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Abstract 

Large language models (LMs) have shown great success over a bunch of tasks in 
the past few years. These large LMs are trained on enormous corpus, and it now 
becomes a question whether they are robust to domain shift. We find in this paper 
that the domain of question answering (QA) problems has significant impact on 
the performance of these fine-tuned LMs and these fine-tuned QA models are still 
sensitive to domain shift during test time. This potentially causes problems in many 
real-word applications where broad or evolving domains are involved. In this paper, 
we offer two potential solutions towards building a more robust QA system with 
domain shift. First, we propose to continue pretraining the LMs on the objective 
domains. We find that domain-adaptive pretraining helps improve out-of-domain 
test performance. In some cases, we might have additional small amount of training 
data on the test domain. We propose to use data augmentation tricks to maximally 
utilize these data for domain adaptation purpose. We find that data augmentation 
tricks, including synonym replacement, random insertion and random deletion, can 
further improve the performance on out-of-domain test samples. Our work shows 
that the improvements in performance from domain-adaptive pretraining and data 
augmentation are additive. With both methods applied, our model achieves a test 
performance of 60.731 in F1 score and 42.248 in EM score. The experiments and 
methods discussed in this paper will contribute to a deeper understanding of LMs 
and efforts towards building a more robust QA system. 

1 Key Information to include 

¢ Mentor: Elissa Li 

2 Introduction 

Today in the natural language processing (NLP) community, large pretrained language models (LMs) 
are usually used as base model to be fine-tuned on the objective tasks. These large LMs such as 
RoBERTa [1] and GPT-3 [2] have shown great success over a bunch of tasks. On question answering 

tasks specifically, fine-tuned ALBERT model, for example, achieves an average F1 score of 91.286 [3], 
surpassing human performance [4]. Because these large LMs are trained on enormous corpus, it 
now becomes a question whether they are robust to domain shift. Recent study suggests that those 
LMs are still not robust to out-of-domain test samples [5]. This might cause problems in many 
real-world applications where broad or evolving domains are involved. We confirm in this paper 
that fine-tuned LMs on the task of question answering (QA) are still sensitive to domain shift during 
test time. NLP problems are hard for computer because the meaning of the language can depend on 
the domain. In different contexts, the same word or similar structures can have different meanings. 
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It is important to research the robustness of the LMs and find ways to adapt pretrained models to 
specific domain or task. To alleviate the robustness problem, previous work suggests using a second 
phase of pretraining [5] and data augmentation tricks [6]. However, these methods have not been 
validated on LMs for the specific task of QA. As is pointed out in [6], it is still unknown whether data 
augmentation tricks could yield the same substantial improvements when using pretrained models. 
More specifically, does it still help to adapt these large LMs to a specific domain? This is particularly 
important if we want to further improve the performance as well as the robustness for real-word 
applications. From a practical perspective, robustness is critical to many application since test and 
training data are rarely independent and identically distributed. In this paper, we systematically study 
the methods of domain-adaptive pretraining and data augmentation. We confirm that both methods 
are still helpful to the robustness of LMs on the problem of QA. More importantly, we demonstrate 
that these two methods are additive. Applying both methods leads to the state-of-the-art results. 

3 Related Work 

Model robustness Model robustness remains a key challenge in many neural network NLP models. 
Previous work has shown that these models are vulnerable to adversarial attack (e.g., [7]). Some work 

also shows that these models are sensitive to domain shift during test time (e.g., [5]). These problems 

hinder the applications since test data distribution is rarely the same as training data distribution. Thus, 
It is important to research the robustness of the NLP models and find ways to enhance the robustness. 
In this paper, we will examine two specific ways to build a more robust question answering system. 

Data augmentation One way to build a robust model is through data augmentation. Data augmen- 
tation has already shown great success in a bunch of fields such as computer vision (e.g., [8]). In 
NLP problems, a recent paper [6] proposes four easy ways to augment training data that lead to 
an improvement on a bunch of models and tasks. Specifically, it proposes to slightly modify the 
words in the context (by insertion, deletion, swapping or replacement) and assumes that these small 
modifications won’t change the general meaning of the context thus preserving the label information. 
Although data augmentation methods in NLP have been explored for a long time (e.g., [9]), there 
are concerns whether these methods will still be useful with large pretrained LMs [6]. These data 
augmentation tricks are yet to be tested on pretrained LMs on QA problem. 

