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Cross-lingual Open-retrieval Question Answering (COQA)
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Cross-lingual Open-retrieval Question Answering (COQA)

'id": '7931051574381133444"',

o Doc(en)  Doc(ar) . ‘question’: [HMMEIGLOHIREAL:
Question(ja) ——— _ Answer (ja) nswers' (19545 M5 195551
Doc(ru) Doc(ja) 'split' train’,

'source": 'xor-tydi'
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Question(km) Answer(km)
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MIA-Shared Task: Constrained Track with training data without training data
e Train: Natural QueStl_ons ’ XOR-TYDI_QA Arabic (ar), Bengali (bn), Spanish (es), Khmer (km),
e Dev/Test: XOR-TyDi QA, MKQA , Surprise Languages English (en), Finnish (fi), Malay (ms), Swedish (sv),
o Preprocessed Wikipedia Passages Japanese (ja), Korean (ko), Turkish (tr), Chinese (zh-cn),
e Unlabeled data Russian (ru), Telugu (te) Tamil (ta)*, Tagalog (tl)*
Table 1: languages for the shared task datasets *surprise languages
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e Dev/Test: XOR-TyDi QA, MKQA , Surprise Languages English (en), Finnish (fi), Malay (ms), Swedish (sv),
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Table 1: languages for the shared task datasets *surprise languages

Will data augmentation help to improve the unseen languages performance?
Will language- and domain-specialization help to improve the COQA performance? 5



ZusammenQA: Data Augmentation with Specialized Models for COQA System
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ZusammenQA: Data Augmentation with Specialized Models for COQA System

[ Data Augmentation ]

The Lego B
Group began

manufacturing the

interlocking toy ) -
bricks in 1949, D QA-generator Question: Who funded LEGO?

(T5) Answer: Ole Krik Christiansen

QA generation

Movies, games,
competitions, and
six Legoland
amusement [...]

Further, we translated QA pairs and run heuristics rule-based filtering.




ZusammenQA: Data Augmentation with Specialized Models for COQA System

[ Data Augmentation ] |:> [ Passage Retrieval ]

e Supervised Models (mDPR variants)

o mDPR [Asaietal, 2021] with MixCSE loss [Zhang et al., 2022]
m Contrastive learning can help to alleviate the anisotropy problem
m As training goes by, the influence of the negatives fades
| can help in keeping a strong gradient

(eqi,epﬁ Aepj +(1-Ne,

é; L
€q:> epj’> + Z?:l <eqi ’ ep > 7/

£md r — _log -
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o mDPR trained with augmented data



ZusammenQA: Data Augmentation with Specialized Models for COQA System

[ Data Augmentation ] |:> [ Passage Retrieval ]

e Unsupervised Models

o Dense Retrieval
m Rank ensembling with sentence encoders

e DISTIL
e LaBSE
e MiniLM
e MPNet

o Term-based Retrieval
m Monolingual oracle BM25
e We create monolingual indexes using BM25 representations
e Language identification of the question
e Querying of the indexes using the answer (oracle)
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[ Data Augmentation ] |:> [ Passage Retrieval ] |:> [ Answer Generation ]
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1Who funded the LEGO group? 2 Ole Kirk Christiansen
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[ Data Augmentation ] |:> [ Passage Retrieval ] |:> [ Answer Generation ]

Input Document Model Specialization
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Additional masked language modeling on documents for domain / language specialization.
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ZusammenQA: Data Augmentation with Specialized Models for COQA System

[ Data Augmentation ] |:> [ Passage Retrieval ] |:> [ Answer Generation ]

Sequence to Sequence with Augmented Data - AUG-QA
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English English

Translate only augmented question and answer

12
1Who funded the LEGO group? 2 Ole Kirk Christiansen



ZusammenQA: Data Augmentation with Specialized Models for COQA System

[ Data Augmentation ] |:> [ Passage Retrieval ] |:> [ Answer Generation ]

Two types of Augmented Data - AUG-QAP
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Translate only augmented guestion, answer and passages

1Who funded the LEGO group? 2 Ole Kirk Christiansen
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Evaluation: Overall Performance

