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Dataset Creation and Validation

Contributions

• Enhanced G-XLT Task: Extended to handle unanswerable 
questions.

• New Datasets: miXQuAD: 12 languages, 24K Qs | MLQA-IDK: 7 
languages, 77K Qs.

• Comprehensive Evaluation: Fine-tuning, LoRA, and In-Context 
Learning approaches.

The Task

Results
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4 6Motivation 

• Previous cross-lingual QA assumes all questions are answerable.

• 51% of real queries lack answers in given context.

• EQA techniques can be effectively applied to downstream tasks.
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Methods

Training set - SQuAD v2.0.

Full-Fine tuning

All model parameters are updated during training.

Parameter-Efficient Fine-Tuning

Only low-rank adaptation matrices are trained while freezing base model 
weights, enabling efficient fine-tuning of large models.

In-Context Learning

No parameter updates; models learn from 3 few-shot examples (2 
answerable + 1 unanswerable) provided in the prompt.

Language Dependency

Model Architecture and Training Approach Effects

Evaluating Model Robustness

• Hint prompting dramatically improves 
unanswerable detection

• Trade-off: Small fine-tuned models 
excel at unanswerable, large 
prompted models excel at answerable

• Encoder-only models: Strong 
unanswerable detection, weak 
answering

• English-Contexts outperforms English-Questions.

• Language families influence cross-lingual transfer performance patterns.

• Strong out-of-domain generalization on MLQA-IDK

• Effective on post-training repliQA-Trans and low-resource open-domain XTREME-UP.
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