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Objective

• Application and analysis of
LLM-based data augmentation to
create reading comprehension models
that are more robust to distribution
shifts

•To derive quantitative and qualitative
results to support our method as a
viable method for creating datasets

Methodology

Context Generation
We generate contexts from SQUAD
dataset questions, creating informative,
consistent paragraphs for QA pair gen-
eration. Contexts are diverse, compli-
mentary, and under 250 words. We use
GPT-3.5 to answer specific questions
from SQUAD.
Question Answer Generation
We create QA pairs from generated
paragraphs using a T5 model trained
on SQUAD. QA pairs are filtered for
consistency.

Distribution Shift Datasets

• New Wikipedia dataset: Contains
newer QA pairs from Wikipedia
articles used by the SQUAD V1.1
dataset

• New York Times dataset contains
articles from New York times which
are then used to annotate QA pairs
in the same format as SQUAD

• Reddit dataset contains articles from
Reddit where the authors
concatenated each post’s title with its
body

•Amazon Product Reviews dataset
contains user generated product
reviews from the "Home and Kitchen"
category on Amazon

Contributions
•We propose a framework to

improve the distributional
robustness of reading
comprehension models.

•Through a thorough quantitative
evaluation, we evaluate the
capabilites of LLMs to generate
high quality synthetic data for
question answering tasks.

Data

Figure: Sample of data Generated using GPT-3.5 Turbo.
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Figure: Overview of our generation system. Our method creates a generated dataset which is then
augmented with the real dataset to train a question answering model.

Results

Figure: Results on SQUAD alongside four datasets (NewWiki, NYT, Amazon, and Reddit) with
natural distribution shift.

Key Takeaways

• Generated data using LLMs helps
with distributional robustness against
distribution shifts

•The best data mixture is a
combination of real and generated
data in a 50:50 split

• Context generation is key! Yields
improvements over additional
QA-gen and Wikipedia sampling
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