Domain and task adaptation The usage of language depends on the domain. Humans are very good 
at domain adaptation on NLP tasks, but generalization of NLP models across domains is still an 
open question. One way to tackle the domain shift problem is through adaptation. Recent work [5] 
suggests that adaption to the test domain or the task helps increase generalizability during test time. 
The authors proposed to use LM tasks to adapt the model to objective domain or task. Because the 
LM tasks are similar to those used in pretraining, the paper refers to the methods as domain-adaptive 
pretraining and task-adaptive pretraining. Meantime, there have been a few similar works looking 
into the domain-adaptive pretraining (e.g., [9]) and task-adaptive pretraining (e.g., [10]). Although 
these works show that adaptive pretraining boosts robustness, the adaptation method hasn’t been 
studied systematically on the problem of QA. It also remains unknown whether adaptive pretraining 
is additive to other methods such as data augmentation. 

4 Approach 

We formalize the problem of robust QA system as follows: given training data Dr;¢;n in domain 

Crrain, We aim to learn a function F to answer the questions in domain Cres;. We here use 

DistilBERT [11] as our base model. The baseline system fine-tunes DistiIBERT on Drain and 

directly uses the fine-tuned DistilBERT for predictions in test domain. Although the task is the same 
during training and testing, the data distributions, or more specifically, the domains of the data are 
different. Therefore, the model generally achieves lower performance on test domain than on training 
domain (see Table 2 and 3). And even the training and test domains stay the same, performance for 
the model on QA problem in different domains is different. In this paper, we mainly investigate two 
approaches to enhance the robustness of the baseline model: domain adaptive pretraining (DAPT) [5] 
and a variant of data augmentation techniques originally proposed in [6]. 

DAPT assumes large unlabeled corpus (Dp 4pr) available in the test domain, which by assumption 
should have similar distribution as the objective domain. In DAPT, we hope to adapt the model to the



test domain by continuously pretraining the large pretrained LM on additional domain-specific data. 
The continuously pretraining procedure follows the original training settings for BERT [12]. The 
unsupervised learning is composed of two tasks: the masked LM and next sentence prediction. In 
masked LM task, 15% of the input tokens are randomly selected to be replaced. Of these selected 
tokens, 80% will be replaced by [MASK] token, 10% will stay unchanged and 10% will be replaced 
by random vocabulary tokens. The objective is to predict the next word based on the context seen 
so far. For next sentence prediction task, the objective is to predict whether two sentences follow 
each other in the original text, which helps learning the long-term dependency between sentences and 
should help on downstream tasks such as QA. Codes for pretraining are adapted from the Transformer 
package!. After this second phase of domain-specific pretraining, the model is fine-tuned on QA 
problem with training data Dr;ain. Codes for fine-tuning are adapted from the provided starting 
codes”. 

Data augmentation tricks assume additional small amount of training data in the test domain available. 
Through augmentation, we aim to most efficiently utilize the additional small amount of the training 
data and train the model to fit the test domain better. Different from DAPT, data augmentation 

tricks still use the label information. We here explore variants of three data augmentation tricks 
originally proposed in [6]: synonym replacement, random insertion and random deletion. In the 
original methods, a random set of words (a percent of the total words) in the paragraph will be 
chosen. In synonym replacement and random deletion, the selected words will either be replaced by 
synonyms or be deleted. In random insertion, the selected words will be used to choose synonymous 
words which will then be randomly inserted into the paragraph. We modify these three methods to fit 
the QA problem. Since we are still using the labels, we don’t want to change, insert into or delete 
the words corresponding to the truth answer. So, phrases that are referred to as final answers will 
be excluded from these modifications. In other words, the answer should be consistent among these 

augmented paragraphs. Still, we need to take into account the change in the answer indices since 
insertion and deletion would change the index of the answer in the paragraph. An example of the 
data augmentation tricks used in this paper is shown in Table 1. We implemented these variants of 
data augmentation tricks with reference to [6]. We use WordNet [13] to find synonyms. 

