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Modern machine learning algorithms have been able to achieve impressive results on complex

tasks such as language comprehension or image understanding. However, recent work has

cautioned that this success is often partially due to exploiting incidental correlations that

were introduced during dataset creation, and are not fundamental to the target task. For

example, sentence entailment datasets can have spurious word-class correlations if nearly

all contradiction sentences contain the word “not”, and image recognition datasets can have

tell-tale object-background correlations if dogs are always indoors. Models that exploit these

incidental correlation, which we call dataset bias, can be brittle and perform poorly on out-

of-domain examples. In this thesis, we present several methods of solving this issue by

preventing models from using dataset bias.

A key challenge for this task is determining which predictive patterns in the training

data are bias. This thesis proposes several solutions, ranging from methods that exploit

domain expertise when such knowledge is available, to more broadly applicable domain-

general solutions. Solving this task also requires preventing complex neural models from

exploiting these biased patterns, even though they are often easy to learn and effective on

the training data. We present ensembling and data augmentation based methods to handle

this difficulty. In all cases, we evaluate our models by showing improved performance on

out-of-domain datasets that were built to penalize biased models.



Our first focus is on question answering, motivated by the observation biases can lead

to poor performance when applying a model to multiple paragraphs. To solve this task, we

propose a modified training scheme that exposes the model to additional paragraphs that do

not answer the question. We then consider the case where expert knowledge of the bias can be

used to construct a bias-only model that captures biased methods. In this case, we can build

an unbiased model by ensembling it with the bias-only model in order to disincentive it from

learning bias. Finally, we generalize this approach by proposing a method to automatically

construct the bias-only model when no such expert knowledge is available. Overall, this

thesis shows that it is possible to train unbiased models on biased datasets, and proposes

some fundamental answers to question about how bias can be detected and avoided.



TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Examples of Dataset Bias . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Overview of our Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

Chapter 2: Background and Related Work . . . . . . . . . . . . . . . . . . . . . . 8

2.1 Building Unbiased Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2 Debiasing Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.3 Related Fields . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

Chapter 3: Multiparagraph Reading Comprehension . . . . . . . . . . . . . . . . . 13

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3.2 Pipelined Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.3 Confidence Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.4 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.6 Related Work in Question Answering . . . . . . . . . . . . . . . . . . . . . . 32

3.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

Chapter 4: Debiasing with a Known Bias . . . . . . . . . . . . . . . . . . . . . . . 34

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4.3 Evaluation Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.5 TriviaQA-CP Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

i



4.6 Model Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

Chapter 5: Debiasing when the Bias is Unknown . . . . . . . . . . . . . . . . . . . 58

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

5.2 Mixed Capacity Ensembles . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

5.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

Chapter 6: Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

6.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

ii



LIST OF FIGURES

Figure Number Page

1.1 Examples of naive heuristics models have been observed to adopt due to fit-
ting to dataset bias. While these heuristics happen to perform well on in-
domain data, they are not general solutions to the target tasks, and as a result
lead to errors on out-of-domain or adversarial examples as shown here. Up-
per left: background-class correlation in image recognition [Hendrycks et al.,
2019]. Upper right: keyword-class correlations in MNLI [Gururangan et al.,
2018]. Lower left: question-type/class correlations in visual question answer-
ing [Goyal et al., 2018]. Lower right: matching nearby question words for
reading comprehension [Jia and Liang, 2017]. . . . . . . . . . . . . . . . . . . 3

1.2 An overview of our ensemble-based methods. We train one model that makes
predictions using only the bias, and one model the makes predictions using
other means. During training, the two models are ensembled, but during
testing the unbiased model is used alone. . . . . . . . . . . . . . . . . . . . . 6

3.1 Example of a bias in question answering. During training, if the model is only
exposed to paragraphs that answer the question (left), it will learn that spans
of text that match the answer-type of the question are usually the answer.
However, during testing (right), this leads to errors because the model is more
likely to be applied to paragraphs that do not answer the question but still
contain text that matches the expected answer type. . . . . . . . . . . . . . 14

3.2 Noisy supervision causes many spans of text that contain the answer, but
are not situated in a context that relates to the question, to be labelled as
correct answer spans (highlighted in red). This risks distracting the model
from learning from more relevant spans (highlighted in green). . . . . . . . . 16

3.3 High level outline of our model. . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.4 Results on TriviaQA web (left) and verified TriviaQA web (right) when apply-
ing our models to multiple paragraphs from each document. The shared-norm,
merge, and no-answer training methods improve the model’s ability to utilize
more text, with the shared-norm method being significantly ahead of the oth-
ers on the verified set and tied with the merge approach on the general set. . 26

iii



3.5 Results for our confidence methods on TriviaQA unfiltered. Here we see a
more dramatic difference between these models. The shared-norm approach
is the strongest, while the base model starts to lose performance as more
paragraphs are used. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.6 Results for our confidence methods on document-level SQuAD. The base
model does poorly in this case, rapidly losing performance once more than
two paragraphs are used. While all our approaches had some benefit, the
shared-norm model is the strongest, and is the only one to not lose perfor-
mance as large numbers of paragraphs are used. . . . . . . . . . . . . . . . . 30

4.1 An example of applying our method to a Visual Question Answering (VQA)
task. We assume predicting green for the given question is almost always
correct on the training data. To prevent a model from learning this bias,
we first train a bias-only model that only uses the question as input, and
then train a robust model in an ensemble with the bias-only model. Since
the bias-only model will have already captured the target pattern, the robust
model has no incentive to learn it, and thus does better on test data where
the pattern is not reliable. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.2 Qualitative examples of the values of g(xi) on the VQA-CP training data for
the learned-mixin model (labelled “G”) and learned-mixin +H model (labelled
“G+”). The question type and the bias model’s highest ranked answer for that
type are shown above. We find g(xi) is larger when the bias answers are likely
to be correct. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

5.1 An overview of our method. We train a lower capacity model in an ensemble
with a higher capacity model. During training simplistic correlations (e.g.,
“grass is usually green”) are captured by the lower capacity model, which frees
the higher capacity model to focus on more robust patterns (i.e., matching
the question with the image). At test time, the higher capacity model is
used alone. We use an independently optimized classifier as the final layer of
each model as part of our method to make them conditionally independent
(Section 5.2.4). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

iv



5.2 Qualitative examples from Imagenet Animals where most of the image-patch
classifiers were incorrect. We show images paired with the gold label and the
most common prediction made by the image-patch classifiers, with the percent
of image-patch classifiers that predicted those labels in parentheses. Errors
are often caused by the patch classifiers associating features of the background
with the class. In particular, because (1) twigs and leaves are associated with
insects, (2) grassy fields are associated with ungulates (e.i., hooved mammals),
(3) black and white photos are associated with dogs due to the commonality of
black-and-white dog photos in the training data, (4) water is associated with
fish, (5) open sky is associated with birds, and (6) close-ups of the ground are
associated with snakes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

v



ACKNOWLEDGMENTS

I am deeply grateful to my advisor, Luke Zettlemoyer, for his mentorship during my PhD.

He gave me many insights into natural language processing and doing research in general, as

well as opportunities to explore and develop my own research ideas. Luke’s positivity and

patience contributed greatly to making this journey more enjoyable and less stressful.

I have had the chance to work with many other amazing people while completing this

work. Matt Gardner guided me through completing my first successful natural language

processing research project, which became a chapter of this dissertation. Ming-Wei Chang,

Kenton Lee, Kristina Toutanova, Lajanugen Logeswaran, and other researchers I met when

interning at Google, were great collaborators and exposed me to many new ideas. I am very

grateful to Mark Yatskar for providing important insights and enthusiasm when completing

our work on debasing. I also owe a lot of ideas and inspiration to discussions with students

across the UW-NLP community, who have often impressed me with their thoughtfulness and

independence of thought.

I would also like to thank Amos Storkey for taking a chance on me and helping me

complete my first research project, which inspired me start my PhD. Santosh Divvala, Tony

Fader, and Oren Etzioni also played important roles to get me started as a researcher at the

Allen Institute of Artificial Intelligence.

Finally, I greatly appreciate the unwavering support and encouragement from my dad,

Peter, who has inspired me since a young age be excited about AI. My siblings, Kevin

and Rachel, and my step-mom, Rosann, have also been enormously kind and supportive,

something I especially appreciated when I was dealing with the challenges of graduating

during the COVID-19 pandemic.

vi



DEDICATION

To my parents

vii



1

Chapter 1

INTRODUCTION

Modern machine learning algorithms have shown impressive results in recent years, even

surpassing human performance on some popular datasets for image and language understand-

ing [Rajpurkar et al., 2016, Deng et al., 2009b]. However, closer examination has shown that

these models have a persistent weakness: the tendency to rely on patterns caused by id-

iosyncrasies in the data collection process, rather than ones fundamental to the target task.

Examples include textual entailment models learning the word “not” always implies contra-

diction [Gururangan et al., 2018], visual question answering (VQA) models learning “2” is

almost always the answer to “How many” questions [Jabri et al., 2016], and question an-

swering models selecting entities that occur near question words irrespective of context [Jia

and Liang, 2017] (see Section 1.1 for a more detailed overview).

We call these kinds of patterns dataset bias. Models that rely on dataset bias can perform

well on in-domain data, but will break when tested on out-of-domain data where the bias

no longer applies. This thesis will discuss ways to solve this problem by preventing models

from exploiting bias.

Doing this requires a method to distinguish bias from other, better-generalizing features

of the data. This is challenging because dataset biases are effective on the training data,

and are simple and broadly-applicable enough that standard regularization methods, which

primarily aim to prevent models from memorizing examples, are not effective. We discuss

several possible approaches, starting from settings where we can exploit prior knowledge of

the bias, before moving on to more domain-general methods.

Once biases are identified, it is not obvious how to prevent state-of-the-art models, which

are typically black-box neural networks, to avoid learning them. In the question answering
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setting, we find a data-augmentation method that exposes the model to additional passages

that do not contain the answer. However, we also propose a more general ensemble-based

method that explicitly models bias and non-bias components of the training data.

We provide a detailed overview of our methods in Section 1.2. In all cases, we evaluate our

work by training the model on biased training data, and then evaluating on out-of-domain

test sets where using the bias will harm performance. We compare to various baselines, as

well as training the model as normal. We show improved performance across a wide range

of tasks and domains, including several question answering tasks, two textual entailment

datasets, and a visual question answering and image recognition dataset. Altogether, this

thesis shows that although bias is pervasive in modern datasets, it is still possible to use

those datasets to build unbiased models.

1.1 Examples of Dataset Bias

In order to better motivate this task, we start by discussing recent observations of dataset

bias in more detail. Figure 1.1 provides a visualization of some of these examples.

In natural language understanding, an important example of dataset bias was the observa-

tion that language regularities in the popular sentence-pair classification datasets MNLI [Williams

et al., 2018] and SNLI [Bowman et al., 2015b] allows models to predict the correct class when

given only one of the two input sentences using keywords [Gururangan et al., 2018] or by

naively classifying sentences with many shared words as ’entailment’ [McCoy et al., 2019b].

