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Abstract 

While question and answering (QA) models have achieved tremendous results on 

in-domain queries, recent research has brought into question the ability of these 
QA models to generalize well to unseen data in other domains. As such, we aim to 
build a robust question answering system, which trained on a set of in-domain data 
can then be adapted to unseen domains given few training samples. In doing so, we 
explore the field of data augmentation. In this work, we conduct a survey of existing 
data augmentation methods, including backtranslation, synonym replacement, 
and synonym insertion as well as introduce a mixed data augmentation method 
(MDA) combining the previous three. In particular, we explore the efficacy of data 
augmentation in the task of question answering. We find that data augmentation 
provides moderate gains on our out of domain validation and test sets and that 
certain methods such as backtranslation and synonym replacement provide larger 
improvements compared to others. Overall, we confirm that data augmentation is a 
simple, generalizable technique with a wide variety of different methods that can 
effectively aid in improving the robustness of QA models in the face of unseen 
domains with few training examples. 

1 Key Information to include 

¢ Mentor: Mandy Lu 

2 Introduction 

In our paper, we seek to build a robust Question and Answering model. Although question and 
answering models have been explored in the past, and have been demonstrated to work well on in 
domain test data for models that are allowed to train on a large amount of in-domain training data, 
research shows that question and answering models build frail correlations that prevent generalization 
to domains outside the training data, especially in the case of outside domains with few available 
examples [1, 2]. In terms of building models comparable to human language capability, generalization 
is an important measurement of a model’s ability to understand complex linguistic relationships and 
find solutions to difficult problems. As such, the focus of our research project is exploring methods 
through which we can develop robust QA models that can generalize to domains outside the training 
distribution. 

Specifically, our project places focus on the area of data augmentation. Given a small set of out-of- 
domain training data, we attempt to generate more augmented data examples via several different 
data augmentation techniques. We then finetune our model on the examples from the few-shot 
out-of-domain data as well as the additional examples we generated via data augmentation. The 
goal of this data augmentation is to utilize our small set of out-of-domain training data to produce 
new examples for further training while simultaneously generalizing the distribution of the data to 
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prevent overfitting. Overall, we conduct a survey of a variety of data augmentation methods such 
as backtranslation as in [3] and [4], as well as synonym replacement and synonym insertion as in 
[5], specifically in the context of question answering. Through our research, we show that finetuning 
our models on the data-augmentation techniques have led to an increased F1 and EM on the overall 
validation datasets, some methods working more effectively than others. 

3 Related Work 

Overall, lack of generalization due to over fitting is a common problem faced when building machine 
learning models, and an increasingly popular method attempting to help develop robust models is 
data augmentation. Within fields such as NLP and computer vision, data augmentation is particularly 
useful in the context of building deep learning networks [6]. 

Data augmentation is useful in preventing NLP models from overfitting to training datasets. By 
widening the distribution of the training dataset through data augmentation, data augmentation pushes 
models to learn significant aspects of languages rather than syntactic specifics. For example, [7] 
replaces words in the training data examples with synonyms, and [8] expands upon the idea of 
synonym replacement by introducing a novel data augmentation technique known as "contextual 
augmentation", the replacement of words with their paradigmatic-related counterparts. In particular, 
both [7] and [8] find that their respective data augmentation methods produced positive, albeit some- 
times marginal, results. Additionally, several works have explored the ability of data augmentation 
techniques to generate additional training examples, which is especially useful in the case of low- 
resource languages [9] and domains with very few training examples. One popular method of data 
augmentation explored in [3], [4], and [10] is backtranslation, the augmentation of a data example by 

translating the example to and from a target language in order to create new, semantically similar 
examples. [3] describes the benefits gained through backtranslation for their QA architecture QANet. 

On the other hand, [4] did not see any improvements for in-domain or out-of-domain performance. 

The wide variety of methods and levels of success for each method motivates further exploration 
of data augmentation, and particularly, while other research has investigated tasks such as text 
classification, to our knowledge there exists no wide survey of data augmentation methods specifically 
in relation to QA, a gap that our project attempts to fill. 

4 Approach 

In our approach to building a more robust question-and-answer system, we used data augmentation 
to generate new examples to add to our out of domain dataset. Using data augmentation, we 
train on similar but syntactically different examples as to avoid overfitting that would occur if we 
simply trained repeatedly on the original data. The data augmentation techniques we explore are 
backtranslation, synonym replacement, synonym insertion, and a mixture of these data augmentation 
methods. For each example in the out of domain training data, we create additional augmented 
examples on which to train. We only augment the context for each method as to avoid changing the 
meaning of the question. 

