inherent ambiguity in the generation of translation
references, and inability to deal with training/test-time

data distribution mismatch. In this talk I will discuss '.
some new developments in training objectives for

machine translation that move beyond the standard \ / :
paradigm of training with maximum likelihood 5 . ‘/
estimation. Specifically I will first discuss a method that explicitly trains models to

maximize the semantic similarity between MT outputs and the human-provided
references. Second, I will discuss methods that automatically learn to appropriately
weight training data to maximize test-time performance, including in multilingual
learning settings.

KL R BN

Graham Neubig is an associate professor at the Language Technologies Institute of
Carnegie Mellon University. His work focuses on natural language processing,
specifically multi-lingual models that work in many different languages, and natural
language interfaces that allow humans to communicate with computers in their own
language. Much of this work relies on machine learning, and he is also active in
developing methods and algorithms for machine learning over natural language data.
He publishes regularly in the top venues in natural language processing, machine
learning, and speech, and his work has won awards at EMNLP 2016, EACL 2017,
and NAACL 2019.
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Introduction:

Transfer Learning for Chinese-Lao Neural Machine Translation with Linguistic Similarity
Zhigiang Yu, Zhengtao Yu, Yuxin Huang, Junjun Guo, Zhenhan Wang and Zhibo Man

As a typical low-resource language pair, besides severely limited by the scale of parallel corpus,
Chinese-Lao language pair also has considerable linguistic differences, resulting in poor
performance of Chinese-Lao NMT task. However, there are considerable cross-lingual similarities
between Thai-Lao languages. According to these features, we propose a novel NMT approach.
We first train Chinese-Thai and Thai-Lao NMT models wherein Thai is treated as pivot language.
Then the transfer learning strategy is used to extract the encoder and decoder respectively from the
two trained models. Finally, the encoder and decoder are combined into a new model and then
fine-tuned based on a small-scale Chinese-Lao parallel corpus. We argue that the pivot language
Thai can deliver more information to Lao decoder via linguistic similarity and help improve
translation quality of proposed transfer-based approach. Experimental results demonstrate that our
approach achieves significant improvement on Chinese-Lao translation task.

MTNER: A Corpus for Mongolian Tourism Named Entity Recognition

Xiao Cheng, Weihua Wang, Feilong Bao, Guanglai Gao

Name Entity Recognition is the essential tool for machine translation. Traditional Named Entity
Recognition focuses on the person, location and organization names. However, there is still a lack
of data to identify travel-related named entities, especially in Mongolian. In this paper, we
introduce a newly corpus for Mongolian Tourism Named Entity Recognition (MTNER),
consisting of 16,000 sentences annotated with 18 entity types. We trained in-domain BERT
representations with the 10GB of unannotated Mongolian corpus, and trained a NER model based
on the BERT tagging model with the newly corpus. Which achieves an overall 82.09 F1 score on
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Mongolian Tourism Named Entity Recog-nition and lead to an absolute increase of +3.54 F1
score over the traditional CRF Named Entity Recognition method.

Neural Machine Translation based on Back-Translation for Multilingual Translation
Evaluation Task

Siyu Lai, Yueting Yang, Jin’an Xu, Yufeng Chen and Hui Huang

This paper presents the systems developed by Beijing Jiaotong University for the CCMT
2020 multilingual translation evaluation task. For this translation task, we need to build a
Japanese-English translation system based on only Japanese-Chinese and English-Chinese
data. Our method mainly relies on synthetic data generated by back translation. We
implemented three different architectures, namely Transformer-big, Transformer-base and
Dynamic-Conv. We also implemented multi-model ensemble technique to further boost the
final result. Experiments show that our machine translation system achieved high accuracy
without relying on any bilingual training data.

YuQ: A Chinese-Uyghur Medical-domain Neural Machine Translation Dataset Towards
Knowledge-driven

Qing Yu, Zhe Li, Jiabao Sheng, Jing Sun and Wushour Slamu

Recent advances of deep learning have been successful in delivering state-of-the-art
performance in medical analysis, However, deep neural networks (DNNs) require a large
amount of training data with a high-quality annotation which is not available or expensive in
the field of the medical domain. The research of medical domain neural machine
translation(NMT) is largely limited due to the lack of parallel sentences that consist of
medical domain background knowledge annotations. To this end, we propose a
Chinese-Uyghur NMT knowledge-driven dataset, YuQ, which refers to a ground medical
domain knowledge graphs. Our corpus contains 65K parallel sentences from the medical
domain and 130K utterances. By introduce medical domain glossary knowledge to the
training model, we can win the challenge of low translation accuracy in Chinese-Uyghur
machine translation professional terms. We provide several benchmark models. Ablation
study results show that the models can be enhanced by introducing domain knowledge.

