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Abstract

Large Language Models (LLMs) have demon-
strated impressive zero shot performance on a
wide range of NLP tasks, demonstrating the
ability to reason and apply commonsense. A
relevant application is to use them for creat-
ing high quality synthetic datasets for down-
stream tasks. In this work, we probe whether
GPT-4 can be used to augment existing extrac-
tive reading comprehension datasets. Automat-
ing data annotation processes has the potential
to save large amounts of time, money and ef-
fort that goes into manually labelling datasets.
In this paper, we evaluate the performance of
GPT-4 as a replacement for human annotators
for low resource reading comprehension tasks,
by comparing performance after fine tuning,
and the cost associated with annotation. This
work serves to be the first analysis of LLMs
as synthetic data augmenters for QA systems,
highlighting the unique opportunities and chal-
lenges. Additionally, we release augmented ver-
sions of low resource datasets, that will allow
the research community to create further bench-
marks for evaluation of generated datasets.

1 Introduction

Machine reading comprehension (MRC) is a chal-
lenging NLP task where systems are designed to
answer questions based on a given context. This
task has significant practical value, as it answers
user queries in diverse settings, from clinical con-
texts (Krithara et al., 2023; Pampari et al., 2018;
Pappas et al., 2020), to customer support (Castelli
et al., 2020) and policy interpretation (Ahmad
et al., 2020). BERT-based models (Glass et al.,
2020) have achieved state-of-the-art performance
when trained with extensive data from datasets
like SQuAD (Rajpurkar et al., 2018) and Natu-
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ral Questions (Kwiatkowski et al., 2019). How-
ever, their effectiveness diminishes in low-resource
domains with limited datapoints (Schmidt et al.,
2022). This limitation becomes particularly pro-
nounced in newly emerging fields such as COVID-
19 (Möller et al., 2020), where substantial anno-
tated instances are often lacking.

Data augmentation has been instrumental in
enhancing performance across numerous low-
resource NLP tasks (Feng et al., 2021; Wang et al.,
2022; Liu et al., 2021). Yet, much of the work
on data augmentation for QA (Alberti et al., 2019;
Shakeri et al., 2020; Bartolo et al., 2021; Dhin-
gra et al., 2018; Yang et al., 2017), hinges on the
availability of unlabeled paragraphs from common
sources, such as Wikipedia, to produce new context-
question-answer instances. This approach poses a
challenge for specialized and mission-critical do-
mains where such unlabeled contexts are scarcely
available. Bridging this gap, LLMs (Brown et al.,
2020) exhibit a capability to generate texts that
closely resemble human-authored content (Brown
et al., 2020; Clark et al., 2021). This potential
of LLMs can be harnessed to generate both novel
contexts and their corresponding question-answer
pairs.

Addressing this gap, we introduce a GPT-4 (Ope-
nAI, 2023) based data augmentation technique tai-
lored for low-resource machine reading comprehen-
sion, specifically focusing on the extractive setting.
Our approach begins by generating supplementary
contexts, questions, and answers to augment train-
ing sets. To achieve this, we use in-context learn-
ing with passages, questions, and answers from
the training set, ensuring minimal domain shift
between the synthetically generated data and the
original datasets

Subsequently, we adopt cycle-consistent filter-

ar
X

iv
:2

30
9.

12
42

6v
1 

 [
cs

.C
L

] 
 2

1 
Se

p 
20

23



ing to isolate high-quality training instances. Em-
pirical evaluations conducted on three pertinent
real-world low-resource datasets CovidQA (Möller
et al., 2020), PolicyQA (Ahmad et al., 2020),
and TechQA (Castelli et al., 2020) reveal that our
methodology improves the performance of BERT-
based MRC on CovidQA by 23% and on PolicyQA
by 5% in terms of exact match. Notably, our ap-
proach attains state-of-the-art results on CovidQA.