We utilize Spacy ' to conduct tasks such as sentence parsing. Our coding contributions include 
writing the script to parse and modify each provided training example in order to generate additional 
augmented out-of-domain training data. Unless mentioned otherwise, we implement the augmentation 
of the examples ourselves. 

4.1 Back Translation (BT) 

In this method of data augmentation, we conduct standard backtranslation as in [3] and [4] by 

translating to a chosen target language through use of an external machine translation model and 
then translating back to the source language, which in all datasets explored is English. In order to 
conduct translation, we utilized the Marian model* and tokenizer * provided by HuggingFace. For 
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to its 

ynonym to its 

ynonym to its 

  

Figure 1: Examples of each data augmentation method, save for Mixed Data Augmentation which is 
a combination of the above three. 

each given out-of-domain example, we conducted backtranslation using the Marian library with the 
Helsinki-NLP models * for each language in a subset of the following set of languages: {Spanish 
(ESP), French (FRA), Portugese (POR), Italian (ITA), Romanian (RON), German (DE), Indonesian 

(ID) }. Backtranslation creates a paraphrased version of the original example adding noise due to 
semantic and syntactical changes caused by the translation process. 

4.2 Synonym Replacement (SR) 

In the synonym replacement method, as used in [5], for every sentence in a context of a given example, 
we choose n random non-stop words from the sentence where n = af. a is a selected hyperparameter 
representing the percent of words to be replaced, and @ is the length of the sentence. For each of these 
n random words in the sentence, we then replace each word with a random synonym for these words 
found using the nltk WordNet >. After running synonym replacement for each sentence in a context, 
we then have created a modified synonym-replaced context. Each context is augmented ngyg times 
to create Naug new examples. 

4.3 Synonym Insertion (SI) 

Synonym insertion method is similar to synonym replacement and is taken from [5]. However, for 
every sentence in a context, we randomly choose n non-stop words in the sentence, find a random 
synonym for each of those n words, and then insert these synonyms at random locations in the 
sentence. We repeat this process and generate m,,7 new examples composed of synonym-inserted 
contexts, questions and answers. 

4.4 Mixed Data Augmentation (MDA) 

For mixed data augmentation (MDA), for each context in the out-of-domain training dataset, we 
randomly choose a method out of back-translation, synonym-replacement, and synonym-insertion 
to apply to the context. We chose these three methods based off inspiration from [3] and [5]. We 
apply the randomly selected method to augment the given context. Through mixed methods, we 
apply an assortment of these data augmentation methods to create more examples for our dataset. We 
select backtranslation with probability ppy:, synonym replacement with probability p,,, and synoynm 
insertion with probability p,; where pp; + Ds + psi = 1. 

4.5 Answer Heuristic 

An obvious concern with data augmentation through the above methods in the context of question 
answering is that the original answer span for the example will be changed and may no longer exist 
in the new context. In the case that the original answer text is preserved, we simply find the start 
and end of this text in the augmented context and utilize these logits as our answer span for the new 
augmented example. If the answer is changed, we utilize the method described in [3] and [4] to 

generate an approximate answer. Let s’ be the newly generated sentence and a be the original answer. 
For both the start word w and end word e of a, we compute the 2-gram Jaccard similarity score 
between the start/end word and each word in s’. We then consider each pair of candidate start and 
end words in s’. The pair with the highest total Jaccard score become our new start and end words of 
the answer phrase, so our new answer then becomes the phrase in s’ starting with the new start w’ 
and end e’. 
  

“See appendix A.1 for a complete list of models used. 
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4.6 Baseline 

The baseline model is the pretrained model DistilBert [10] finetuned for the downstream task of 

question answering on our provided in-domain datasets. We will refer to this model as our baseline. 
As an additional baseline to measure the contribution of our data augmentation methods, we took the 

baseline model (DistilBert finetuned on in-domain data) and continued finetuning with the original 
out of domain datasets. We will refer to this additional baseline as the OOD-FT baseline. 

5 Experiments 

5.1 Data 

For finetuning, we utilize three in-domain question answering datasetse and three out-of-domain 
datasets. The in-domain QA datasets we use include SQuAD [11], NewsQA [12], and Nat- 

ural Questions [13]. The out-of-domain QA datasets include DuoRC[14], RACE [15], and 

RelationExtraction[16]. We then augment the out-of-domain data to generate additional out-of- 
domain examples (the total amount depending on which method and parameters are used). 