Another important example comes from the observation that models trained on the exten-

sively studied SQuAD QA dataset [Rajpurkar et al., 2016] tend to select spans of text that

are near question words and match the expected answer type of the question, while ignoring

the larger context [Jia and Liang, 2017]. Question answering models are also known to learn

positional biases (e.g., the first sentence is much more likely to contain the answer) [Ko et al.,

2020]. Additional examples in natural language processing include performing story comple-

tion by identifying the author’s style [Schwartz et al., 2017] and using superficial associations

to answer multiple-choice questions [Clark et al., 2016, 2018].
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…Roosevelt ascended to the
office of vice president in 1901…

What color is the grass?

“The car refused to start”

“The car did not start”
Water implies the 

object is a fish

Grass implies the 
answer is green

Not implies the sentences 
contradict one another

Image Recognition

Visual Question Answering

Textual Entailment

Question Answering

Who was the US president in 1901?

Roosevelt is a name near 
related question words

Figure 1.1: Examples of naive heuristics models have been observed to adopt due to fit-
ting to dataset bias. While these heuristics happen to perform well on in-domain data,
they are not general solutions to the target tasks, and as a result lead to errors on out-
of-domain or adversarial examples as shown here. Upper left: background-class correlation
in image recognition [Hendrycks et al., 2019]. Upper right: keyword-class correlations in
MNLI [Gururangan et al., 2018]. Lower left: question-type/class correlations in visual ques-
tion answering [Goyal et al., 2018]. Lower right: matching nearby question words for reading
comprehension [Jia and Liang, 2017].
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In computer vision, it has long been known image datasets can contain regularities that

are unlikely to hold true in practical settings (e.g. the object of interest is never occluded)

[Ponce et al., 2006, Torralba and Efros, 2011], which creates opportunities for models to find

biased strategies. Image recognition models have also been observed to be overly reliant on

texture. For example, while people can often identify an animal even if it has an unusual

coloring or texture (e.g., given a silhouette or a painting), image recognition models trained

on ImageNet [Deng et al., 2009b] are much less effective at doing so [Geirhos et al., 2019].

Another concern in image recognition is that models learn to identify images based on cues

in the background [Arjovsky et al., 2019]. For example, Hendrycks et al. [2019] observe that

many of the errors of high-performance models on ImageNet can be attributed to erroneous

background cues, and Zhao et al. [2017] observe models will make use of knowledge of

stereotypical behavior (e.g., woman are more likely to be in ’cooking’ related images than

man) when performing image classification.

Models trained on image and language understanding have been observed in many cases

to be overly-reliant on the language aspect, often failing to properly account for the image.

For example, in visual question answering (VQA) [Goyal et al., 2018] it has been observed

models often select an answer because it is a common output for the given question (e.g.,

’green’ is usually the answer to the question ‘What color is the grass?’) [Agrawal et al., 2018].

Several recent tasks that require the model to make decisions using visual and language input

have been observed to be partially solvable using the language input alone [Thomason et al.,

2019], including visual-and-language navigation [Anderson et al., 2018b], VQA in interactive

environments [Gordon et al., 2018], and embodied question answering [Das et al., 2018].

Overall, bias has been observed in many datasets across a multitude of domains. This

tempers our understanding of how effective modern machine learning models are despite

their high in-domain performance. However, our methods provide a way to continue using

these datasets while preventing models from adopting these naive solutions.
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1.2 Overview of our Approach

1.2.1 Data Augmentation for Question Answering

First, we consider multi-paragraph question answering, where we need to answer a question

using a large amount of context text. Modern neural models, such as those based on trans-

formers [Vaswani et al., 2017] or recurrent methods, can scale poorly with the amount of

input text, making it impossible to use the model to process the entire context at once. In

this case, we can heuristically select a small number of candidate paragraphs that are likely

to be related to the question, run the model on each paragraph individually, and return the

model’s overall most confident prediction.

This approach, however, creates a train/test mismatch: at test time the model is being

used on many paragraphs, but it is only being trained on one paragraph at a time due

computation restriction on the backpropagation step. We find that this one-paragraph-at-

a-time restriction leads to the model learning biases that harm performance in the multi-

paragraph setting. For example, models might be quick to learn that if there is one number in

the context paragraph for a ”How many...” question it must be the answer, even though this

heuristic will fair poorly if the model is exposed to a large number of candidate paragraphs.

We resolve this issue by proposing a modified training scheme, where the loss is computed

across multiple paragraphs, some of which may not contain an answer. While not an exact

replica of the test settings, this is sufficient to prevent the models from becoming biased and

results in better multi-paragraph performance.

1.2.2 Using Domain Knowledge of the Bias

Next, we look at a case where an expert has prior knowledge of the bias, either from domain

expertise or from studying the data beforehand. Here, we propose to use that knowledge

to construct a tightly constrained model that can only use bias (e.g., a model that only has

access to the question for visual question answering). This model is trained on the training

data, resulting in a bias-only model that makes predictions only using bias. Then, a robust
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EnsembleInput

Prediction

Prediction

Training

Dataset Bias

Language/Image Understanding

Testing

Figure 1.2: An overview of our ensemble-based methods. We train one model that makes
predictions using only the bias, and one model the makes predictions using other means.
During training, the two models are ensembled, but during testing the unbiased model is
used alone.

model is trained in an ensemble with that pre-trained model. The ensemble will use the

bias-only model to capture biased patterns, so the robust model has no incentive to learn

them. The robust model can then be used alone at test time. Figure 1.2 shows a diagram of

this approach.

1.2.3 Handling Unknown Biases

Finally, we look at the setting where we do not have such prior knowledge of the bias.

Here, we leverage the hypothesis that biased patterns are likely to be simple, i.e., can be

modelled with shallower and less parameter-heavy models then non-biased patterns. While

there is no guarantee all examples of dataset bias will fit this criteria, it is commonly true in

the examples we have discussed. Additionally, we expect complex dataset biases to be less

problematic because models will be less prone to fit to them.

To make use of this hypothesis, we train an ensemble of two models while encouraging

relatively simple patterns to be factored into one model and relatively complex patterns into
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the other. In particular, we (1) ensemble a lower capacity model, i.e., a model with fewer

parameters, and a higher capacity model, which creates a natural tendency for the higher

capacity model to capture more complex patterns, (2) put a small weight on the loss of

the lower capacity model so that it is preferentially used to capture simpler patterns that it

can model, and (3) enforce conditional independence between the models so that they learn

non-overlapping strategies. The higher capacity model can then be used alone at test time

as an unbiased model.

1.3 Thesis Outline

In Chapter 2, we will provide an overview of the background and related work on dataset

bias and debiasing methods. Chapter 3 will present our multi-paragraph question answering

method. Chapter 4 will present a method using the pre-trained bias-only model, and Chapter

5 will present an extension of that method to the case where not such bias-only model is

available. Finally, we conclude and discuss possible future directions in Chapter 6.
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Chapter 2

BACKGROUND AND RELATED WORK

In this section we review the prior work on constructing unbiased datasets, dataset debi-

asing, and connections between our work and other fields of study.

2.1 Building Unbiased Datasets

A natural suggestion to resolve this issue is to build datasets without bias, and recent datasets

have indeed be designed to avoid certain kinds of biases. For example, both CoQA [Reddy

et al., 2019] and QuAC [Choi et al., 2018] take steps to prevent annotators from produc-

ing questions that closely match the sentence containing the answer, which helps prevent

the dataset being solved by naively selecting words near questions words as answers [Jia

and Liang, 2017]. Ensuring questions come from a more “natural” distribution, i.e., are

constructed by individuals with genuine informational needs rather then because they were

prompted to ask a question that is answered by a particular passage, has been suggested to

have a similar affect [Clark et al., 2019a, Kwiatkowski et al., 2019]. VQA 2.0 [Goyal et al.,

2018] construct pairs questions with multiple images that then lead to different answers in

order limit the effectiveness of question-only models.

Another common approach is to filter examples solvable by simple baselines [Yang et al.,

2018, Zhang et al., 2018b, Clark et al., 2018, Zellers et al., 2018], which is likely to remove

examples that have certain kinds of biases. Some recent work has also proposed augmenting

datasets with counter-factuals [Gardner et al., 2020, Kaushik et al., 2019], meaning examples

that were minimally altered in ways that change the example’s label, in order to force the

model to pay attention to the parts that were changed.

This efforts are important, but removing dataset bias is not always easy. For example,
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some datasets designed to require multi-hop reasoning can still be partially solved by single-

hop methods [Chen and Durrett, 2019, Min et al., 2019], and the adversarial filtering in

SWAG [Zellers et al., 2018] was found to be insufficient to prevent the task from containing

dataset biases [Zellers et al., 2019].

Additionally, these methods can make datasets less natural, meaning they reflect distri-

butions that are unlikely to occur in the real world, since the dataset distribution has been

additionally manipulated. Most importantly, rebuilding datasets every time a bias that we

want to avoid is identified is costly and wasteful. The method we present in this document

can train unbiased models on biased datasets, which means we can continue to make use of

existing datasets and can re-train models if our understanding of what biases we want to

avoid evolve.

2.2 Debiasing Methods

2.2.1 Partial Input Methods

Partial-input methods focus on the case where the bias involves the ability to predict the

label using only part of the input (for example, predicting the label using only the question

in VQA). More generally, the assumption in these cases is that a particular intermediate

representation in a network could only contain features that are shallowly indicative of the

class due to bias. In these cases, adversarial networks can be used to remove those class-

indicative features from the network [Grand and Belinkov, 2019, Wang et al., 2019a, Cadene

et al., 2019].

These methods have had some success, but have drawbacks. Adversarial networks my

not be completely effective at removing class-indicative features [Elazar and Goldberg, 2018].

Additionally, this can be too blunt of an approach, for example, if the word ’many’ in the

question correlates with the answer ’2’ in VQA the only way to remove class-indicative fea-

tures from the model would be to remove knowledge of the word ’many’ from the model’s

representation, which will likely harm performance overall [Belinkov et al., 2019]. Addition-
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ally, there are kinds of bias that are not captured by partial-input methods [Feng et al.,

2019].

2.2.2 Using Bias-Only Models

A number of contemporaneous or subsequent works have considered making use of a bias-

only model similar to our ensembling methods. Several works have also proposed product-of-

experts style ensembling approaches. He et al. [2019] use this method on textual entailment

datasets for several biases [Gururangan et al., 2018, McCoy et al., 2019b, Naik et al., 2018].

Karimi Mahabadi et al. [2020] additionally evaluate this approach on the FEVER Symmetric

test [Schuster et al., 2019] and show improved performance on several non-adversarial textual

entailment datasets. They also propose using the focal loss [Lin et al., 2017] as a reweight-

ing method. Alternatively, REBI [Bahng et al., 2019] employs a conditional independence

penalty between a trained model and the bias-only model, HEX [Wang et al., 2019a] tries

to ensure the feature space from a model is orthogonal to the features learned by the bias

mode.

2.2.3 Identifying Hard Examples

There are also debiasing strategies that identify hard examples in the dataset and re-train

the model to focus on those examples [Yaghoobzadeh et al., 2019, Li and Vasconcelos, 2019,

Le Bras et al., 2020]. This approach reflects a similar intuition to our work in Chapter 5

that simplicity is connected to dataset bias, although our method is able to explicitly model

the bias and does not assume a pool of bias-free examples exist within the training data.

