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INTRODUCTION

• To comprehend human language is essential in AI 

• Machine Reading Comprehension (MRC) has been a trending topic in recent NLP 
research
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INTRODUCTION

• Machine Reading Comprehension (MRC) 

• To read and comprehend a given article and answer the questions based on it 

• Type of MRC 

• Cloze-style: CNN / Daily Mail (Hermann et al., 2015), CBT (Hill et al., 2015) 

• Span-extraction: SQuAD (Rajpurkar et al., 2016) 

• Choice-selection: MCTest (Richardson et al., 2013), RACE (Lai et al., 2017) 

• Conversational: CoQA (Reddy et al., 2018), QuAC (Choi et al., 2018) 

• …
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• Problem: Most of the MRC research is mainly for English 

• Languages other than English are not well-addressed due to the lack of data

INTRODUCTION
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INTRODUCTION

• How to enrich the training data in low-resource language? 

• Solution 1: Annotate by human experts
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• How to enrich the training data in low-resource language? 

• Solution 2: Cross-lingual approaches 

• Multilingual representation, translation-based approaches, etc.

INTRODUCTION
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INTRODUCTION

• Contributions 

• We propose a new task called Cross-Lingual Machine Reading Comprehension (CLMRC) 
to address the MRC problems in low-resource language. 

• Several back-translation based approaches are presented for cross-lingual MRC and yield 
state-of-the-art performances on Chinese, Japanese, and French data. 

• Propose a novel model called Dual BERT to simultaneously model <Passage, Question> in 
both source and target language. 

• Dual BERT shows promising results on two public Chinese MRC datasets and set new state-
of-the-art performances, indicating the potentials in CLMRC research.
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RELATED WORK

• Asai et al. (2018) propose to use runtime MT for multilingual MRC 
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RELATED WORK

• Contemporaneous Works (not in the paper) 

• XQA: A Cross-lingual Open-domain Question Answering Dataset (Liu et al., ACL 2019) 

• Propose a cross-lingual QA dataset 

• Cross-Lingual Transfer Learning for Question Answering (Lee and Lee, arXiv 201907) 

• Propose transfer learning approaches for QA 

• Zero-shot Reading Comprehension by Cross-lingual Transfer Learning with Multi-lingual 
Language Representation Model (Hsu et al., EMNLP 2019) 

• …
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PRELIMINARIES

• Task: Span-Extraction Machine Reading 
Comprehension 

• SQuAD (Rajpurkar et al., EMNLP 2016) 

• Passage: From Wikipedia pages, segment into several 
small paragraphs 

• Question: Human-annotated, including various query 
types (what/when/where/who/how/why, etc.) 

• Answer: Continuous segments (text spans) in the 
passage, which has a larger search space, and much 
harder to answer than cloze-style RC
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PRELIMINARIES

• Terminology 

• Source Language (S): for extracting knowledge 

• Rich-resourced, large-scale training data 

• For example, English. 

• Target Language (T): to optimize on 

• Low-resourced, limited or no training data 

• For example, Japanese, French, Chinese, etc. 

• We aim to improve Chinese (target language) MRC using English (source language) resource

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 12 / 40 CLMRC - Preliminaries



BACK-TRANSLATION APPROACHES

• Google Neural Machine Translation (GNMT) 

• Easy API for translation, language detection, etc. 

• Results on NIST MT02~08 show state-of-the-art performances
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BACK-TRANSLATION APPROACHES

• GNMT♠
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BACK-TRANSLATION APPROACHES

• Simple Match♠ 

• Motivation 

• recover translated answer into EXACT passage span 

• Approach 

• calculate character-level text overlap between translated Answer Atrans and 
arbitrary sliding window in target passage PT[i:j] 

• Length of window: len(Atrans) ± δ, δ∈[0, 5]  

• We treat the window PT[i:j] that has largest F1-score as the final answer
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BACK-TRANSLATION APPROACHES

• Answer Aligner 

• SimpleMatch stops at token-level and lacks 
semantic awareness between src/trg answers 

• If we have a few annotated data, we could further 
improve the answer span 

• Condition: A few training data available 

• Solution: Using translated answer and target 
passage to extract the exact span
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BACK-TRANSLATION APPROACHES

• Answer Verifier 

• Answer Aligner does not utilize question information 

• Condition: A few training data available 

• Solution: Feed translated target span, target 
question, and target passage to extract target span
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DUAL BERT

• Overview
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DUAL BERT

• Dual Encoder
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DUAL BERT

• Dual Encoder 

• We use BERT (Devlin et al., NAACL 2019) for RC system
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DUAL BERT

• Bilingual Decoder 

• Raw dot attention 

• Self-Adaptive Attention (SAA)
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DUAL BERT

• Bilingual Decoder 

• Fully connected layer with residual layer normalization 

• Final output for start/end position in the target language 

• Training objective
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DUAL BERT

• How to decide λ? 