5.2 Evaluation method 

We utilize the Exact Match (EM) and F1 scores as evaluation metrics. We evaluate performance on 

our provided out of domain validation datasets and note our final results on an out-of-domain test set. 

5.3 Experimental details 

For our model, we used the provided baseline DistiIBERT model and then finetuned this model on the 
in-domain datasets SQUAD, NewsQA, and Natural Questions. After finetuning on in-domain data, we 

then finetuned this model on our out-of-domain datasets. These out of domain datasets included the 
originally provided DuoRC, RACE, and RelationExtraction datasets as well as additional augmented 
data produced by the data augmentation methods introduced in Section 4. 

We selected specific hyperparameters for each method by experimenting with different learning rates 
and number of epochs. For each method, we experimented with learning rates ranging between 
0.5e — 5 and 3e — 5 and with number of epochs from 3 to 7. In each section below, we denote the 
selected hyperparameters that provided the highest scores for each respective method. Across all 
methods, we utilize a batch size of 16 with a max sequence length of 384. 

5.3.1 Backtranslation 

For backtranslation, we used a learning rate of le — 5, and trained for 3 epochs. We selected these 

hyperparameters as we noticed that with higher learning rates and number of epochs, our model began 
to overfit on the data, leading to regression in Fl and EM scores. We ran several experiments varying 
the subset of languages translated to and from for each original data example. We experimented 
with subsets of languages from the following list: {Spanish (ESP), French (FRA), Portugese (POR), 

Italian (ITA), Romanian (RON), German (DE), Indonesian (ID) }. 

5.3.2 Synonym Replacement 

For synonym replacement, we used a learning rate of le — 5, and trained for 5 epochs. For a, the 
percentage of words which we replaced with synonyms in each sentence, we used a default value of 
0.1 for all experiments, since this value generally worked well among all datasets and dataset sizes 
according to [5]. For ngug, the number of new examples we generated per original example, we 
tested values of Naug = {1, 2,4, 8, 16}, which were also tested in the paper. 

5.3.3. Synonym Insertion 

For synonym insertion, we used a learning rate of le — 5, and trained for 5 epochs. For a, the 
percentage of words for which we found synyonyms to insert in each sentence, we used a default 
value of 0.1 for all experiments. a = 0.1 generally worked well among all datasets and dataset sizes



  

  

  

  

  

  

            

Languages DuoRC RACE RelationExtraction | Overall 

Baseline FI: 38.59 | Fl: 40.04 FI: 6651 FI: 48.432 
EM: 29.37 | EM: 28.12 EM: 42.19 EM: 33.246 
FI: 40.63 | Fl: 36.83 FI: 70.08 F1-49.23 

OOD-FT Baseline | Fy. 30.16 | EM: 22.66 EM: 48.44 EM: 33.77 
RA) FI: 39.79 | Fl: 36.97 FI: 71.14 FI: 49.35 

EM: 29.37 | EM: 24.22 EM: 50.78 EM: 34.82 
FI: 42.63 | Fl: 35.10 FI: 73.05 FI: 50.30 

(ESP, FRA, POR} | py. 39.54 | EM: 21.88 EM: 54.69 EM: 36.39 
(ESP, FRA, POR, | F143.31_ | FI: 35.57 Fi: 75.45 Fi: 51.37 
ITA, RON} EM: 32.54 | EM: 19.53 EM: 57.81 EM: 36.39 
(ESP, FRA, POR, | FI: 41.69 | Fl: 36.33 FI: 72.60 FI: 50.25 
ITA, RON, DE, ID} | EM: 30.16 | EM: 23.44 EM: 52.34 EM: 35.34     

Table 1: Fl and EM scores on out-of-domain validation set for baseline models and models finetuned 

with data augmented using backtranslation to a different subset of languages. 

according to the paper [5]. For naz, the number of new examples we generated per original example, 
we tested values of aug = {1, 2,4, 8, 16}. 

5.3.4 Mixed Data Augmentation (MDA) 

For mixed data augmentation (MDA), we used a learning rate of le-5, and trained for 5 epochs. We 
utilize the top-performing parameters from each individual method of backtranslation, synonym 
replacement, and synonym insertion as shown in A.3. For the probability distributions pp:, ps, and 
psi from which we select the three methods backtranslation, synonym replacement, and synonym 
insertion respectively to apply to a given example, we tested the following set of probabilities for 

{Dies Pave Par} {%, # ahte i sh {4; 5 ahs {¥ i 5 . 