2.2.4 Pretraining

Another way to train to less biased models is to make it easier for the model to learn the

unbiased methods of solving the task. Pretraining might help in this regard by training

models to use higher-level semantic features of the data. Pretraining might also indirectly
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expose the model to a wider distribution of examples, which is likely to help reduce bias.

For example, Lewis and Fan [2018] show generative pre-training can make question-

answering systems more robust, and Carlucci et al. [2019] show pre-training on jigsaw-like

problems for images has a similar effect for image recognition. Language model pre-training

has also been shown to be able to reduce the extent to which models become biased [Tu

et al., 2020]. We expect these methods to be complementary to our work; for instance we

show we can improve the performance of the extensively pretrained BERT [Devlin et al.,

2019] and LXMERT [Tan and Bansal, 2019] models.

2.3 Related Fields

2.3.1 Fairness

Debiasing is related to the task of preventing models from misusing problematic dataset

features, such as gender or race. Some works in fairness focus on training models to ignore

a feature, which is not applicable to our settings since biases often involve features that are

essential to the task (for example ignoring the question-type for VQA would be the question

impossible to answer). However training unbiased models can be related to the Equalized

Odds [Hardt et al., 2016] definition of fairness that requires predictions and a protected

feature to be independent conditioned on the label.

However, unlike in fairness, the biases we consider in this work can involve complex

predictive strategies (e.g., preferring sentences because they contain many question words in

question answering), rather then being based on a particular feature. We also consider cases

where the bias is not very precisely defined, or even when it is unknown. Partly because of

this, we focus on improving performance on out-of-domain test sets rather then trying to

measuring the extent to which models are biased, as is often done in fairness.

Nevertheless, some techniques from the domain of fairness are related to the methods used

in debiasing. For example, many works in fairness have used an adversary to remove infor-

mation from a model’s internal representations [Edwards and Storkey, 2016, Beutel et al.,
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2017, Wang et al., 2019b], which is also a popular approach in debiasing (see Section 2.2.1).

Researchers have also proposed method to ensemble gender-neutral and gender-indicative

components of word embeddings [Zhao et al., 2018], which resembles the ensemble based

strategies we propose in Chapter 4.

2.3.2 Domain Generalization

A related task is to generalize to unseen test domains when given multiple training datasets

from different domains, a task that has been called domain generalization [Muandet et al.,

2013]. Most domain generalization methods learn a data representation that is invariant

between domains through the use of domain-adversarial classifiers [Ganin et al., 2016, Li

et al., 2018b], ensembling domain-specific and domain-invariant representations [Bousmalis

et al., 2016, Ding and Fu, 2017] or other means [Arjovsky et al., 2019, Li et al., 2018a, Xu

et al., 2014, Ghifary et al., 2015].

Under the assumption that the biases from the individual domains are unlikely to transfer

to the other domains, this task can be viewed as partly trying to debias a model. However

in that case, simply training the model on the pooled data might be effective since no one

dataset bias would be effective on a large portion of the pooled data. It is possible the model

could learn to identify which domain each example belongs to and apply a domain-specific

bias, in which case bringing in some more explicit de-biasing method might be helpful. It

is currently unclear the extent to which these assumptions are correct. Using data from

multiple domains remains an intriguing possibility for detecting dataset bias, however given

the expense and complexity involved in gathering such data it is unlikely to become a general-

purpose solution.
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Chapter 3

MULTIPARAGRAPH READING COMPREHENSION

In this chapter we present our method of debiasing question answering models so that

they can be used more effectively on a large amount of context text.

3.1 Introduction

Teaching machines to answer arbitrary user-generated questions is a long-term goal of natural

language processing. For a wide range of questions, existing information retrieval methods are

capable of locating documents that are likely to contain the answer. However modern neural

models, such as those based on transformers [Vaswani et al., 2017] or recurrent methods,

can scale poorly with the amount of input text, making it challenging to use those models

to process these documents in an end-to-end manner.

There are two basic solutions to this problem. Pipelined approaches select a single para-

graph from the input documents, which is then passed to a neural model to extract an

answer [Joshi et al., 2017, Wang et al., 2018]. Confidence based methods apply the model to

multiple paragraphs and returns the answer with the highest confidence [Chen et al., 2017a].

Confidence methods have the advantage of being robust to errors in the (usually less sophis-

ticated) paragraph selection step, however they create a train/test mismatch that can be

problematic. In particular, at test time the model is being used across multiple paragraphs,

however during training the model is only applied to one paragraph at a time. As we will

show, naively trained models often acquire biases that cause them to fail to generalize to

this test setting.

In this chapter, we introduce a method for training less biased models, so that they

are more effective when used with the confidence method. We also propose an improved
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….Experts think that the Great Pyramid 
of Giza was built over a 10 to 20 year
period around 2560 BC….

When was the Great Pyramid of Giza built? 

….Hatshepsut was the fifth pharaoh of 
the Eighteenth Dynasty of Egypt, she 
came to power in 1478 BC….

TestingTraining

Figure 3.1: Example of a bias in question answering. During training, if the model is only
exposed to paragraphs that answer the question (left), it will learn that spans of text that
match the answer-type of the question are usually the answer. However, during testing
(right), this leads to errors because the model is more likely to be applied to paragraphs that
do not answer the question but still contain text that matches the expected answer type.

pipelined method with signficantly improved results.

Our pipelined method focuses on addressing the challenges that come with training on

document-level data. We propose a TF-IDF heuristic to select which paragraphs to train and

test on. Since annotating entire documents is very expensive, data of this sort is typically

distantly supervised, meaning only the answer text, not the locations of the answers in the

context, are known. To handle the noise this creates, we use a summed objective function

that marginalizes the model’s output over all locations the answer text occurs. We apply this

approach with a model design that integrates some recent ideas in reading comprehension

models, including self-attention [Cheng et al., 2016] and bi-directional attention [Seo et al.,

2017a].

Our confidence method extends this approach to better handle the multi-paragraph set-

ting by training a less biased model. Previous approaches trained the model on questions

paired with single paragraphs that contain the answer. This leads to biases, such as being

overly reliant on detecting answer text that matches the answer-type of the question (see

Figure 3.1), or selecting answers near question words without considering context [Jia and

Liang, 2017].

To fix these issues, we propose several training regimes that more closely match the test

time setting by exposing the model to paragraphs that do not contain an answer. Our most
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successful one runs the model independently on a small sample of paragraphs related to the

same question, and then normalizes the output probabilities across all paragraphs.

We evaluate our work on TriviaQA web [Joshi et al., 2017], a dataset of questions paired

with web documents that contain the answer. We achieve 71.3 F1 on the test set, a 15 point

absolute gain over prior work. We additionally perform an ablation study on our pipelined

method, and we show the effectiveness of our multi-paragraph methods on TriviaQA un-

filtered and a modified version of SQuAD [Rajpurkar et al., 2016] where only the correct

document, not the correct paragraph, is known. We release our code1 to facilitate future

work in this field.

3.2 Pipelined Method

We begin by introducing an improved approach to training pipelined question answering

systems, where a single paragraph is heuristically extracted from the context document(s)

and passed to a paragraph-level QA model. We suggest using a TF-IDF based paragraph

selection method and argue that a summed objective function should be used to handle

noisy supervision. We also propose a refined model architecture that incorporates some

recent modeling ideas for reading comprehension systems.

3.2.1 Paragraph Selection

Our paragraph selection method chooses the paragraph that has the smallest TF-IDF cosine

distance with the question. Document frequencies are computed using just the paragraphs

within the relevant documents, not the entire corpus. The advantage of this approach is that

if a question word is prevalent in the context, for example if the word “tiger” is prevalent

in the document(s) for the question “What is the largest living sub-species of the tiger?”,

greater weight will be given to question words that are less common, such as “largest” or

“sub-species”. Relative to selecting the first paragraph in the document, this improves the

1github.com/allenai/document-qa
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chance of the selected paragraph containing the correct answer from 83.1% to 85.1% on

TriviaQA web. We also expect this approach to do a better job of selecting paragraphs that

relate to the question since it is explicitly selecting paragraphs that contain question words.

3.2.2 Handling Noisy Labels

Question: Which British general was killed at Khartoum in 1885?

Answer: Gordon

Context: In February 1885 Gordon returned to the Sudan to evacuate

Egyptian forces. Khartoum came under siege the next month and rebels

broke into the city, killing Gordon and the other defenders. The British

public reacted to his death by acclaiming ‘Gordon of Khartoum’, a saint.

However, historians have suggested that Gordon defied orders and refused

to evacuate...

Figure 3.2: Noisy supervision causes many spans of text that contain the answer, but are
not situated in a context that relates to the question, to be labelled as correct answer spans
(highlighted in red). This risks distracting the model from learning from more relevant spans
(highlighted in green).

In a distantly supervised setup we label all text spans that match the answer text as being

correct. This can lead to training the model to select unwanted answer spans. Figure 3.2

contains an example. To handle this difficulty, we use a summed objective function similar

to the one from Kadlec et al. [2016], that optimizes the sum of the probabilities of all answer

spans. The models we consider here work by independently predicting the start and end

token of the answer span, so we take this approach for both predictions. Thus the objective

for the span start boundaries becomes:

− log

(∑
k∈A e

sk∑n
i=1 e

si

)
where A is the set of tokens that start an answer span, n is the number of context tokens,

and si is a scalar score computed by the model for span i. This optimizes the negative log-

likelihood of selecting any correct start token. This objective is agnostic to how the model
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distributes probability mass across the possible answer spans, thus the model can choose to

focus on only the more relevant spans.

3.2.3 Model

We use a model with the following layers (shown in Figure 3.3):

Embedding: We embed words using pre-trained word vectors. We also embed the char-

acters in each word into size 20 vectors which are learned, and run a convolution neural

network followed by max-pooling to get character-derived embeddings for each word. The

character-level and word-level embeddings are then concatenated and passed to the next

layer. We do not update the word embeddings during training.

Pre-Process: A shared bi-directional GRU [Cho et al., 2014] is used to map the ques-

tion and passage embeddings to context-aware embeddings.

Attention: The bi-directional attention mechanism from the Bi-Directional Attention Flow

(BiDAF) model [Seo et al., 2017a] is used to build a query-aware context representation. Let

~hi be the vector for context word i, ~qj be the vector for question word j, and nq and nc be

the lengths of the question and context respectively. We compute attention between context

word i and question word j as:

aij = ~w1 · ~hi + ~w2 · ~qj + ~w3 · (~hi � ~qj)

where ~w1, ~w2, and ~w3 are learned vectors and � is element-wise multiplication. We then

compute an attended vector ~ci for each context token as:

pij =
eaij∑nq

j=1 e
aij

~ci =

nq∑
j=1

~qjpij
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Figure 3.3: High level outline of our model.
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We also compute a query-to-context vector ~qc:

mi = max
1≤j≤nq

aij

pi =
emi∑nc

i=1 e
mi

~qc =
nc∑
i=1

~hipi

The final vector computed for each token is built by concatenating ~hi, ~ci, ~hi � ~ci, and

~qc � ~ci. In our model we subsequently pass the result through a linear layer with ReLU

activations.