Question: The cause of death of Don Knotts is what? 
Answer: Lung cancer 
  
Method Paragraph Answer start   

Don Knotts died at the age of 81 on February 24, 2006, 
at the Cedars-Sinai Medical Center in Los Angeles, 31 
California from pulmonary and respiratory complica- 
tions to pneumonia related to lung cancer. 

None 

  
Don Knotts died at the age of eighty one on February 
24, 2006, at the Cedars-Sinai Medical Center in Los 

Angeles, California from pulmonary and respiratory 
knottiness to pneumonia refer to lung cancer. 

Synonym Replacement 32 

  
Don Knotts died at along the age Sinai desert of 81 
on February 24, 2006, at the Cedars-Sinai Medical 

Random Insertion Center in Los Angeles, California from pulmonary | 36 
and respiratory link up complications to pneumonia 
related to lung cancer.   
Don Knotts died at the age of 81 on February 24, 2006, 
at the Cedars-Sinai in Los Angeles, California from 
pulmonary and respiratory complications to pneumo- 
nia related to lung cancer. 

Random Deletion 29           

Table 1: Example of data augmentation tricks used in the paper. Punctuation is replaced with space 
in preprocessing, so the word Cedars-Sinai is counted as two words. This example is taken from the 
out-of-domain validation set. 

  

‘nttps : //huggingface.co/transformers/ 

“https: //github.com/MurtyShikhar/robustqa. git



5 Experiments 

5.1 Data 

The in-domain training data (Di"“,,,) for QA in the experiments are composed of three datasets: 
SQuAD [14], NewsQA [15] and Natural Question s[16]. We use 50,000 samples from each dataset 

for training and the rest for in-domain validation. A small number of additional training samples 
(D904 ,,,) are provided for all the out-of-domain datasets. The out-of-domain validation data are 
composed of three datasets: DuoRC [17], RACE [18] and RelationExtraction [19]. Details about 

data statistics can be found in the project handout [20]. DuoRC uses passages from movie reviews, 
RACE uses passages and questions from English examinations, and RelationExtraction uses data 
from Wikipedia. Therefore, we choose the domain-specific datasets (Dp 4 pr) as IMDB [21], DuoRC, 

RACE, SQuAD and RelationExtraction. The label information is never used in DAPT. For the method 

of data augmentation, we only augment the small amount of the out-of-domain training samples 
Doe Here, we denote the augmented out-of-domain training dataset as Dee Details about 
datasets used in different model configurations can be found in A.2. 

5.2 Evaluation method 

We use Exact Match (EM) and F1 score to evaluate the performance. EM strictly measures whether 
the output matches the ground truth answer or not. On the other hand, FI score is less strict, which is 
defined as the harmonic mean of precision and recall. We evaluate the metrics on each dataset as well 
as the overall in- and out-of- domain data. 

5.3 Experimental details 

We here systematically test the methods of DAPT and data augmentation. We investigate three 
model configurations besides the baseline DistiIBERT model: the DistiIBERT model with DAPT, the 

DistiIBERT model with data augmentation, and the DistiIBERT model with both DAPT and data 
augmentation. All the experiments are run in parallel on four NVIDIA Tesla K80/K100 GPUs. For 
DAPT, we continue pretraining on domain-specific corpus Dp pr for a total number 190,000 steps. 
1% of the entire dataset is held out for validation purpose. For the first 127,000 steps, we use a linearly 
decaying learning rate starting from 5e-5 with a batch size of 32. Then, we use a linearly decaying 
learning rate starting from 2e-5 for another 63,000 steps with a batch size of 64. The perplexity of 
randomly held-out documents drops from 12.04 to 4.76 (Fig. 1). 