5.4 Results 

Below are the results we received from the experiments described in Section 5. We will first analyze 
each method’s results individually and then discuss them holistically afterwards. For brevity, we 
have included data where deemed most relevant and necessary. For further experimental results not 
shown here, please see the Appendix for a list of results that are not included in the main report. We 
utilize our validation set to analyze our experiments (see Table 3 for an overview of our results) and 
comment on our performance on the test set later. 

5.4.1 Backtranslation 

As expected, we find that backtranslation provides significant gains on both Fl and EM scores as 
the number of languages used in the translation process increases, at least up until 5 languages used 
(those being Spanish, French, Portuguese, Italian, and Romanian). We have our highest scores on 
the validation set at 5 languages, achieving gains of approximately +2 and +3 points for Fl and 
EM scores respectively over the OOD-FT baseline, as displayed in Table 1. After adding German 
and Indonesian to reach a total of 7 languages, however, despite a continued increase in RACE, we 
witness a slight overall regression in Fl and EM scores. We hypothesize that this regression is due to 
either 1) the difference between German and Indonesian compared to the Romance languages used 
previously or 2) the model beginning to overfit on the augmented data. 

5.4.2 Synonym Replacement 

In Table 2, we find that all experiments for synonym replacement (regardless of ng.) generally have 
a higher F1 and EM score than the baseline OOD-FT model. Increasing nq, at first does not provide 
substantial gains to overall Fl and EM on our out-of-domain validation datasets. However, as we 
increase Ng, for values 8 and beyond, significant gains are continuously made to both F1 and EM. 
When Maug = 16, Fl and EM reach their max scores (+3 Fl, +4 EM compared to OOD-FT baseline). 

Based on our results, finetuning on synonym replacement augmented data and increasing naug (for 
values 8 and beyond) seems to improve Fl and EM scores as expected.



  

  

  

  

  

  

  

  

Navg DuoRC RACE RelationExtraction | Overall 

Baseline FI: 38.59 | Fl: 40.04 Fiz 66.51 FI: 48.432 
EM: 29.37 | EM: 28.12 EM: 42.19 EM: 33.246 

| FI: 40.63 | Fl: 36.83 FI: 70.08, F1:49.23 
OOD-FT Baseline | Ev4- 30.16 | EM: 22.66 EM: 48.44 EM: 33.77 
i Fl: 41.71 | FI: 33.17 FI: 76.10 FI: 50.37 

EM: 30.16 | EM: 20.31 EM: 57.03 EM: 35.86 
5 FI: 40.67 | FI: 35.84 FI: 73.78 FI: 50.15 

EM: 28.57 | EM: 23.44 EM: 53.12 EM: 35.08 
4 FI: 39.92 | FI: 35.99 FI: 71.37 FI: 49.14 

EM: 29.37 | EM: 21.88 EM: 51.56 EM: 34.29 
3 Fi: 44.32 | FI: 38.21 FI: 71.53 FI: 51.39 

EM: 32.54 | EM: 25.78 EM: 50.78 EM: 36.39 
ie FI: 40.55 | FI: 39.77 Fi: 75.17 FI: 51.89 

EM: 30.16 | EM: 25.78 EM: 56.25 EM: 37.43               
Table 2: Fl and EM scores on out-of-domain validation set for baseline models and models finetuned 
on augmented data using synonym replacement. nag represents the number of augmented examples 
generated per original data example. 

5.4.3 Synonym Insertion 

We find that overall for synonym insertion, regardless of ngyg used, Fl and EM scores are generally 
higher than the OOD-FT models’. For ngug values from | to 8, increasing Nayzg does not lead to an 

increase in Fl and EM. F1 and EM for these values are not significantly higher than that of OOD-FT 
baseline. This surprised us as previous data augmentation techniques seemed to show increases in F1 
and EM as naug increased. We find, however, that na~g = 16 still achieves the highest Fl and EM 

scores of 50.32 and 35.60 respectively (+2 F1, +2 EM higher than the OOD-FT baseline). Our results 
suggest that training on synonym insertion augmented data may improve the baseline’s out-of-domain 
performance, especially if Nay, is large enough. See Appendix A.2 for full method results. 