Self-Attention: Next we use a layer of residual self-attention. The input is passed through

another bi-directional GRU. Then we apply the same attention mechanism, only now be-

tween the passage and itself. In this case we do not use query-to-context attention and we

set aij = −inf if i = j.

As before, we pass the concatenated output through a linear layer with ReLU activations.

This layer is applied residually, so this output is additionally summed with the input.

Prediction: In the last layer of our model a bi-directional GRU is applied, followed by

a linear layer that computes answer start scores for each token. The hidden states of that

layer are concatenated with the input and fed into a second bi-directional GRU and linear

layer to predict answer end scores. The softmax operation is applied to the start and end

scores to produce start and end probabilities, and we optimize the negative log-likelihood of

selecting correct start and end tokens.

Dropout: We also employ variational dropout, where a randomly selected set of hidden

units are set to zero across all time steps during training [Gal and Ghahramani, 2016]. We

dropout the input to all the GRUs, including the word embeddings, as well as the input to

the attention mechanisms, at a rate of 0.2.
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Question Low Confidence Correct Extraction High Confidence Incorrect Extraction

When is the Mem-
bers Debate held?

Immediately after Decision
Time a “Members Debate” is held,
which lasts for 45 minutes...

...majority of the Scottish electorate
voted for it in a referendum to be held
on 1 March 1979 that represented
at least...

How many tree
species are in the
rainforest?

...plant species is the highest on Earth
with one 2001 study finding a quar-
ter square kilometer (62 acres) of
Ecuadorian rainforest supports more
than 1,100 tree species

The affected region was approx-
imately 1,160,000 square miles
(3,000,000 km2) of rainforest, com-
pared to 734,000 square miles

Who was Warsz?

....In actuality, Warsz was a
12th/13th century nobleman
who owned a village located at the
modern....

One of the most famous people born
in Warsaw was Maria Sklodowska -
Curie, who achieved international...

How much did the
initial LM weight in
kg?

The initial LM model weighed ap-
proximately 33,300 pounds (15,000
kg), and...

The module was 11.42 feet (3.48
m) tall, and weighed approximately
12,250 pounds (5,560 kg)

What do the auri-
cles do?

...many species of lobates have four
auricles, gelatinous projections edged
with cilia that produce water cur-
rents that help direct micro-
scopic prey toward the mouth...

The Cestida are ribbon - shaped
planktonic animals, with the mouth
and aboral organ aligned in the
middle of opposite edges of the
ribbon

Table 3.1: Examples from SQuAD where a paragraph-level model was less confident in a
correct extraction from one paragraph (left) than in an incorrect extraction from another
(right). Even if the passage has no correct answer, the model still assigns high confidence to
phrases that match the category the question is asking about. Because the confidence scores
are not well-calibrated, this confidence is often higher than the confidence assigned to the
correct answer span.

3.3 Confidence Method

We adapt this model to the multi-paragraph setting by using the un-normalized and un-

exponentiated (i.e., before the softmax operator is applied) score given to each span as a

measure of the model’s confidence. For the boundary-based models we use here, a span’s

score is the sum of the start and end score given to its start and end token. At test time we

run the model on each paragraph and select the answer span with the highest confidence.

This is the approach taken by Chen et al. [2017a].

However, training the model as usual can be problematic. During training the model
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only takes as input a single paragraph that is known to contain the answer. As result, it

possible for the model to learn biased strategies that are effective in this setting, but yields

poorly calibrated confidence scores that are not comparable between different paragraphs.

Our experiments in Section 3.5 show that this can occur in practice. Table 3.1 shows some

qualitative examples of this phenomenon.

We hypothesize that there are two reasons a model’s confidence scores might not be well

calibrated. First, for models trained with the softmax objective, the pre-softmax scores for

all spans can be arbitrarily increased or decreased by a constant value without changing

the resulting softmax probability distribution. As a result, nothing prevents models from

producing scores that are arbitrarily all larger or all smaller for one paragraph than another.

Second, if the model only sees paragraphs that contain answers, it will learn to use biased

methods, meaning heuristics or patterns that are only effective when it is known a priori

that an answer exists. For example, in Table 3.1 we observe that the model will assign

high confidence values to spans that strongly match the category of the answer, even if the

question words do not match the context. This might work passably well if an answer is

present, but can lead to highly over-confident extractions in other cases. Similar kinds of

errors have been observed when distractor sentences are added to the context [Jia and Liang,

2017].

We experiment with four approaches to training models to produce comparable confidence

scores, shown in the follow subsections. In all cases we will sample paragraphs that do not

contain an answer as additional training points.

3.3.1 Shared-Normalization

In this approach all paragraphs are processed independently as usual. However, a modified

objective function is used where the normalization factor in the softmax operation is shared

between all paragraphs from the same context. Therefore, the probability that token a from
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paragraph p starts an answer span is computed as:

esap∑
j∈P
∑nj

i=1 e
sij

where P is the set of paragraphs that are from the same context as p, and sij is the score given

to token i from paragraph j. We train on this objective by including multiple paragraphs

from the same context in each mini-batch.

This is similar to simply feeding the model multiple paragraphs from each context con-

catenated together, except that each paragraph is processed independently until the nor-

malization step. The key idea is that this will force the model to produce scores that are

comparable between paragraphs, even when it does not have access to information about the

other paragraphs being considered.

3.3.2 Merge

As an alternative to the previous method, we experiment with concatenating all paragraphs

sampled from the same context together during training. A paragraph separator token with

a learned embedding is added before each paragraph. Our motive is to test whether simply

exposing the model to more text will teach the model to be more adept at ignoring irrelevant

text.

3.3.3 No-Answer Option

We also experiment with allowing the model to select a special “no-answer” option for each

paragraph. First, note that the independent-bounds objective can be re-written as:

− log

(
esa∑n
i=1 e

si

)
− log

(
egb∑n
j=1 e

gj

)
=

− log

(
esa+gb∑n

i=1

∑n
j=1 e

si+gj

)
where sj and gj are the scores for the start and end bounds produced by the model for token

j, and a and b are the correct start and end tokens. We have the model compute another
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score, z, to represent the weight given to a “no-answer” possibility. Our revised objective

function becomes:

− log

(
(1− δ)ez + δesa+gb

ez +
∑n

i=1

∑n
j=1 e

si+gj

)
where δ is 1 if an answer exists and 0 otherwise. If there are multiple answer spans we use

the same objective, except the numerator includes the summation over all answer start and

end tokens.

We compute z by adding an extra layer at the end of our model. We compute a soft

attention over the span start scores, pi = esi∑n
j=1 e

sj , and then take the weighted sum of the

hidden states from the GRU used to generate those scores, ~hi, giving ~v1 =
∑n

i=1
~hipi. We

compute a second vector, ~v2 in the same way using the end scores. Finally, a step of learned

attention is performed on the output of the Self-Attention layer that computes:

ai = ~w · ~hi

pi =
eai∑n
j=1 e

aj

~v3 =
n∑
i=1

~hipi

where ~w is a learned weight vector and ~hi is the vector for token i.

We concatenate these three vectors and use them as input to a two layer network with

an 80 dimensional hidden layer and ReLU activations that produces z as its only output.

3.3.4 Sigmoid

As a final baseline, we consider training models with the sigmoid loss objective function. That

is, we compute a start/end probability for each token in the context by applying the sigmoid

function to the start/end scores of each token. A cross entropy loss is used on each individual

probability. The intuition is that, since the scores are being evaluated independently of one

another, they will be comparable between different paragraphs.
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3.4 Experimental Setup

3.4.1 Datasets

We evaluate our approach on three datasets: TriviaQA unfiltered [Joshi et al., 2017], a

dataset of questions from trivia databases paired with documents found by completing a

web search of the questions; TriviaQA web, a dataset derived from TriviaQA unfiltered by

treating each question-document pair where the document contains the question answer as

an individual training point; and SQuAD [Rajpurkar et al., 2016], a collection of Wikipedia

articles and crowdsourced questions.

3.4.2 Preprocessing

We note that for TriviaQA web we do not subsample as was done by Joshi et al. [2017],

instead training on the full 530k question-document training pairs. We also observed that

the metrics for TriviaQA are computed after applying a small amount of text normalization

(stripping punctuation, removing articles, ect.) to both the ground truth text and the

predicted text. As a result, some spans of text that would have been considered an exact

match after normalization were not marked as answer spans during preprocessing, which

only detected exact string matches. We fix this issue by labeling all spans of text that would

have been considered an exact match by the official evaluation script as an answer span.

In TriviaQA, documents often contain many small paragraphs, so we merge paragraphs

together as needed to get paragraphs of up to a target size. We use a maximum size of

400 unless stated otherwise. Paragraph separator tokens with learned embeddings are added

between merged paragraphs to preserve formatting information.

3.4.3 Sampling

Our confidence-based approaches are all trained by sampling paragraphs, including para-

graphs that do not contain an answer, during training. For SQuAD and TriviaQA web we

take the top four paragraphs ranked by TF-IDF score for each question-document pair. We



25

then sample two different paragraphs from this set each epoch. Since we observe that the

higher-ranked paragraphs are much more likely to contain the context needed to answer the

question, we sample the highest ranked paragraph that contains an answer twice as often as

the others. For the merge and shared-norm approaches, we additionally require that at least

one of the paragraphs contains an answer span.

For TriviaQA unfiltered, where we have multiple documents for each question, we find it

beneficial to use a more sophisticated paragraph ranking function. In particular, we use a

linear function with five features: the TF-IDF cosine distance, whether the paragraph was

the first in its document, how many tokens occur before it, and the number of case insensitive

and case sensitive matches with question words. The function is trained on the distantly

supervised objective of selecting paragraphs that contain at least one answer span. We select

the top 16 paragraphs for each question and sample pairs of paragraphs as before.

3.4.4 Implementation

We train the model with the Adadelta optimizer [Zeiler, 2012] with a batch size 60 for

TriviaQA and 45 for SQuAD. At test time we select the most probable answer span of

length less than or equal to 8 for TriviaQA and 17 for SQuAD. The GloVe 300 dimensional

word vectors released by Pennington et al. [2014] are used for word embeddings. On SQuAD,

we use a dimensionality of size 100 for the GRUs and of size 200 for the linear layers employed

after each attention mechanism. We find for TriviaQA, likely because there is more data,

using a larger dimensionality of 140 for each GRU and 280 for the linear layers is beneficial.