2 Related Work

Language models have played a key role in the cre-
ation of synthetic datasets for various NLP tasks.
Models such as GPT-2 (Radford et al., 2019) and
CTRL (Keskar et al., 2019) have been applied to
areas including general language understanding
(Meng et al., 2022; He et al., 2022), classification
(Kumar et al., 2020; Anaby-Tavor et al., 2019), dia-
logue tasks (Mohapatra et al., 2021), commonsense
reasoning (Yang et al., 2020), and relation extrac-
tion (Papanikolaou and Pierleoni, 2020), among
others. Recently, large language models have sig-
nificantly improved the quality and scope of syn-
thetic dataset generation. They have been instru-
mental in augmenting datasets for tasks such as
NLI and sentiment analysis (Dixit et al., 2022),
classification (Yoo et al., 2021), and even creating
datasets for personalized dialogue generation (Lee
et al., 2022), hate speech detection (Hartvigsen
et al., 2022), and textual similarity (Schick and
Schütze, 2021) to name a few.

Most prior work in synthetic data generation for
QA (Riabi et al., 2021; Chakravarti et al., 2020; Du
and Cardie, 2018; Alberti et al., 2019) has concen-
trated on generating questions from Wikipedia pas-
sages to produce supplementary training examples.
More recently, Kalpakchi and Boye introduced the
use of GPT-3 for creating extra training data for
Swedish multiple choice questions. Our approach
is the first to utilize in-context learning with LLMs
for synthesizing contexts, questions, and answers
for low-resource MRC.

3 Setup

3.1 Low Resource Datasets
We utilize three reading comprehension datasets
in our work: CovidQA, PolicyQA, and TechQA.
These datasets cover diverse domains while having
relatively small training sizes, making them well-
suited for evaluating synthetic data augmentation
techniques.

The CovidQA dataset (Möller et al., 2020) fo-
cuses on question answering related to the COVID-
19 pandemic. It contains 2,019 question-answer
pairs on topics such as virus transmission, public
health interventions, and social impacts.

PolicyQA (Ahmad et al., 2020) contains 12,102
question-answer pairs about United States immi-
gration and travel policies. The questions require
reasoning about specific policy documents to deter-
mine the answer.

TechQA (Castelli et al., 2020) provides 1,808
examples related to technical support issues on
computer networking, software, and hardware. The
goal is to develop QA systems that can resolve
technical problems automatically.

In summary, these three datasets cover the do-
mains of healthcare, public policy, and technology,
while having relatively small training set sizes be-
tween 1-10k examples. This makes them suitable
testbeds for studying the effects of augmenting the
training data through synthetic example generation.

4 Synthetic Data Generation

We generate synthetic examples for each dataset
using the in-context learning capabilities of the
GPT-4 model. The data generation process consists
of two stages:

4.1 Context Generation

In the first stage, we provide GPT-4 with either 1 ex-
ample (one-shot) or 2 examples (two-shot) of con-
texts from the original training set of each dataset.
These few-shot examples prime GPT-4 on the style
and topics present in the contexts. Providing just
one or two examples allows GPT-4 to adapt from
demonstrations due to the robust few-shot learning
capabilities of LLMs (Reif et al., 2022; Frohberg
and Binder, 2022; Wei et al., 2022). We then gen-
erate new synthetic paragraph-length contexts by
providing a prompt and allowing GPT-4 to com-
plete the paragraph based on the few-shot priming.

4.2 QA Generation

The second stage generates synthetic question-
answer pairs conditioned on the synthetic contexts.
We again prime GPT-4 with either 1 example (one-
shot) or 2 examples (two-shot) of QA pairs from
the original dataset. The few-shot priming allows
GPT-4 to learn the QA pattern quickly. We then
provide the synthetic context from the first stage
along with a prompt for GPT-4 to generate a rele-



RoBERTa

Context Generating Prompt

LLM-Generated Context

LLM-Generated Question & Answer

Q&A Generating Prompt Cycle-Consistent Filtering

Original +
Generated
Contexts

Original +
Generated
Questions

Original +
Generated

Answers

Finetuning

Figure 1: Overview of our methodology using PolicyQA as an example with 2-shot prompts.

vant question and answer pair mimicking the style
of the examples.