5.4.4 MDA 

Regardless of what probabilities were set for pp4, Ds, Psi, all experiments for MDA produced moder- 

ate gains compared to both the baseline and the OOD-FT baseline. Analyzing the results, we see that 
the largest increase for MDA came when p,; = 0.5, ps, = 0.25, and p,; = 0.25, achieving F1 of 

50.64 and EM of 36.39 with a gain of approximately +1 Fl and +3 EM on the OOD-FT baseline. 
From these results, we see that even utilizing a mixture of backtranslation, synonym replacement, and 
synonym insertion still, at least partially, carries the gains provided by the individual methods. What 
is interesting, however, is that MDA is unable to outperform the individual methods of backtranslation 

and synonym replacement. As MDA was inspired by EDA in [5], we expected that a mixture of 
methods would provide additional gains, but we hypothesize that our lack of gains relative to the 
individual methods stem from the random nature of MDA. See Appendix A.3 for full method results. 

5.4.5 Test Set Results 

In Table 4, we see the results of some of our data augmentation methods on our out-of-domain test 
set. Due to limited ability to test on the out-of-domain test set, we experimented with our top three 
performing data augmentation methods on the out-of-domain test set: backtranslation, synonym 
replacement, and MDA. Surprisingly, we found that compared to the results on the validation set 
in which SR performed the best, SR performed poorer than backtranslation, which performed best, 
and MDA. We attribute this to backtranslation providing the most noise (paraphrasing of an entire 
sentence compared to simple synonym replacement) and therefore, our model was less prone to 
overfitting on the training and validation data, leading to better results on the test set. Overall, we 
see that our best performing method of backtranslation achieved an F1 score of 59.278 and an EM 
score of 41.628, minimal gains in Fl and a moderate +1.5 increase in EM compared to the baseline. 
We were surprised to see the gap between the baseline model and our data augmentation methods 
narrow on the test set. We hypothesize that a number of factors led to this occurrence including 
overfitting of hyperparameters on the validation set and perhaps noise due to the similarities and/or



  

  

  

  

  

  

  

Augmentation Method | Parameters DuoRC RACE RelationExtraction | Overall 
Havel FI: 38.59 | Fi: 40.04 FI: 66.51 FI: 48.432 
Senne ~ EM: 29.37 | EM: 28.12 EM: 42.19 EM: 33.246 

, FI: 40.63 | FI: 36.83 FI: 70.08, F1:49.23 
OOD-FT Baseline - EM: 30.16 | EM: 22.66 EM: 48.44 EM: 33.77 

Languages: . Fl: 43.31 | Fl: 35.57 F1: 75.45 Fl: 51.37 
Backtranslation {ESP, FRA, POR, . . . : ITA, RON} EM: 32.54 | EM: 19.53 EM: 57.81 EM: 36.39 

Reul ‘ =T FI: 40.55 | Fl: 39.77 FI: 75.17 FI: 51.89 
ynonym eplacement | Navg = EM: 30.16 | EM: 25.78 EM: 56.25 EM: 37.43 

" fuser Ag FI: 39.36 | FI: 36.52 FI: 74.91 FI: 50.32 
ynonym “nsertion Navg = EM: 28.57 | EM: 22.66 EM: 55.47 EM: 35.60 
MK Dot = 3 Por =1, | Fi: 43.67 | FI: 34.94 F1: 74.09 FI: 50.94 

psi = 1 EM: 32.54 | EM: 21.88 EM: 54.69 EM: 36.39               
  

Table 3: The top results for Fl and EM scores on our validation set drawn from each of the individual 
methods. The parameters for each method are displayed above. 

  

  

  

  

  

Data Augmentation Method | Test Scores 

Baseli Fl: 59.187 
aeeene EM: 40.275 

. F1: 59.278 
Backtranslation EM: 41.628 

Fl: 58.272 
Synonym Replacement EM: 40.94 

F1: 58.467 

MDA EM: 41.078         
Table 4: EM and F1 Scores of different data augmenation methods on the out-of-domain test set. 

differences between our training, validation, and test sets. Due to the random nature of many of our 
data augmentation techniques, it could be the case that the augmentation that did occur added noise 
helpful for the validation set but not necessarily so for the test set. 