During training, we maintain an exponential moving average of the weights with a decay

rate of 0.999. We use the weight averages at test time.
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Model EM F1

Baseline [Joshi et al., 2017] 41.08 47.40

BiDAF 50.21 56.86

BiDAF + TF-IDF 53.41 59.18

BiDAF + sum 56.22 61.48

BiDAF + TF-IDF + sum 57.20 62.44

our model + TF-IDF + sum 61.10 66.04

Table 3.2: Results on TriviaQA web using our pipelined method. We significantly improve
upon the baseline by combining the preprocessing procedures, TF-IDF paragraph selection,
the sum objective, and our model design.
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Figure 3.4: Results on TriviaQA web (left) and verified TriviaQA web (right) when applying
our models to multiple paragraphs from each document. The shared-norm, merge, and no-
answer training methods improve the model’s ability to utilize more text, with the shared-
norm method being significantly ahead of the others on the verified set and tied with the
merge approach on the general set.
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Model All Verified

EM F1 EM F1

baseline[Joshi et al., 2017] 40.74 47.06 49.54 55.80

MEMEN* [Pan et al., 2017] 43.16 46.90 49.28 55.83

Mnemonic Reader [Hu et al., 2018] 46.94 52.85 54.45 59.46

Reading Twice for NLU [Weissenborn et al., 2017a] 50.56 56.73 63.20 67.97

S-Norm (ours) 66.37 71.32 79.97 83.70

*Results on the dev set

Table 3.3: Published TriviaQA results when this work was published (10/29/2017). We
advance prior work by about 15 points both test sets.

3.5 Results

3.5.1 TriviaQA Web

First, we do an ablation study on TriviaQA web to show the effects of our proposed methods

for our pipeline model. We start with an implementation of the baseline from Joshi et al.

[2017]. Their system selects paragraphs by taking the first 400 tokens of each document, uses

BiDAF [Seo et al., 2017a] as the paragraph model, and selects a random answer span from

each paragraph each epoch to be used in BiDAF’s cross entropy loss function during training.

Paragraphs of size 800 are used at test time. As shown in Table 3.2, our implementation

of this approach outperforms the results reported by Joshi et al. [2017] significantly, likely

because we are not subsampling the data. We find both TF-IDF ranking and the sum objec-

tive to be effective; even without changing the model we significantly improve performance.

Using our refined model increases the gain by another 4 points.

Next we show the results of our confidence-based approaches. In this setting we group

each document’s text into paragraphs of at most 400 tokens and rank them using our TF-

IDF heuristic. Then we measure the performance of our proposed approaches as the model
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is used to independently process an increasing number of these paragraphs and the model’s

most confident answer is returned. We additionally measure performance on the verified

portion of TriviaQA, a small subset of the question-document pairs in TriviaQA web where

humans have manually verified that the document contains sufficient context to answer the

question. The results are shown in Figure 3.4.

On these datasets even the model trained without any of the proposed training methods

(“none”) improves as it is allowed to use more text, showing it does a passable job at focusing

on the correct paragraph. The no-answer option training approach lead to a significant

improvement, and the shared-norm and merge approach are even better. On the verified set,

the shared-norm approach is solidly ahead of the other options. This suggests the shared-

norm model is better at extracting answers when it is clearly stated in the text, but worse

at guessing the answer in other cases.

We use the shared-norm approach for evaluation on the TriviaQA test set. We found that

increasing the paragraph size to 800 at test time, and re-training the model on paragraphs

of size 600, was slightly beneficial, allowing our model to reach 66.04 EM and 70.98 F1 on

the dev set. We submitted this model to be evaluated on the TriviaQA test set and achieved

66.37 EM and 71.32 F1, firmly ahead of prior work, as shown in Table 3.3. Note that human

annotators have estimated that only 75.4% of the question-document pairs contain sufficient

evidence to answer the question Joshi et al. [2017], which suggests we are approaching the

upper bound for this task. However, the score of 83.7 F1 on the verified set suggests that

there is still room for improvement.

3.5.2 TriviaQA Unfiltered

Next we apply our confidence methods to TriviaQA unfiltered. This dataset is of particular

interest because the system is not told which document contains the answer, so it provides a

plausible simulation of attempting to answer a question using a document retrieval system.

We show the same graph as before for this dataset in Figure 3.5. On this dataset it is more

important to train the model to produce well-calibrated confidence scores. Note the base
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Figure 3.5: Results for our confidence methods on TriviaQA unfiltered. Here we see a more
dramatic difference between these models. The shared-norm approach is the strongest, while
the base model starts to lose performance as more paragraphs are used.

model and the sigmoid model start to lose performance as more paragraphs are used, showing

that errors are being caused by the model being overly confident in incorrect extractions.

3.5.3 SQuAD

We additionally evaluate our model on SQuAD. SQuAD questions were not built to be

answered independently of their context paragraph, which makes it unclear how effective

of an evaluation tool they can be for document-level question answering. To assess this we

manually label 500 random questions from the training set. We categorize questions as:

1. Context-independent, meaning it can be understood independently of the paragraph.

2. Document-dependent, meaning it can be understood given the article’s title. For ex-

ample, “What individual is the school named after?” for the document “Harvard Uni-

versity”.

3. Paragraph-dependent, meaning it can only be understood given its paragraph. For

example, “What was the first step in the reforms?”.

We find 67.4% of the questions to be context-independent, 22.6% to be document-
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Dev Test

Model EM F1 EM F1

none 71.60 80.78 72.14 81.05

sigmoid 70.28 79.05 - -

merge 71.20 80.26 - -

no-answer 71.51 80.71 - -

shared-norm 71.16 80.23 - -

Table 3.4: Results on the standard SQuAD dataset. The test scores place our model as
8th on the SQuAD leader board among non-ensemble models2. Training with the proposed
multi-paragraph approaches only leads to a marginal drop in performance in this setting.
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Figure 3.6: Results for our confidence methods on document-level SQuAD. The base model
does poorly in this case, rapidly losing performance once more than two paragraphs are used.
While all our approaches had some benefit, the shared-norm model is the strongest, and is
the only one to not lose performance as large numbers of paragraphs are used.
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dependent, and the remaining 10% to be paragraph-dependent. The many document-

dependent questions stem from the fact that questions are frequently about the subject of the

document, so the article’s title is often sufficient to resolve co-references or ambiguities that

appear in the question. Since a reasonably high fraction of the questions can be understood

given the document they are from, and to isolate our analysis from the retrieval mechanism

used, we choose to evaluate on the document-level. We build documents by concatenating

all the paragraphs in SQuAD from the same article together into a single document.

The performance of our models given the correct paragraph (i.e., in the standard SQuAD

setting), is shown in Table 3.4. Our paragraph-level model is competitive on this task, and

our variations to handle the multi-paragraph setting only cause a minor loss of performance.

We graph the document-level performance in Figure 3.6. For SQuAD, we find it crucial

to employ one of the suggested confidence training techniques. The base model starts to

drop in performance once more than two paragraphs are used. However, the shared-norm

approach is able to reach a peak performance of 72.37 F1 and 64.08 EM given 15 paragraphs.

Given our estimate that 10% of the questions are ambiguous if the paragraph is unknown,

our approach appears to have adapted to the document-level task very well.

Finally, we compare the shared-norm model with the document-level result reported

by Chen et al. [2017a]. We re-evaluate our model using the documents used by Chen et al.

[2017a], which consist of the same Wikipedia articles SQuAD was built from, but downloaded

at different dates. The advantage of this dataset is that it does not allow the model to

know a priori which paragraphs were filtered out during the construction of SQuAD. The

disadvantage is that some of the articles have been edited since the questions were written,

so some questions may no longer be answerable. Our model achieves 59.14 EM and 67.34 F1

on this dataset, which significantly outperforms the 49.7 EM reported by Chen et al. [2017a].

2as of 10/23/2017
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3.5.4 Discussion

We found that models that have only been trained on answer-containing paragraphs can

perform very poorly in the multi-paragraph setting. The results were particularly bad for

SQuAD, we think this is partly because the paragraphs are shorter, so the model had less

exposure to irrelevant text. In general, we found the shared-norm approach to be the most

effective way to resolve this problem. The no-answer and merge approaches were moderately

effective, but we note that they do not resolve the scaling problem inherent to the softmax

objective we discussed in Section 3.3, which might be why they lagged behind. The sigmoid

objective function reduces the paragraph-level performance considerably, especially on the

TriviaQA datasets. We suspect this is because it is vulnerable to label noise, as discussed in

Section 3.2.2.

3.6 Related Work in Question Answering

Reading Comprehension Datasets. The state of the art in reading comprehension has

been rapidly advanced by neural models, in no small part due to the introduction of many

large datasets. The first large scale datasets for training neural reading comprehension

models used a Cloze-style task, where systems must predict a held out word from a piece

of text [Hermann et al., 2015, Hill et al., 2016]. Additional datasets including SQuAD [Ra-

jpurkar et al., 2016], WikiReading [Hewlett et al., 2016], MS Marco [Nguyen et al., 2016] and

TriviaQA [Joshi et al., 2017] provided more realistic questions. Another dataset of trivia ques-

tions, Quasar-T [Dhingra et al., 2017], was introduced recently that uses ClueWeb09 [Callan

et al., 2009] as its source for documents. In this work we choose to focus on SQuAD and

TriviaQA.

Neural Reading Comprehension. Neural reading comprehension systems typically use

some form of attention [Wang and Jiang, 2017], although alternative architectures exist [Chen

et al., 2017a, Weissenborn et al., 2017b]. Our model follows this approach, but includes some
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recent advances such as variational dropout [Gal and Ghahramani, 2016] and bi-directional

attention [Seo et al., 2017a]. Self-attention has been used in several prior works [Cheng et al.,

2016, Wang et al., 2017, Pan et al., 2017]. Our approach to allowing a reading comprehension

model to produce a per-paragraph no-answer score is related to the approach used in the

BiDAF-T [Min et al., 2017] model to produce per-sentence classification scores, although we

use an attention-based method instead of max-pooling.

Open QA. Open question answering has been the subject of much research, especially

spurred by the TREC question answering track [Voorhees et al., 2000]. Knowledge bases can

be used, such as in Berant et al. [2013], although the resulting systems are limited by the

quality of the knowledge base. Systems that try to answer questions using natural language

resources such as YodaQA [Baudǐs, 2015] typically use pipelined methods to retrieve related

text, build answer candidates, and pick a final output.

Neural Open QA. Open question answering with neural models was considered by Chen

et al. [2017a], where researchers trained a model on SQuAD and combined it with a retrieval

engine for Wikipedia articles. Our work differs because we focus on explicitly addressing the

problem of applying the model to multiple paragraphs. A pipelined approach to QA was

recently proposed by Wang et al. [2018], where a ranker model is used to select a paragraph

for the reading comprehension model to process.

3.7 Conclusion

We have shown that, when using a paragraph-level QA model across multiple paragraphs,

our training method of sampling non-answer containing paragraphs while using a shared-

norm objective function can be very beneficial. Combining this with our suggestions for

paragraph selection, using the summed training objective, and our model design allows us

to significantly improve results on TriviaQA and open SQuAD.
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Chapter 4

DEBIASING WITH A KNOWN BIAS

In this chapter, we present a debiasing method that can be applied across a wide range

of tasks and biases. It requires a user to have some prior knowledge of the dataset bias

(a weakness we address in the following chapter). However, when the bias is known, the

methods presented here can be used to leverage that prior knowledge to train a debiased

model.

4.1 Introduction

Recent years has seen a large increase in awareness of dataset bias, which in turn has lead to

many researchers re-evaluating popular datasets and discovering new biases (see Section 1.1

for examples). In this chapter, we build on these works by showing that, once a dataset bias

has been identified, we can improve the out-of-domain performance of models by preventing

them from making use of that bias. To do this, we use the fact that these biases can often be

explicitly modelled with simple, constrained baseline methods to factor them out of a final

model through ensemble-based training.