In data augmentation, we randomly generate 18 new paragraphs for each paragraph in Dee (6 new 
paragraphs from each method: synonym replacement, random deletion and random insertion). We 
then randomly choose 16 paragraphs and preserve the original labels. The augmented data is 16 times 
larger than the original dataset D2°7,, . In modification process, We choose the hyperparameter 
a = 0.1, which corresponds to about 10% of the words being modified. We add these augmented 
out-of-domain training data Dea to the original in- and out-of-domain training data, and fine-tune 
the DistiIBERT model on the union of original and augmented data. We find that training on both in- 
and out-of- domain datasets simultaneously performs slightly better than training on them separately. 
When utilizing both DAPT and data augmentation, we first apply DAPT for a second-phase of 
pretraining and then fine-tune the pretrained model on the labeled training data together with the 
augmented data. 

The fine-tuning setups are chosen to be the same for all model configurations. We run a small range of 
hyperparameter search and decide to use learning rate of 3e-5 and a batch size of 16. We continuously 
evaluate the performance every 5,000 steps and the model with the best performance on overall 
out-of-domain validation set is saved. 

5.4 Results 

In Table 2 and 3, we show validation results on both in- and out-of- domain data. We find that 

DistiIBERT with both DAPT and data augmentation achieves best performance on the out-of-domain 
validation data in terms of the overall Fl and EM score. This same model configuration achieves an 
F1 score of 60.731 and an EM score of 42.428 on the test set.
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Figure 1: DAPT Training Curve. 

The model configurations with only DAPT or data augmentation can serve as ablation tests. From 
Table 3, we confirm that both DAPT and data augmentation help to enhance the robustness of the 
model that is fine-tuned from large pretrained LM. If only applying one method, data augmentation 
results in more improvements in the overall out-of-domain performance. We also find that the 
enhancement in performance from both methods are additive, though the overall improvement is 
smaller than the sum of the improvement from each method (AF1(both)< AF1(DAPT)+AF1 (Data 
Aug.), AEM(both)< AEM(DAPT)+AEM(Data Aug.). 

  

  

  

  

  

  

  

  

  

  

  

  

  

Model SQuAD NewsQA Natural Questions Overall 

. Fl: 77.52 FI: 58.54 Fl: 69.15 FI: 71.50 
DistiIBERT = EM: 62.72 EM:40.55 EM: 52.35 EM: 55.10 
DistiIBERT Fl: 76.11 Fl: 57.62 Fl: 68.44 FI: 70.48 (-1.02) 

+ DAPT EM: 62.79 EM: 39.74 EM: 52.05 EM: 54.86 (-0.24) 

DistilIBERT Fl: 77.44 F1: 56.76 Fl: 67.99 F1: 70.64 (-0.86) 
+ Data Aug. EM: 62.92 EM: 38.53 EM: 50.89 EM: 54.17 (-0.93) 

eT F1: 77.76 Fl: 58.41 Fl: 68.75 FI: 71.38 (-0.12) 
EM: 62.87 EM: 39.93 EM: 51.78 EM: 54.79 (-0.31) 

+ Data Aug. 

Table 2: In-domain validation performance. 

Model DuoRC RACE RelationExtraction Overall 

. Fl: 44.24 F1: 33.40 F1: 68.80 F1: 58.37 
DistIBERT = 5M: 34.92 EM: 18.75 EM: 45.31 EM: 39.79 
DistiIBERT F1: 43.73 Fl: 34.11 Fl: 72.42 FI: 60.52 (+2.15) 

+ DAPT EM: 31.75 EM: 20.31 EM: 50.78 EM: 42.40 (42.61) 

DistilIBERT Fl: 43.76 Fl: 35.25 Fl: 73.67 FI: 61.42 (+3.05) 
+ Data Aug. EM: 31.75 EM: 20.31 EM: 53.12 EM: 43.85 (+4.06) 

oe) F1: 44.83 0 FL: 34.57 FL: 74.37 Fl: 62.21 (43.84) 
EM: 34.92 EM: 19.53 EM: 52.34 EM: 44.20 (+4.41) 

+ Data Aug. 
  

Table 3: Out-of-domain validation performance. The overall performance is the weighted sum of 
the performance of the three out-of-domain datasets. The weights are set in accordance with the test 
distribution in the project handout [20].