6 Analysis 

6.1 Analysis of Individual Datasets 

We notice some interesting trends in Fl and EM scores of the individual out-of-domain datasets: 
DuoRC, RACE, and RelationExtraction. We saw that the individual dataset which experienced the 

greatest improvements in Fl and EM was RelationExtraction followed by DuoRC. We further saw 
that data augmentation actually generally led to decreases in F1 and EM scores for the RACE dataset. 
We hypothesize that this may be because RelationExtraction contexts are often only one or two 
sentences. With single-sentence contexts, it can be easy to learn superficial aspects of language 
that overfit to the training set, so generalizing this distribution makes an overall larger impact on 
RelationExtraction than datasets with longer contexts such as DuoRC and RACE. Further, we also 

hypothesize that increases in Fl and EM scores for RelationExtraction and decreases for RACE 
may be due to the amount of noise introduced in the data augmentation process. Too much noise 
may be unhelpful. Since RACE contexts are usually longer than RelationExtraction and thus RACE 
contexts are usually modified many more times than RelationExtraction, there is more of a chance 
that erroneous noisy data augmentations, such as poor choices of synonyms, poor choices of synonym 
insertions, or bad translations, are more likely to be introduced with RACE than RelationExtraction. 

6.2 Prediction Comparison 

We observed the predictions of our baseline model and compared it to the the predictions of models 
finetuned on backtranslation, synonym replacement, or synonym insertion augmented data.



6.2.1 More Direct Answer 

We find that data augmentation helps the model better understand and answer some questions. This is 
a general trend we notice and have included one example below which demonstrates this. 

¢ Context: "The human TBR1 gene is located on the q arm of the positive strand of chromosome 2." 
¢ Question: On what chromosome is TBR1 found? 
¢ Truth: "chromosome 2" 
¢ Baseline Prediction: "q arm of the positive strand of chromosome 2" 
SR/BT/SI/MDA Prediction: "chromosome 2" 

e Analysis: Our baseline model does not directly answer what the question asked for, namely the 
chromosome where TBR1 is found, and includes unnecessary information. After finetuning on 
augmented data, the model is able to more directly answer the question with the correct answer, 
omitting the irrelevant information. We hypothesize that this may be because out-of-domain data- 
augmented examples helps the model better understand word semantics (e.g. different syntactic ways 
to phrase the same meaning). Thus, the model better understands context semantics and relationships 
between words within the context, helping it answer questions directly and correctly. 

6.2.2 Failures on More Semantically Complex Contexts 

However, finetuning on additional augmented data does not help the model answer more difficult 
questions, which may require much more insight into language than learnt from this finetuning. 

¢ Context: "... The whole idea started when young Trey was called to come outside. He didn’t 
because he was busy playing on the iPad. That’s why his dad thought of the idea of living "in 1982" 
for a year. ..." 
* Question: Who made the family have the idea of living "in 1982"? 
¢ Truth:"young Trey" 
¢ Baseline Prediction: "his dad" 
SR/BT/SI/MDA Prediction: "his dad" 

e Analysis: We see that in this case despite finetuning on backtranslation, synonym replacement, or 
synonym insertion augmented data, the model is still not able to fully understand the semantics of the 
given context, particularly complex relationships between sentences and phrases, and produces the 
same, incorrect answer as the baseline model. 

7 Conclusion 

In our project, we experimented with applying various data augmentation techniques to our out 
of domain training data in order to generate more data to train our baseline model on. The data 
augmentation techniques we experimented included backtranslation (as described in [3] and [4]), 

synonym replacement, and synonym insertion (as described in [5]). We generally found that addi- 
tional finetuning on these original data combined with these augmented datasets generally led to 
increases in Fl and EM performances of about +2 or +3 on the out-of-domain-validation dataset, with 
backtranslation, synonym replacement, and MDA generally yielding the largest improvements. On 
our test set, we did achieve increases in Fl and EM scores, albeit smaller than on the validation set. 

One primary limitation of our work is that we randomly generated examples for our augmented 
datasets (e.g. synonyms are chosen randomly during synonym replacement and insertion, synonyms 
are inserted at random locations in synonym insertion), so noise could have been introduced from this 
process, making it more difficult to compare results between different datasets we experimented with. 
Given more time, we would run more thorough, repeated experiments to ensure the validity of our 
results. Another limitation is the answer heuristic utilized. 2-gram Jaccard similarity is admittedly a 
very basic heuristic to find an approximate answer, and in future work, we would consider utilizing 
a more complex, accurate heuristic for finding approximate answers when necessary. Lastly, we 
recommend conducting ablation studies to measure the extent to which data augmentation aids in 
improvement as opposed to simply the extra training allowed through the generation of new examples. 