Our method has two stages. First, we build a bias-only model designed to capture a

naive solution that performs well on the training data, but generalizes poorly to out-of-

domain settings. Next, we train a second model in an ensemble with the pre-trained bias-

only model, which incentivizes the second model to learn an alternative strategy, and use

the second model alone on the test set. We explore several different ensembling methods,

building on product-of-expert style approaches [Hinton, 2002, Smith et al., 2005]. Figure 4.1

shows an example of applying this procedure to prevent a visual question answering (VQA)

model from guessing answers because they are typical for the question, a flaw observed in
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What color is the grass?
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Figure 4.1: An example of applying our method to a Visual Question Answering (VQA)
task. We assume predicting green for the given question is almost always correct on the
training data. To prevent a model from learning this bias, we first train a bias-only model
that only uses the question as input, and then train a robust model in an ensemble with the
bias-only model. Since the bias-only model will have already captured the target pattern,
the robust model has no incentive to learn it, and thus does better on test data where the
pattern is not reliable.
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VQA models [Goyal et al., 2018, Agrawal et al., 2018].

We evaluate our approach on a diverse set of tasks, all of which require models to over-

come a challenging domain-shift between the train and test data. First, we build a set of

synthetic datasets that contain manually constructed biases by adding artificial features to

MNLI. We then consider three challenge datasets proposed by prior work [Agrawal et al.,

2018, McCoy et al., 2019b, Jia and Liang, 2017], which were designed to break models that

adopt superficial strategies on well known textual entailment [Bowman et al., 2015a], reading

comprehension [Rajpurkar et al., 2016], and VQA [Agrawal et al., 2018] datasets.

We additionally construct a new QA challenge dataset, TriviaQA-CP (for TriviaQA

changing priors). This dataset was built by holding out questions from TriviaQA [Joshi

et al., 2017] that ask about particular kinds of entities from the train set, and evaluating on

those questions in the dev set, in order to challenge models to generalize between different

types of questions.

We are able to improve out-of-domain performance in all settings, including a 6 and 9

point gain on the two QA datasets. On the VQA challenge set, we achieve a 14 point gain,

compared to a 3 point gain from prior work. In general, we find using an ensembling method

that can dynamically choose when to trust the bias-only model is the most effective, and we

present synthetic experiments and qualitative analysis to illustrate the advantages of that

approach. We release our datasets and code to facilitate future work.1

4.2 Methods

This section describes the two stages of our method, (1) building a bias-only model and (2)

using it to train a robust model through ensembling.

1github.com/chrisc36/debias
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4.2.1 Training a Bias-Only Model

The goal of the first stage is to build a model that performs well on training data, but is

likely to perform very poorly on the out-of-domain test set. Since we assume we do not have

access to examples from the test set, we must apply a-priori knowledge to meet this goal.

The most straightforward approach is to identify a set of features that are correlated

with the class label during training, but are known to be uncorrelated or anticorrelated with

the label on the test set, and then train a classifier on those features.2 For example, our

VQA-CP [Agrawal et al., 2018] bias-only model (see Section 4.4.2) uses the question type as

input, because the correlations between question types and answers is very different in the

train set than the test set (e.g., 2 is a common answer to “How many...” questions on the

train set, but is rare for such questions on the test set).

However, a benefit of our method is that the bias can be modelled using any kind of

predictor, giving us a way to capture more complex intuitions. For example, on SQuAD our

bias-only model operates on a view of the input built from TF-IDF scores (see Section 4.4.4),

and on our changing prior TriviaQA dataset our bias-only model makes use of a pre-trained

named entity recognition (NER) tagger (see Section 4.4.5).

4.2.2 Training a Robust Model

This stage trains a robust model that avoids using the method learned by the bias-only

model.

Problem Definition

We assume n training examples 〈x1, x2, . . . , xn〉, each of which has an integer label yi, where

yi ∈ {1, 2, . . . , C} and C is the number of classes. We additionally assume a pre-trained

bias-only predictor, h, where h(xi) = bi = 〈bi1, bi2, ..biC〉 and bij is the bias-only model’s

2Since the bias-only model is trained on the same train-set as the robust model care should also be taken
to minimize overfitting, although the bias-only model is typically simple enough that this is not an issue.
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predicted probability of class j for example i. Finally we have a second predictor function,

f , with parameters θ, where f(xi, θ) = pi and pi is a similar probability distribution over

the classes. Our goal is to construct a training objective to optimize θ so that f will learn

to select the correct class without using the strategy captured by the bias-only model.

General Approach

We train an ensemble of h and f . In particular, for each example, a new class distribution,

p̂i, is computed by combining pi and bi. During training, the loss is computed using p̂i and

the gradients are backproped through f . During evaluation f is used alone. We propose

several different ensembling methods.

Bias Product

Our simplest ensemble is a product of experts [Hinton, 2002]:

p̂i = softmax (log(pi) + log(bi))

Equivalently, p̂i ∝ pi ◦ bi, where ◦ is elementwise multiplication.

Probabilistic Justification: For a given example, x, let xb be the bias of the exam-

ple. That is, it is the features we will use in our bias-only model. Let x−b be a view of the

example that captures all information about that example except the bias. Assume that x−b

and xb are conditionally independent given the label, c. Then to compute p(c|x) we have:

p(c|x) = p(c|xb, x−b) (4.1)

∝ p(c|x−b)p(xb|c, x−b) (4.2)

= p(c|x−b)p(xb|c) (4.3)

= p(c|x−b)p(c|x
b)p(xb)

p(c)
(4.4)

∝ p(c|x−b)p(c|x
b)

p(c)
(4.5)
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Where 4.2 is from applying Bayes Rule while conditioning on x−b, 4.3 follows from the

conditional independence assumption, and 4.4 applies Bayes Rule a second time to p(xb|c).

We cannot directly model p(c|x−b) because it is usually not possible to create a view of

the data that excludes the bias. Instead, with the goal of encouraging the model to fall into

the role of computing p(c|x−b), we compute p(c|xb)/p(c) using the bias-only model, and train

the product of the two models to compute p(c|x).

In practice, we ignore the p(c) factor because, on our datasets, either the classes are

uniformly distributed (MNLI), the bias-only model cannot easily capture a class prior since

it is using a pointer network (QA), or because we want to remove class priors from model

anyway (VQA).

Learned-Mixin

The assumption of conditional independence (Equation 3) will often be too strong. For

example, in some cases the robust model might be able to predict the bias-only model will

be unreliable for certain kinds of training examples. We find that this can cause the robust

model to selectively adjust its behavior in order to compensate for the inaccuracy of the

bias-only model, which can lead to errors in the out-of-domain setting (see Section 4.4.1).

Instead we allow the model to explicitly determine how much to trust the bias given the

input:

p̂i = softmax (log(pi) + g(xi) log(bi))

where g is a learned function. We compute g as softplus(w · hi) where w is a learned vector,

hi is the last hidden layer of the model for example xi, and the softplus(x) = log(1 + ex)

function is used to prevent the model reversing the bias by multiplying it by a negative

weight. w is trained with the rest of the model parameters. This reduces to bias product

when g(xi) = 1.

A difficulty with this method is that the model could learn to integrate the bias into pi

and set g(xi) = 0. We find this does sometimes occurs in practice, and our next method
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alleviates this challenge.

Learned-Mixin +H

To prevent the learned-mixin ensemble from ignoring bi, we add an entropy penalty to the

loss:

R = wH(softmax (g(xi) log(bi)))

Where H(z) = −
∑

j zj log(zj) is the entropy and w is a hyperparameter. Penalizing the

entropy encourages the bias component to be non-uniform, and thus have a greater impact

on the ensemble.

4.3 Evaluation Methodology

We evaluate our methods on several datasets that have out-of-domain test sets. Some of

these tasks, such as HANS [McCoy et al., 2019b] or Adversarial SQuAD [Jia and Liang,

2017], can be solved easily by generating additional training examples similar to the ones

in the test set (e.g., Wang and Bansal [2018]). We, instead, demonstrate that it is possible

to improve performance on these tasks by exploiting knowledge of general, biased strategies

the model is likely to adopt.

Our evaluation setup consists of a training set, an out-of-domain test set, a bias-only

model, and a main model. To run an evaluation we train the bias-only model on the train

set, train the main model on the train set while employing one of the methods in Section 4.2,

and evaluate the main model on the out-of-domain test set. We also report performance

on the in-domain test set, when available. We use models that are known to work well for

their respective tasks for the main model, and do not further tune their hyperparameters or

perform early stopping.

We consider two extractive QA datasets, which we treat as a joint classification task

where the model must select the start and end answer token [Wang and Jiang, 2017]. For
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Task Dataset Domain Shift Bias-Only Model Main Model

NLI Synthetic MNLI Synthetic indicator fea-

tures are randomized

Indicator features Co-Attention

VQA VQA-CP v2.0 Correlations between

question-types and

answers are altered

Question-type BottomUpTopDown

NLI HANS Sentence pairs always

contain the same words

Shared word features BERT & Co-Attention

QA Adv. SQuAD Distractor sentences are

added to the context

TF-IDF sentence selector Modified BiDAF

QA TriviaQA-CP Questions ask about dif-

ferent kinds of entities

NER answer detector Modified BiDAF

Table 4.1: Summary of the evaluations we perform, Domain Shift refers to what changes
between the train and test data, and Bias-Only Model specifies how the bias model we use
was constructed. See the main text for details.
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these datasets, we build independent bias-only models for selecting the start and end token,

and separately ensemble those biases with the classifier’s start token and end token output

distributions. We apply a ReLU layer to the question and passage embeddings, followed by

max-pooling, to construct a hidden state for computing the learned-mixin weights.

We compare our methods to a reweighting baseline described below, and to training

the main model without any modifications. On VQA we also compare to the adversarial

methods from Ramakrishnan et al. [2018] and Grand and Belinkov [2019]. The other biases

we consider are not based on observing only part of the input, so these adversarial methods

cannot be directly applied.

4.3.1 Reweight Baseline

As a non-ensemble baseline, we train the main model on a weighted version of the data, where

the weight of example xi is 1 − biyi (i.e., we weigh examples by one minus the probability

the bias-only model assigns the correct label). This encourages the main model to focus on

examples the bias-only model gets wrong.

4.3.2 Hyperparameters

One of our methods (Learned-Mixin +H) requires hyperparameter tuning. However hyper-

parameter tuning is challenging in our setup since our assumption is that we have no access

to out-of-domain test examples during training. A plausible option would be to tune hy-

perparameters on a dev set that exhibits a related, but not identical, domain shift to the

test set, but unfortunately none of our datasets have such dev sets. Instead we follow prior

work [Grand and Belinkov, 2019, Ramakrishnan et al., 2018] and perform model selection

on the test set. Although this presents an important caveat to the results of this method,

we think it is still of interest to observe that the entropy regularizer can be very impactful.

Future work may be able to either construct suitable development sets, or propose other

hyperparameter-tuning methods to relieve this issue.



43

4.4 Experiments

We provide experiments on five different domains, summarized in Table 4.1, each of which

requires models to overcome a challenging domain-shift between train and test data. In the

following section we provide summaries of the datasets, main models and bias-only models.