XOR-TyDi QA Models Avg.
Models b fi j ki t Avg.
ode l n i 0 b ¢ e mDPR + mGEN (baselinel) 27.55
mDPR + mGEN (baseline 1) 49.66 33.99 39.54 39.72 25.59 40.98 36.16 37.949
Unsupervised Retrieval
Unsupervised Retrieval OracleBM25 + MLM-14 275
OracleBM25 + MLM-14 0.34 0.49 0.52 2.56 0.19 0.57 5.16 1.404 EnsembleRank + MLM-wikil4 7.94
EnsembleRank + MLM-14 0.34 0.49 1.33 2.56 0.38 6.27 16.21 3.161
R Supervised Retrieval
mDPR(AUG) with MixCSE + MLM-14 20.94 7.18 15.27 23.16 10.25 19.23 10.53 15.223 ggﬁ(ﬁggg W’I’\ZL%"&SE +MLMz14 iig},
mDPR(AUG) + MLM-14 24.99 15.19 20.33 2231 10.68 18.82 11.97 17.754 ( + g :
mDPR + MLM-14 51.66 31.96 38.68 40.89 2535 30.87 37.26 37.951 mDPR + MLM-14 27.00
mDPR + MLM-14(XORQA & AUG-QA) 49.41 32.90 37.95 40.97 2422 39.29 35.76 37.213 mDPR + MLM-14(XORQA & AUG-QA) 26.56
mDPR + MLM-14(XORQA & AUG-QAP) 48.79 3373 38.33 39.87 25.26 39.11 37.94 37.577 mDPR + MLM-14(XORQA & AUG-QAP) 26.83
mDPR + MLM-16 49.92 31.16 37.20 39.92 24.63 38.78 34.30 36.558 mDPR + MLM-16 26.00
mDPR + MLM-16(XORQA & AUG-QA) 49.45 31.59 38.33 40.44 23.83 38.67 35.92 36.889 mDPR + MLM-16(XORQA & AUG-QA) 26.47
mDPR + MLM-16(XORQA & AUG-QAP) 4821 34.20 38.78 40.76 24.81 39.49 34.37 37.231 mDPR + MLM-16(XORQA & AUG-QAP) 26.57
Table 2: Evaluation results on XOR-TyDi QA test data with F1 and macro-average F1 scores Table 4: Results of macro-average F1 for all QA datasets
MKQA Surprise
Models ar en es fi ja km ko ms ru sV tr zh-cn ta tl Avg.
mDPR + mGEN (baselinel) 9.52 3634 27.23 2270 15.89 6.00 7.68 2511 14.60 26.69 21.66 13.78| 0.00 12.78 17.141
Unsupervised Retrieval
OracleBM25 + MLM-14 280 1081 370 329 589 153 151 549 185 742 294 181 000 823 4.090
EnsembleRank + MLM-14 643 31.66 20.02 1738 10.68 6.24 438 21.03 627 21.09 17.13 722 000 839 12.709
Supervised Retrieval
mDPR(AUG) with MixCSE + MLM-14 471 28.06 1278 822 792 544 274 1290 465 1386 838 399 000 672 8599
mDPR(AUG) + MLM-14 564 2923 1727 1551 781 583 338 1657 680 1721 13.10 453 0.00 8.09 10.785
mDPR + MLM-14 873 3532 2554 2042 1427 6.06 6.78 24.10 12.01 2597 2027 1395 0.00 11.14 16.040

mDPR + MLM-14(XORQA & AUG-QA) 846 35.12 2474 19.50 14.38 5.62 7.22 2324 11.46 2449 19.67 15.79 0.86 12.18 15.909
mDPR + MLM-14(XORQA & AUG-QAP) 848 34.73 2546 20.09 14.61 500 7.42 24.16 12.04 2561 19.62 1560 0.00 12.41 16.089
mDPR + MLM-16 8.15 34.14 24.85 19.38 13.73 593 6.51 2221 11.46 2491 18.82 13.62  0.00 12.59 15451
mDPR + MLM-16(XORQA & AUG-QA) 8.21 34.06 25.65 20.14 1422 5.80 6.70 2440 11.82 2571 19.92 1542 040 12.36 16.057
mDPR + MLM-16(XORQA & AUG-QAP) 8.08 33.89 24.94 20.50 14.11 5.15 7.15 2295 1295 2493 19.68 1527 0.14 13.07 15915

Table 3: Evaluation results on MKQA test dataset and two surprise languages with F1 and macro-average F1 scores
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Conclusions

e Data augmentation with language- and domain-specialized additional
training helps to improve resource-lean languages

e Unsupervised vs Supervised retrieval models

e Batch-size for Dense Passage Retrieval methods
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