Quality Estimation for Machine Translation with Multi-granularity Interaction

Ke Tian and Jiajun Zhang

Quality estimation (QE) for machine translation is the task of evaluating the translation
system quality without reference translations. By using the existing translation quality
estimation methods, researchers mostly focus on how to extract better features but ignore the
translation oriented interaction. In this paper, we propose a QE model for machine translation
that integrates multi-granularity interaction on the word and sentence level. On the word level,
each word of the target language sentence interacts with each word of the source language
sentence and yields the similarity, and the and entropy of the similarity distribution are
employed as the word-level interaction score. On the sentence level, the similarity between
the source and the target language translation is calculated to indicate the overall translation
quality. Finally, we combine the word-level features and the sentence-level features with
different weights. We perform thorough experiments with detailed studies and analyses on the

11



English-German dataset in the WMTI19 sentence-level QE task, demonstrating the

effectiveness of our method.
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Description and Findings of OPPQO’s Machine Translation Systems for CCMT 2020

Tingxun Shi, Qian Zhang, Xiaoxue Wang, Xiaopu Li, Zhengshan Xue and Jie Hao

This paper demonstrates our machine translation systems for the CCMT 2020, which is
composed of three parts. Each part respectively focuses on English-Chinese bi-direction
translation, Japanese-Chinese-English multi-lingual translation (patent domain), and Chinese
minority languages to Mandarin Chinese translation. In each part, we will demonstrate our
work on data pre-processing, model training as well as the application of general techniques,
such as back-translation, ensemble and reranking. During our experiments, we surprisingly
found that simply applying different Chinese word segmentation tools on low-resource
corpora could bring obvious benefit across different tasks, and we will separate an
independent section to discuss this finding. Among the 7 directions we participated in, we
ranked the first in 6 tasks \footnote{For the corpus filtering task, we ranked first in the 500
million words sub-task} and the second for the rest.

Tsinghua University Neural Machine Translation Systems for CCMT 2020

Gang Chen, Shuo Wang, Xuancheng Huang, Zhixing Tan, Maosong Sun and Yang Liu

This paper describes the neural machine translation system of Tsinghua University for the
bilingual translation task of CCMT 2020. We participated in the Chinese->English translation
tasks. Our systems are based on Transformer architectures and we verified that deepening the
encoder can achieve better results. All models are trained in a distributed way. We employed
several data augmentation methods, including knowledge distillation, back-translation, and
domain adaptation, which are all shown to be effective to improve translation quality.
Distinguishing original text from translationese can lead to better results when performing
domain adaptation. We found model ensemble and transductive ensemble learning can further
improve the translation performance over the individual model. In both Chinese->English and
English->Chinese translation tasks, our systems achieved the highest case-sensitive BLEU
score among all submissions.

RIS B B R RBEARBT I

KXTE, KIrEs, PR #i

ASCHGE T ERFEBE R EACEORBT S 205 16 Jim 2 HLAE 1 K2 (CCMT2020)
FHEVEINAE 55 SRS D0 A SR FH BRGNS o AEPFII R, o ) 2 i 9B AL 5 AR 7T
PIHRAS T PIASBIRAE S5, 709028 SE00H 5 FIE AL B 13 AN 4 DU () TR 2880158 AR5
Ak I AR A4 (0T Bl I _E KR 1 [ 3 B0 Bl 45 2 O P AT TR BRI ZRi et R 2
PLERRIE RS n, ACEERA T H AT CHEE I S BUEOR, Aol ARl g
REGERIERCR, BRIz idase LT TRt 504

EREMEHRKE CCMT2020 BFRFEETFMHARRE

KIH, HXH,

AIAHE TRHRATZIN CCMT2020 BRSPS AE S5 Frig S R G, A4 H) 19 $1i7 22
MAERERE WATSS . AHIE SO RT3 A 1 R 488 28 T O S8 - 1 TH 28 (1 AR R e, %4
MELZREI T CWMT2019 &IPS H/NERIBE R AHESE o T Rilds, &
HI#Z Transformer LA} Transformer-DLCL (56 HT 2 P8I 25201420 E) VE N RFIE $E U Y

o

13



I BLAE I B A A B 2 A B R ROR PRAF X A B 15 2. o Tl T,
fiiH 2 EXa GRU KT A) 7 AE55 1) HTER 73 B sl Rl 0 F55 1) OK/BAD 5
o TATSe FIUBOE Bt ] U 25 34T B2k, AR B 83 A0 i 45 5 QE AT
FHAE—RIATE A IR, AEACHRIMAINE T AASINENES R G
LB 7 VERIPEIN S 5 .