We provide more details of the models used, and the TriviaQA challenge dataset we construct,

in subsequent sections.

4.4.1 Synthetic Data

Data: We experiment with a synthetic dataset built by modifying MNLI [Bowman et al.,

2015a]. In particular, we add a feature that is correlated with the class label to the train

set, and build an out-of-domain test set by adding a randomized version of that feature to

the MNLI matched dev set. We additionally construct an in-domain test set by modifying

the matched dev set in the same way as was done in the train set. We build three variations

of this dataset:

Indicator : Adds the token “0”, “1”, or “2” to the start of the hypothesis, such that 80% of the

time the token corresponds to the example’s label (i.e., “0” if the class is “entailment”, “1” if

the class is contradiction, ect.). In the out-of-domain test set, the token is selected randomly.

Excluder : The same as Indicator, but with a 3% chance the added token corresponds to

the example’s label, meaning the token can usually be used to eliminate one of the three

output classes.

Dependent : In the previous two settings, the added bias is independent of the example

given the example’s label. To simulate a case where this independence is broken, we exper-

iment with adding an additional feature that is correlated with the bias feature, but is not

treated as being part of the bias (i.e., it is not used by the bias-only model). In particular,
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Debiasing Method
Indicator Excluder Dependent

Acc. w/Bias Acc. w/Bias Acc. w/Bias

None 69.36 86.49 68.06 83.56 63.23 87.90

Reweight 75.44 82.74 70.36 83.29 69.81 85.50

Bias Product 76.27 81.32 77.33 80.41 71.85 84.98

Learned-Mixin 76.29 81.35 77.80 78.86 75.75 77.70

Learned-Mixin +H 76.77 77.65 77.90 78.57 75.79 76.65

Unbiased Training 78.94 78.94 78.94 78.94 78.86 78.86

Table 4.2: Results on MNLI with different kinds of synthetic bias. The Acc columns show
the accuracy on the out-of-domain test set, and the w/Bias columns show accuracy on the
in-domain test. Unbiased Training is an upper bound constructed by training a model with
the same randomized features that are used at test time.

80% of the time a token is added to the start of the hypothesis that matches the label with

90% probability, and the “0” token is appended to the end of the hypothesis. The other 20%

of the time a random token is prepended and “1” is appended.

Bias-Only Model: The bias-only model predicts the label using the first token of the

hypothesis.

Main Model: We use a recurrent co-attention model, similar to ESIM Chen et al. [2017b].

Details are given in Section 4.6.

Results: Table 4.2 shows the results. All ensembling methods work well on the Indicator

bias. The reweight method performs poorly on the Excluder bias, likely because the bias-only

model assigns the correct class approximately 50% probability for almost all the training

examples, making the weights mostly uniform. This illustrates a general weakness with
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reweighting methods: they require at least a small number of bias-free examples for the

model to learn from.

The bias product method performs poorly on the Dependent bias. Inspection shows

that, when the indicator is 1, the bias product model is anti-correlated with the bias. In

particular, it assigns an average of 22.5% probability to the class indicated by the bias, where

an unbaised model would assign an average of 33% since the bias is random. The root cause

is that, if the indicator is 1, the model knows the bias is likely to be wrong, so it learns to

subtract the value the bias-only model will produce from its own output in order to cancel

out the bias-only model’s effect on the ensemble’s output.

The learned-mixin model does not suffer from this issue, and assigns the class indicated

by the bias an average of 34.5% probability. Analysis shows that g(xi) is set to 0.00±0.0001

when the indicator is turned off, and to 1.91 ± 0.285 otherwise, showing that the model

learns to turn off the bias-only component of the ensemble as needed, thus avoiding this

over-compensating issue. The entropy regularizer appears to be unnecessary on this dataset

because g(xi) does not go to zero.

4.4.2 VQA-CP

Data: We evaluate on the VQA-CP v2 [Agrawal et al., 2018] dataset, which was constructed

by re-splitting the VQA 2.0 [Goyal et al., 2018] train and validation sets into new train and

test sets such that the correlations between question types and answers differs between each

split. For example, “tennis” is the most common answer for questions that start with “What

sport...” in the train set, whereas “skiing” is the most common answers for those questions

in the test set. Models that choose answers because they are typical in the training data will

perform poorly on this test set.

Bias-Only Model: VQA-CP comes with questions annotated with one of 65 question types,

corresponding to the first few words of the question (e.g., “What color is”). The bias-only

model uses this categorical label as input, and is trained on the same multi-label objective
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Debiasing Method Acc.

None 39.37

Reweight 40.23

Bias Product 40.10

Learned-Mixin 50.16

Learned-Mixin +H 53.81

Ramakrishnan et al. [2018] 41.17

Grand and Belinkov [2019] 42.33

Table 4.3: Results on the VQA-CP v2.0 test set.

as the main model.

Main Model: We use a popular implementation3 of the BottomUpToDown [Anderson et al.,

2018a] VQA model. This model uses a multi-label objective, so we apply our ensemble meth-

ods by treating each possible answer as a two-class classification problem.4

Results: Table 4.3 shows the results. The learned-mixin method was highly effective,

boosting performance on VQA-CP by about 9 points, and the entropy regularizer can in-

crease this by another 3 points, significantly surpassing prior work. For the learned-mixin

ensemble, we find g(xi) is strongly correlated with the bias’s expected accuracy5, with a

spearmanr correlation of 0.77 on the test data. Qualitative examples (Figure 4.2) further

suggest the model increases g(xi) when it knows if can rely on the bias-only model.

3github.com/hengyuan-hu/bottom-up-attention-vqa

4Since the bias sometimes assigns a zero probability to an answer, we additionally add σ(α) to the bias
probabilities where α is learned parameter to allow the model to soften the bias as needed

5Computed as
∑

j sijbij/
∑

j bij where sij is the score for class j on example i
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Is this a.... ?
No

Question Type

Bias Answer

Higher Bias 
Weight

Lower Bias 
Weight

How many…. ?

2

How many animals? [2]

G=5.61     G+=5.89

How many birds? [17]

G=0.17     G+=1.95

Is this a black bear? [No]

G=4.65     G+=5.96

Is this a photo or 
painting? [Painting]

White
What color is the…. ?

G=0.87     G+=4.32

What color is the door? 
[White]

What color is the tennis 
court? [Purple]

G=0.00     G+=0.48

Pizza

What kind of…. ?

What kind of food is in the 
box? [Pizza]

G=0.06     G+=2.93

What kind of birds are in the 
picture? [Seagull]

G=0.11     G+=2.34 G=0.00     G+=1.89

Figure 4.2: Qualitative examples of the values of g(xi) on the VQA-CP training data for
the learned-mixin model (labelled “G”) and learned-mixin +H model (labelled “G+”). The
question type and the bias model’s highest ranked answer for that type are shown above.
We find g(xi) is larger when the bias answers are likely to be correct.

4.4.3 HANS

Data: We evaluate on the HANS adversarial MNLI dataset [McCoy et al., 2019b]. This

dataset was built by constructing templated examples of entailment and non-entailment,

such that the hypothesis sentence only includes words that are also in the premise sentence.

Naively trained models tend to classify all such examples as “entailment” because detecting

the presence of many shared words is an effective tactic on MNLI.

Bias-Only Model: The bias-only model is a shallow linear classifier using the following

features: (1) whether the hypothesis is a sub-sequence of the premise, (2) whether all words

in the hypothesis appear in the premise, (3) the percent of words from the hypothesis that

appear in the premise, (4) the average of the minimum distance between each premise word

with each hypothesis word, measured using cosine distance with the fasttext Mikolov et al.
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Debiasing Method
Co-Attention BERT

HANS MNLI HANS MNLI

None 50.58 78.73 62.40 84.24

Reweight 52.85 77.03 69.19 83.54

Bias Product 53.69 76.63 67.92 82.97

Learned-Mixin 51.65 78.05 64.00 84.29

Learned-Mixin +H 53.35 74.50 66.15 83.97

Table 4.4: Accuracy on the adversarial MNLI dataset, HANS, and the MNLI matched dev
set.

[2018] word vectors, and (5) the max of those same distances. We constrain the bias-only

model to put the same amount of probability mass on the neutral and contradiction classes

so it focuses on distinguishing entailment and non-entailment, and reweight the dataset so

that the entailment and non-entailment examples have an equal total weight to prevent a

class prior from being learned.

Main Models: We experiment with both the uncased BERT base model [Devlin et al.,

2019], and the same recurrent model used for the synthetic data. We use the default hyper-

parameters for BERT since they work well for MNLI.

Results: Table 4.4 shows the results. For the recurrent method, both the bias product and

learned-mixin +H methods result in about a three point gain. However, for the BERT model,

the simpler reweight method is more effective. We noticed high variance in performance

between runs in this setting (this observation has been made by other researchers [McCoy

et al., 2019a]), and speculate the ensemble methods might be compounding this instability

by introducing additional complexity.

We show scores for individual heuristics used in HANS in Table 4.5. Our methods reduce
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Model Debiasing Method
Correct: Entailment Correct: Non-entailment

Lexical Subseq. Const Lexical Subseq. Const

Co-Attention

None 97.83 99.67 97.28 1.37 3.68 3.68

Reweight 80.10 77.84 73.76 15.68 34.27 35.44

Bias Product 77.89 76.61 70.95 17.89 35.11 43.71

Learned-Mixin 94.84 97.25 91.19 3.69 9.57 13.37

Learned-Mixin +H 67.18 61.05 47.13 27.41 56.82 60.53

BERT

None 96.30 99.58 99.30 49.03 7.88 22.30

Reweight 67.93 84.34 80.97 77.44 44.87 59.57

Bias Product 53.67 69.47 70.88 81.34 62.93 69.23

Learned-Mixin 95.64 99.52 99.14 55.41 8.34 25.96

Learned-Mixin +H 91.98 98.20 97.98 64.99 13.25 30.48

Table 4.5: Scores on individual heuristics in HANS.
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the extent to which models naively guess entailment in all cases. Interestingly, the BERT

model shows significantly degraded performance on the entailment examples when using the

reweight and bias product method, but largely maintains its performance on those examples

when using the learned-mixin method.

4.4.4 Adversarial SQuAD

Data: We evaluate on the Adversarial SQuAD [Jia and Liang, 2017] dataset, which was

built by adding distractor sentences to the passages in SQuAD [Rajpurkar et al., 2016]. The

sentences are built to closely resemble the question and contain a plausible answer candidate,

but with a few key semantic changes to ensure they do not incidentally answer the question.

Models that naively focus on sentences that contain many question words are often fooled

by the new sentence.

Bias-Only Models: We consider two bias-only models: (1) TF-IDF: the TF-IDF score

between each sentence and question is used to select an answer (meaning tokens within the

same sentence all get the same score) and (2) TF-IDF Filtered: the same but excluding

pronouns and numbers from the words used to compute the TF-IDF scores. The second

model is motivated by the fact distractor sentences never include numbers or pronouns that

occur in the question.

Main Model: We use an updated version of BiDAF [Seo et al., 2017b], that uses the fasttext

words vectors [Mikolov et al., 2018], includes an additional recurrent layer, and simplifies the

prediction stage. More details are shown in Section 4.6.