This two-stage process allows us to leverage the
few-shot learning and text generation capabilities
of GPT-4 to produce synthetic datasets that mimic
the style and semantics of the original data. We
generate varying amounts of synthetic data, from
1x to 10x the size of the original training sets, to
study the impact on downstream task performance.

4.2.1 Round Trip Filtration
To further improve the quality of the synthetic QA
pairs, we implement a round trip filtration tech-
nique. After generating a synthetic question and
answer using GPT-4, we provide the question back
to the model without the answer. We allow GPT-4
to attempt answering the question again based on
the context. If the model’s newly generated answer
matches the original synthetic answer, we retain
this QA pair, as it indicates a high quality question
with a consistent answer. If the answers do not
match, we discard the synthetic QA pair under the
assumption that the question is flawed in some way.

This round trip filtration process provides a
mechanism for GPT-4 to self-filter its own gen-
erated content. By only keeping QA pairs that

exhibit consistency when answered twice, we ob-
tain higher quality synthetic data for downstream
training. The filtration process improves precision
at the potential expense of some recall.

4.3 Experiments
We train an extractive reading comprehension
model, using the RoBERTA-Base model across all
our experiments. We use a learning rate of 3e− 5,
a batch size of 16 and run our experiments for 5
epochs each. We use the implementation provided
by HuggingFace, and run our models on a stand-
alone Nvidia V100 GPU. For all our experiments,
we measure F1 and Exact Match scores.

As a baseline for question-answer generation we
use a T5 based question generation model that is
trained on the SQUAD dataset, which takes a para-
graph has an input and returns a question-answer
pair. We use the open source 1 implementation for
this model.

5 Results

Table 1 highlights results across the three datasets.
For the CovidQA dataset, we observed steady im-

1https://github.com/patil-suraj/question_generation

https://github.com/patil-suraj/question_generation


CovidQA

Setup Exact Match F1 Score

Original Trainset 25.81 50.91
Baseline 19.71 44.18
One Shot 30.82 57.87
Two Shot 31.18 55.64
One Shot (CC) 31.90 58.66
Two Shot (CC) 30.82 53.40

PolicyQA

Setup Exact Match F1 Score

Original Trainset 30.56 58.15
Baseline 30.08 57.65
One Shot 32.18 59.61
Two Shot 30.97 59.12
One Shot (CC) 30.76 58.71
Two Shot (CC) 30.47 58.46

TechQA

Setup Exact Match F1 Score

Original Trainset 11.11 39.45
Baseline 44.44 59.92
One Shot 22.22 36.91
Two Shot 11.11 36.50
One Shot (CC) 22.22 41.76
Two Shot (CC) 22.22 44.73

Table 1: Experimental Results for MRC Across Various
Datasets and Settings.

provements in question answering performance as
we augmented the original training set with increas-
ing amounts of synthetic data generated by GPT-
4. Using just the original training examples, our
model achieved baseline exact match (EM) and
F1 scores on the validation set. Adding one-shot
synthetic examples improved both the EM and F1
metrics over the baseline. We observed further
gains when using two-shot synthetic data, achiev-
ing higher EM and F1 compared to one-shot.

The best validation results on CovidQA were ob-
tained by using the one-shot synthetic dataset com-
bined with the round trip filtration process. This
achieved the highest EM and F1 scores, signifi-
cantly improving over the original training distribu-
tion. We hypothesize that the round trip filtration
allows for higher precision synthetic data, while
the one-shot generation provides greater diversity
compared to two-shot. The balance of quality and
variety in this one-shot filtered dataset appears op-
timal for augmenting the limited original examples
in the CovidQA training set.

In summary, for the CovidQA task we find that
synthetic data augmentation uniformly improves
performance as more examples are added. The best

results come from combining one-shot generation
with round trip filtration, which improves exact
match and F1 score over the baseline set using just
the original dataset.

With over 12,000 examples, PolicyQA was the
largest dataset we utilized. For this task, augment-
ing the original training set with one-shot synthetic
data without filtration achieved the best question an-
swering performance. This improved exact match
by 1.6 points and F1 score by 1.5 points compared
to using just the original examples. The one-shot
augmentation outperformed both two-shot and cy-
cle filtered variations.