All in all, however, we find that data augmentation is a moderately effective way to generalize existing 
data to avoid overfitting while providing new examples in the case of low-resource domains. Some 
data augmentation methods are better than others, and we hypothesize that there exists even more 
potential with the exploration of more complex augmentation techniques.
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A Appendix 

A.1 Models Utilized 

We utilized the following models in our backtranslation: 

1. Translation to Spanish, French, Portugese, Italian, Romanian was done with Helsinki-NLP 

Opus-mt-en-roa oe 

2. Translation to German was done with Helsinki-NLP opus-mt-en-de ’. 

3. Translation to Indonesian was done with Helsinki-NLP opus-mt-en-id *. 

4. Translation back to English was done with the inverse Helsinki- NLP model of each respective 
translation model. ° 

A.2. Synonym Insertion Results 

  

  

  

  

  

  

  

    

Nang DuoRC RACE RelationExtraction | Overall 

Baseline FI: 38.59 | Fl: 40.04 FL: 66.51 FI: 48.432 
EM: 29.37 | EM: 28.12 EM: 42.19 EM: 33.246 
FI: 40.63 | FI: 36.83 FI: 70.08, F1-49.23 

OOD-FT Baseline | byq; 30.16 | EM: 22.66 EM: 48.44 EM: 33.77 
; FI: 40.13 | Fl: 36.11 FI: 69.65 FI: 48.67 

EM: 30.16 | EM: 21.88 EM: 47.66 EM: 33.25 
5 FI: 40.20 | FI: 34.46 FI: 73.95 FI: 49.59 

EM: 29.37 | EM: 21.09 EM: 54.69 EM: 35.08 
1 FI: 40.55 | FI: 33.05 FI: 74.48 FI: 49.41 

EM: 28.57 | EM: 20.31 EM: 55.47 EM: 34.82 
; FI: 37.26 | FI: 34.05 FI: 76.96 FI: 49.49 

EM: 25.40 | EM: 21.09 EM: 57.81 EM: 34.82 
i FI: 39.36 | FI: 36.52 FI: 74.91 Fi: 50.32 

EM: 28.57 | EM: 22.66 EM: 55.47 EM: 35.60           

Fl and EM scores on out-of-domain validation set for baseline models and models finetuned on 
augmented data using synonym insertion. mg,, represents the number of augmented examples 
generated per original data example. 

A.3. MDA Results 

  

  

  

  

  

  

            

ees DuoRC RACE RelationExtraction | Overall 

Baseline FI: 38.59 | Fi: 40.04 FI: 66.51 FI: 48.432 
EM: 29.37 | EM: 28.12 EM: 42.19 EM: 33.246 

| FI: 40.63 | Fl: 36.83 FI: 70.08, F1:49.23 
OOD-FT Baseline | Fy. 39.16 | EM: 22.66 EM: 48.44 EM: 33.77 
a4 FI: 40.89 | FI: 36.31 FI: 74.89 FI: 50.75 
3393 EM: 27.78 | EM: 23.44 EM: 53.91 EM: 35.08 
Dd F1: 43.67 | Fl: 34.94 FI: 74.09 FI: 50.94 
39494 EM: 32.54 | EM: 21.88 EM: 54.69 EM: 36.39 
lad FI: 39.85 | FI: 34.93 FI: 75.18 FI: 50.04 
49394 EM: 28.57 | EM: 22.66 EM: 54.69 EM: 35.34 
Di FI: 38.91 | Fl: 35.19 Fl: 77.27 FI: 50.52 
49493 EM: 28.57 | EM: 18.75 EM: 59.38 EM: 35.60   
  

https: //huggingface. 

"https: //huggingface. 

Shttps: //huggingface. 

https: //huggingface. 

co/Helsinki-NLP/opus-mt-en-roa 

co/Helsinki-NLP/opus-mt-en-de 

co/Helsinki-NLP/opus-mt-en-id 

co/Helsinki-NLP/opus-mt-roa-en,https://huggingface.co/ 

Helsinki-NLP/opus-mt-de-en, https: //huggingface.co/Helsinki-NLP/opus-mt-id-en 
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Fl and EM scores on out-of-domain validation set for baseline models and models finetuned on 
augmented data using mixed data augmentation. In each experiment, we use varying values of 

Pot, Psr> Psi- 
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