• Idea: measure how the translated samples assemble the real target samples 

• Approach: calculate cosine similarity between ground truth span in the source and 
target language
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λ → 1, translated samples are good, thus we’d like to use Laux 
λ → 0, translated samples are bad, thus we’d rather NOT use Laux
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EXPERIMENTS: DATASETS

• Task: Span-Extraction MRC 

• Source Language: English 

• SQuAD (Rajpurkar et al., EMNLP 2016) 

• Target Language: Chinese 

• CMRC 2018 (Cui et al., EMNLP 2019) 

• DRCD (Shao et al., 2018)

Y. Cui, W. Che, T. Liu, B. Qin, S. Wang, G. Hu 24 / 40 CLMRC - Experiments

▲ Statistics of CMRC 2018 & DRCD



EXPERIMENTS: SETUPS

• Tokenization 

• WordPiece tokenizer (Wu et al., 2016) for English, character-level tokenizer for Chinese 

• BERT 

• Multilingual BERT (base): 12-layers, 110M parameters 

• Translation 

• Google Neural Machine Translation (GNMT) API (March, 2019) 

• Optimization 

• AdamW / lr 4e-5 / cosine lr decay / batch 64 / 2 epochs 

• Implementation 

• TensorFlow (Abadi et al., 2016) / Cloud TPU v2 (64G HBM)
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EXPERIMENTS: RESULTS

• Zero-shot Approaches♠ 

• zero-shot: no training data for 
target language 

• Better source BERT, better 
target performance 

• Multi-lingual models exceed 
all other approaches
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EXPERIMENTS: RESULTS

• Back-Translation Approaches 

• SimpleMatch significantly 
improves performance 

• SimpleMatch → Aligner → 
Verifier: The more information we 
use, better performance we get 

• Without SQuAD Weights 

• Modeling input in bilingual 
space could substantially 
improves performance
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EXPERIMENTS: RESULTS

• With SQuAD Weights 

• Cascade Training 

• SQuAD → CMRC/DRCD 

• Mixed Training 

• SQuAD + CMRC/DRCD 

• Mixed > Cascade 

• Dual BERT again outperforms all 
previous methods
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EXPERIMENTS: RESULTS

• Japanese and French SQuAD 

• Better MT + Better RC = Better CLMRC 

• Translation attention is not essential for extracting answer span 

• Still, multi-lingual BERT (w/ SQuAD) yields best performance
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EXPERIMENTS: ABLATIONS

• Ablations on CMRC 2018 data 

• Pre-training with SQuAD is essential for improving performance 

• With source BERT (cascade training), simultaneously modeling input will have positive impact 

• The other modifications seem to also decrease the performance but not that salient
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▲ Ablation of Dual BERT on CMRC 2018 dev set



DISCUSSION

• Question: larger data vs. closer language 

• Target Language: Simplified Chinese 

• Source Language: ?
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DISCUSSION

• Question: larger data vs. closer language 

• < 25k pre-training data 

• There is no much difference 

• Even English pre-trained models are better 
than Chinese ones 

• > 25k pre-training data 

• Down-stream task continues to improve 
significantly
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DISCUSSION

• Question: larger data vs. closer language 

• If the pre-training data is not abundant, there is 
no preference on the selection of the source 
language 

• If there are large-scale training data available, use 
the one that has bigger data, rather than closer 
to the target language 

• One may also make use of the data in various 
languages to further exploit knowledge, and we 
leave this for future work
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CONCLUSION & FUTURE WORK

• Conclusion 

• Propose Cross-Lingual Machine Reading Comprehension (CLMRC)  

• Back-translation approaches for basic cross-lingual MRC purpose 

• Dual BERT for modeling text in bilingual space and enrich representations 

• State-of-the-art performances on Chinese (Simp./Trad.), Japanese, French MRC data 

• Future Work 

• Utilize various types of English reading comprehension data 

• CLMRC without machine translation process
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USEFUL RESOURCES

• CMRC 2018 (Cui et al., EMNLP 2019) 

• https://github.com/ymcui/cmrc2018  

• DRCD (Shao et al., 2018) 

• https://github.com/DRCKnowledgeTeam/DRCD  

• Multilingual BERT (Devlin et al., NAACL 2019) 

• https://github.com/google-research/bert/blob/master/multilingual.md  

• Google Neural Machine Translation 

• https://cloud.google.com/translate/ 
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