6 Analysis 

In terms of the effects of DAPT and data augmentation on in-domain validation performance, we find 
that models with DAPT and/or data augmentation slightly hurt the overall in-domain performance. 
This is not surprising. DAPT adapts the model to the test domain, which is different from the training 
domain. On the other hand, the additional augmented out-of-domain training samples modify the 
training data distribution away from the in-domain validation data distribution. Therefore, both 
methods enhance the robustness of the model at the cost of in-domain performance. Strikingly, when 
we combine both methods, the in-domain performance doesn’t worsen but instead becomes better. 
One possible explanation is that with both methods applied, the model learns more features related 
to QA that are invariant under domain shift. The model might learn from augmented training data 
to use its knowledge from domain-adaptive pretraining to solve QA tasks instead of barely learning 
superficial correlations specific to the domain when only one method is applied. This interesting 
finding suggests that it is possible to increase robustness without sacrificing the performance. Actually, 
as shown in Table 3, the overall in-domain validation performance remains almost unchanged when 
both DAPT and data augmentation are applied. Also, we see that the performance on SQuAD dataset 
even slightly improved with both methods. This might be a trivial result since we include SQUAD 
as the pretraining dataset in DAPT, but it also suggests that by including in-domain corpus into the 
DAPT training data, the adverse effect can be further diminished and even turned into improvement. 

Interestingly, we find that the improvement of out-of-domain validation performance depends on 
the domain. We find that the performance on RelationExtraction dataset improves most, while 
the performance on DuoRC dataset almost does not change. When using only one method, the 
Fl and EM scores even drop on DuoRC dataset. These three out-of-domain datasets are different 
in many ways but one remarkable difference is the length of the paragraph. Based on provided 
out-of-domain training data, we calculate the mean paragraph length for each dataset. On average, 
DuoRC dataset has a context length of 621 + 79 words, RACE has a context length of 297 + 79 
words, and RelationExtraction has a context length of f 25 + 11 words. The paragraph length is 
negatively correlated with the improvement in the performance. One possible explanation for the 
observed difference is that longer paragraph has richer information more complicated context and 
thus more sensitive to domain shift. And because of the complex semantic information, QA datasets 
with longer paragraph tend to benefit less from DAPT and data augmentation methods. We leave it for 
future work to study how dataset properties affect model robustness and out-of-domain performance. 

7 Conclusion 

We find that even using large pretrained LM such as DistilBERT, the model is still sensitive to domain 
shift during test time after being fine-tuned on QA problem. We propose to use DAPT and data 
augmentation to enhance model robustness and we confirm that both methods are effective and 
compatible with pretrained LM. These two methods are based on different assumptions. DAPT 
is suitable when additional domain-specific corpus is available, while data augmentation requires 
additional training examples in the objective domain. Importantly, we find that the improvement from 
both methods are additive and applying both methods leads to the best performance on test data with 
an F1 score of 42.248 and an EM score of 60.731. Although the enhancement in out-of-domain test 
performance is at the cost of in-domain performance when DAPT or data augmentation is applied, 
we find that the cost is diminished when using both methods. One limitation of the proposed methods 
is that the improvement in robustness depends on the domain. We speculate that QA problems with 
longer paragraph length will benefit less from these adaptation methods. In the future, it might be 
interesting to look into how both training and test domain properties affect the performance and 
robustness.
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A Model configuration and training details 

A.1 Dataset size 

A.2 Training dataset 

  
Dataset | Size   
pe 150,000 Train   
Does. 381   
Det | 6,096 
        pee 1,053,769 Aug   

Table 4: Dataset size 

  

  

  

  

  

  

Configuration Training Data 
DistilBERT De 
DistiIBERT . 

+ DAPT Drain U Dein UDpapr 

DistiIBERT vad aad aed 

+ Data Aug. Df rain U Prrain U Daug 

DistiIBERT 

+ DAPT Drain U Dein UDpaprU Dea 

+ Data Aug.     
Table 5: Training datasets for different model configurations 

 