Overall for PolicyQA, we find that synthetic data
augmentation consistently improves upon the base-
line set using just the original training examples.
The best configuration utilizes unfiltered one-shot
generation, likely due to the greater diversity of
examples compared to two-shot or filtered versions.
While the domain of US immigration policies has
high complexity, the large size of the PolicyQA
dataset reduces the need for precision-enhancing
filtration. The additional synthetic examples pro-
vide useful variability when training the model.

With only 1,808 examples, TechQA was the
smallest dataset in our experiments. The tiny test
set of just 9 examples also made evaluation chal-
lenging. On this task, augmenting with synthetic
data did not lead to clear improvements in ques-
tion answering accuracy over the original train-
ing set. The baseline model trained on just the
1,808 TechQA examples achieved the highest exact
match score, with the two-shot cycle filtered, one-
shot filtered, and one-shot unfiltered configurations
performing second best in terms of EM. For F1,
two-shot cycle filtered data obtained the second
highest score after the baseline.

The lack of consistent gains from synthetic data
augmentation on TechQA can likely be attributed
to the very small data size. With fewer than 2,000
training examples, there is insufficient context for
the language model to learn effective generaliza-
tion. The technical support domain also exhibits
diversity that may not be captured from only 1-2
conditioning examples. Furthermore, the small test
set provides high variance in evaluation.

6 Opportunities

Our experiments demonstrate the significant poten-
tial of leveraging large language models (LLMs)
like GPT-3 for synthetic data generation. In the



CovidQA and PolicyQA domains where a mod-
erate amount of training data was available, aug-
menting with LLM-produced synthetic examples
consistently improved performance over the base-
line trained on just the original dataset. This con-
firms the few-shot generalization abilities of mod-
ern LLMs in producing varied, high-quality syn-
thetic data when primed with only a handful of real
examples. Indeed, the one-shot synthetic data aug-
mented models achieved the best results on both
CovidQA and PolicyQA, surpassing two-shot and
other configurations.

The natural language generation capabilities of
LLMs afford great opportunity to increase the di-
versity and size of limited training sets for down-
stream tasks. By prompting the models to produce
synthetic examples mimicking the patterns in the
data, we can expand datasets to be orders of mag-
nitude larger with plausible, human-like samples.
This data augmentation approach can be applied
to many NLP tasks suffering from small training
sizes like reading comprehension, summarization,
translation, and more. High-quality synthetic data
translates into better task performance without the
expense of human labeling efforts.

Critical research directions include developing
more advanced filtering techniques to distill only
the most useful synthetic samples, as well as inte-
grating external knowledge sources to improve few-
shot priming. But the overarching opportunity is
clear – properly harnessed, LLMs have enormous
potential to ameliorate the limited data problem
through strategic synthetic generation.

7 Challenges

However, our experiments on the extremely small
TechQA dataset also reveal current limitations in
using LLMs for robust synthetic data generation.
When provided with only around 1,000 original
training examples, the LLM-augmented models
performed no better than baseline. The mod-
els failed to learn adequate representations from
such scarce data for producing useful synthetic
examples. This highlights how modern LLMs,
despite their progress, still struggle in low-data
regimes where broad generalization capabilities
are required.

Critical challenges remain in improving LLMs’
few-shot learning to make them reliable across di-
verse domains. Environments with limited data
require synthesizing examples from broader con-

ceptual knowledge, not just mimicking surface pat-
terns. Integrating external knowledge into LLMs is
an active area of research, but effectively utilizing
such knowledge in few-shot scenarios remains dif-
ficult. There are also challenges in filtering large
volumes of synthetic data to maximize diversity
while maintaining precision and quality.

In summary, while LLMs offer promise for alle-
viating limited training data, substantial challenges
persist. Robustness to low-data regimes, integra-
tion of world knowledge, and advanced content
filtering mechanisms are needed to make synthetic
data generation truly effective for any NLP task.
This is an exciting and rapidly evolving area of
research that will determine whether LLMs can de-
liver on their potential to mitigate limited datasets
through strategic synthetic example construction.
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