NJUNLP's Machine Translation System for CCMT-2020 Uighur->Chinese Translation
Task

Dongqi Wang, Zihan Liu, Qingnan Jiang, Zewei Sun, Shujian Huang and Jiajun CHEN

This paper describes our submitted systems for CCMT-2020 shared translation tasks. We
build our neural machine translation system based on Google's Transformer architecture. We
also employ some effective techniques such as back translation, data selection, ensemble
translation, fine-tuning and reranking to improve our system.

NJUNLP's Submission for CCMT20 Quality Estimation Task

Qu Cui, Xiang Geng, Shujian Huang and Jiajun CHEN

Quality Estimation is a task to predict the quality of translations without relying on any
references. QE systems are based on neural features but suffer from the limited size of QE
data. The best models nowadays transfer bilingual knowledge from parallel data to QE tasks.
However, the distribution between parallel data and QE data is different which may lead to
that the value of parallel data can not be used for best. More specifically, there are no errors in
parallel translations while there may be more than one error in the translations of QE data. To
alleviate this problem, we propose a model which will mask some tokens at the target side on
parallel data but still need to predict every target token. And based on this model, we propose
a variant model that uses a masked language model at the target side to obtain deep
bi-directional information. Besides, we also try different ensemble methods to get better
performance of the CCMT20 Quality Estimation Task. Our system finally won second place
in the ZH-EN language pair and third place in the EN-ZH language pair.
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BJTU’s Submission to CCMT 2020 Quality Estimation Task

Hui Huang, Jinan Xu, Wenjing Zhu, Yufeng Chen and Rui Dang

This paper presents the systems developed by Beijing Jiaotong University for the CCMT
2020 quality estimation task. In this paper, we propose an effective method to utilize
pretrained language models to improve the performance of QE. Our model combines three
popular pretrained models, which are Bert, XLM and XLM-R, to create a very strong baseline
for both sentence-level and word-level QE. We tried different strategies, including further
pretraining for bilingual input, multi-task learning for multi-granularities and weighted loss
for unbalanced word labels. To generate more accurate prediction, we performed model
ensemble for both granularities. Experiment results show high accuracy on both directions,
and outperform the winning system of last year on sentence level, demonstrating the
effectiveness of our proposed method.

BJTU’s Submission to CCMT 2020 Multilingual Translation Evaluation Task

Siyu Lai, Yueting Yang, Jin'an Xu, Yufeng Chen and Hui Huang

This paper presents the systems developed by Beijing Jiaotong University for the CCMT
2020 multilingual translation evaluation tasks. For this translation task, we need to build a
Japanese-English translation system based on only Japanese-Chinese and English-Chinese
data. Our method mainly relies on synthetic data generated by back translation. We
implemented three different architectures, namely Transformer-big, Transformer-base and
Dynamic-Conv. We also implemented multi-model ensemble technique to further boost the
final result. Experiments show that our machine translation system achieved high accuracy
without relying on any bilingual training data.

Tencent Submissions for the CCMT 2020 Quality Estimation Task

Zixuan Wang, Xiaoli Wang, Xinjie Wen, Ruichen Wang and Qingsong Ma

This paper presents our submissions to CCMT 2020 Quality Estimation (QE) sentence-level
task for both Chinese-to-English (ZH-EN) and English-to-Chinese (EN-ZH). We propose new
methods based on the predictor-estimator architecture. For the predictor, we propose
XLM-predictor and Transformer-predictor. XLM-predictor novelly produces two kinds of
contextual token representation, i.e., mask-XLM and non-mask-XLM. For the estimator, both
RNN-estimator and Transformer-estimator are conducted and two novel strategies, i.e. top K
strategy and multi-head attention strategy, are proposed to enhance the sentence feature
representation. We also propose new effective ensemble technique for sentence-level
predictions.
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Transformer-based Unified Neural Network for quality estimation and Transformer-based
re-decoding model for machine translation
Cong Chen, Zong Qingin, Qi Luo, Lianqgiu Bai and Maoxi Li

Abstract: In this paper, we describe our submitted system for CCMT2020 sentence-level
quality estimation subtasks and machine translation subtasks. We propose two models: (i) a
Transformer-based unified neural network for the quality estimation of machine translation,
which consists of a Transformer bottleneck layer and a bidirectional long short-term memory
network that are jointly optimized and fine-tuned for quality estimation, and (ii) a
Transformer-based re-decoding model for machine translation, which takes the generated
machine translation outputs as the approximate contextual environment of the target language
and synchronously re-decodes each token in the machine translation outputs. Experimental
results on the development set show that the proposed approaches outperform the baseline
systems.
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