Results: Table 4.6 shows the results. We find the bias product method improves perfor-

mance by up to 3 points, and the learned-mixin +H model achieves up to a 9 point gain.

The importance of including the entropy penalty is explained by the fact that, without the

penalty, the model learns to ignore the bias by settings g(xi) close to zero. For example, on
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Debiasing Method
TF-IDF Filtered TF-IDF

AddSent AddSentOne Dev AddSent AddSentOne Dev

None 42.54 53.91 80.61 42.54 53.91 80.61

Reweight 41.55 53.06 80.59 42.74 53.83 80.51

Bias Product 47.17 57.74 78.63 44.41 55.73 78.22

Learned-Mixin 42.25 53.51 80.39 42.00 53.46 80.46

Learned-Mixin +H 51.84 60.66 75.94 48.30 58.26 74.14

Table 4.6: F1 scores on Adversarial SQuAD and the standard SQuAD dev set using two
different bias-only models.

the AddSent dataset with the TF-IDF filtered bias, the learned-mixin ensemble sets g(xi) to

an average of 0.13, while the learned-mixin +H ensemble increases that to 5.16. The high

values are likely caused by the fact the bias-only model is very weak, since it assigns the

same score to each token in each sentence, so the model can often scale it by large values. As

expected, we get better results using the TF-IDF Filtered bias which is more closely tailored

to how the test set was constructed.

4.4.5 TriviaQA-CP

Data: We construct a changing-prior QA dataset from TriviaQA [Joshi et al., 2017] by

categorizing questions into three classes, Person, Location, and Other, based on what kind

of entity they are asking about. During training, we hold out all the person questions or all

the location questions from the train set, and evaluate on the person or location questions

in the TriviaQA dev set. Details can be found in Section 4.5.

Bias-Only Model: The bias-only model uses NER tags, identified by running the Stanford

NER Tagger [Finkel et al., 2005] on the passage, as input. We only apply the model to tokens
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Debiasing Method
Location Person

CP Dev CP Dev

None 41.23 59.27 39.69 55.26

Reweight 40.14 59.18 39.96 55.38

Bias Product 44.42 60.02 40.58 55.20

Learned-Mixin 41.15 61.64 41.31 56.08

Learned-Mixin +H 47.77 57.74 44.37 54.83

Table 4.7: EM scores on two changing priors TriviaQA datasets. The CP column shows
scores on the changing priors test set, and Dev shows in-domain scores.

that have a NER tag, and assign all other tokens the average score given to the tokens with

NER tags in order to prevent the model from reflecting a preference for entity tokens in

general.

Main Model: We use a larger version of the model used for Adversarial SQuAD (see

Section 4.6), to account for the larger dataset.

Results: Table 4.7 shows the results. Similar to adversarial SQuAD, the bias product

method is moderately effective, and the ensemble method is superior as long as a suitable

regularizer is applied. We again observe that the learned-mixin method tends to push g(xi)

close to zero without the entropy penalty (average of 0.25 without the penalty vs. 5.01

with the penalty on the Location dev set). We see smaller gains on the person dataset.

One possible cause is that differentiating between people and other named entities, such as

organizations or groups, is difficult for the main model, and as a result it does not learn a

strong non-person prior even without the use of a debiasing method.
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Statistic Location Person

Num Train 60,133 52,953

Num Test 1,992 2,865

Avg. Passage Length 318 317

Avg. Question Length 16.7 16.0

Table 4.8: Statistics for the TriviaQA-CP datasets.

4.4.6 Discussion

Despite tackling a diverse range of problems, we were able to improve out-of-domain perfor-

mance in all settings. The bias product method works consistently, but can almost always

be significantly out-performed by the learned-mixin method with an appropriate entropy

penalty. The reweight baseline improved performance on HANS, but was relatively ineffec-

tive in other cases.

Increasing the out-of-domain performance usually comes at the cost of losing some in-

domain performance, which is unsurprising since the biased approaches we are removing are

helpful on the in-domain data. TriviaQA-CP stands out as a case where this trade-off is

minimal.

4.5 TriviaQA-CP Details

In this section we discuss our changing-prior TriviaQA dataset, TriviaQA-CP, in more de-

tail. This dataset was built by training a classifier to identify TriviaQA [Joshi et al., 2017]

questions as being about people, locations, or other topics, and then selecting an answer-

containing passage for each question as context. There are two versions of this dataset:

a person changing-priors dataset that was built by removing the person questions from

the train set and using only person questions from the dev set for evaluation, and a loca-

tion changing-priors dataset that was built by repeating this process for location questions.
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Method Accuracy
Location Person

Precision Recall F1 Precision Recall F1

Patterns 72.84 98.30 70.61 82.19 99.12 33.43 50.00

Yago 88.56 95.87 85.31 90.28 94.70 80.00 86.73

Yago + Patterns 91.73 95.44 93.88 94.65 94.70 85.37 89.80

Dist. Supervised Model 92.73 96.60 92.65 94.58 98.28 85.37 91.37

Supervised Model 94.46 95.08 94.69 94.89 93.31 95.82 94.55

Table 4.9: Accuracy, and per-class scores, on the manually annotated questions for the
various question classification methods we used when building TriviaQA-CP.

Statistics for these two sets are shown in Table 4.8. We review the three-step procedure we

used to construct this dataset below.

Distantly Supervised Classification: We first train a preliminary question-type classifier

using distant supervision. We noisily label person and location questions using a manually

constructed set of patterns (e.g., questions with the phrase “What is the family name of...”

are almost always about people), and by attempting to look up the answers in the Yago

database [Suchanek et al., 2007] and checking if the answer belongs to a person or location

category. Questions that did not match either of these heuristics are labelled as other.

We use these labels to train a simple recurrent model that embeds the question using

the fasttext words vectors, applies a 100 dimensional BiLSTM, max-pools, and then applies

a softmax layer with 3 outputs. We train the model for 3 epochs using the Adam opti-

mizer [Kingma and Ba, 2014], and apply 0.5 dropout to the embeddings and 0.2 dropout to

the recurrent states and the output of the max-pooling layer.

Supervised Classification: Next we use higher quality labels to train a second linear
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classifier to re-calibrate the recurrent model’s predictions, and to integrate its predictions

with the distantly supervised heuristics. An author manually labelled 1,100 questions, then

a classifier was trained on those questions using the predictions from the recurrent model as

features, as well as two additional features built from looking up the category of the answer

in Yago as before. This classifier was then used to decide the final question classifications.

Table 4.9 shows the accuracy of these classifiers. The final model achieves about 95%

accuracy. We find about 25% of the questions are about people and about 20% of the ques-

tions are about locations.

Paragraph Selection: In TriviaQA, each question is paired with multiple documents.

We simplify the task by selecting a single answer-containing paragraph for each question.

We use the approach of Clark and Gardner [2017] to break up the documents into passages

of at most 400 tokens, and rank the passages for each question using their linear paragraph

ranker. Each question is then paired with the highest ranking paragraph that contains an

answer.

4.6 Model Details

Here we specify the models we used in our experiments in more detail.

4.6.1 Co-Attention NLI Model

The model we use for NLI is based on ESIM [Chen et al., 2017b]. It has the following stages:

Embed: Embed the words using a character CNN, following what was done by Seo et al.

[2017b], and the fasttext crawl word embeddings [Mikolov et al., 2018], then run a shared

BiLSTM over the results.

Co-Attention: Compute an attention matrix using the formulation from Seo et al. [2017b],

and use it to compute a context vector for each premise word [Bahdanau et al., 2015]. Then
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build an augmented vector for each premise word by concatenating the word’s embedding,

the context vector, and the elementwise product of the two. Augmented vectors for the

hypothesis are built in the same way using the transpose of the attention matrix.

Pool: Run another shared BiLSTM over the augmented vectors, and max-pool the results.

The max-pooled vectors from the premise and hypothesis are fed into a fully-connected layer,

and then into a softmax layer with three outputs to compute class probabilities.

We apply variational dropout at a rate of 0.2 between all layers, and to the recurrent states

of the LSTM, and train the model for 30 epochs using the Adam optimizer [Kingma and Ba,

2014] with a batch size of 32. The learning rate is decayed by 0.999 every 100 steps. We use

200 dimensional LSTMs and a 50 dimensional fully connected layer.

4.6.2 Modified BiDAF QA Model

The model we use for QA is based on BiDAF [Seo et al., 2017b]. It has the following stages:

Embed: Embed the words using a character CNN following Seo et al. [2017b] and the

fasttext crawl word embeddings [Mikolov et al., 2018]. Then run a BiLSTM over the results

to get context-aware question embeddings and passage embeddings.

Bi-Attention: Apply the bi-directional attention mechanism from Seo et al. [2017b] to

produce question-aware passage embeddings.

Predict: Apply a fully connected layer, then two more BiLSTM layers, then a two di-

mensional linear layer to produce start and end scores for each token.

We apply variational dropout at a rate of 0.2 between all layers. We use the Adam opti-

mizer [Kingma and Ba, 2014] with a batch size of 45, while decaying the learning rate by

0.999 every 100 steps. For SQuAD, we use a 200 dimensional fully connected layer and
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100 dimensional LSTMs. For TriviaQA we use a 256 dimensional fully connected layer and

128 dimensional LSTMs, with highway connections between each BiLSTM [Srivastava et al.,

2015] and a recurrent dropout rate of 0.2.

4.7 Conclusion

Our key contribution is a method of using human knowledge about what methods will not

generalize well to improve model robustness to domain-shift. Extensive experiments show

that our method works well on two adversarial datasets, and two changing-prior datasets,

including a 12 point gain on VQA-CP.
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Chapter 5

DEBIASING WHEN THE BIAS IS UNKNOWN

In this chapter, we extend our previous work to construct a method of training unbiased

models without needing a pre-specified bias-only model.

5.1 Introduction

In the previous chapter, we showed it is possible to prevent models from adopting biased

methods when the bias is known and can be carefully modeled in advance. Here we present

a method that can achieve similar results, but that automatically learns the bias, removing

the need for such dataset-specific knowledge. To make this possible, we observe that many

known examples of dataset bias involve models learning overly simple patterns [Min et al.,

2019, McCoy et al., 2019b, Anand et al., 2018]. This leads us to propose that many dataset

biases will be shallower and easier to model than more generalizable patterns. This reflects

the intuition that high-quality models for tasks like language comprehension or image under-

standing will require some minimum amount of complexity (e.g., a visual question answering

model should at least consider the question, image, and ways they might correspond), and

therefore shallower approaches are likely to be modelling dataset bias.

Our method, called Mixed Capacity Ensembling (MCE), follows prior work [Clark et al.,

2019b, He et al., 2019] by training an ensemble of two models, one of which captures bias,

and one of which captures other, better generalizing patterns. Prior methods required that

the model that captures the bias be pre-specified by domain experts. We instead achieve

this separation by jointly training both models while encouraging simpler patterns to be

isolated into one model and more complex patterns into the other. In particular, we (1)

ensemble a lower capacity model, i.e., a model with fewer parameters, and a higher capacity
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What color is the grass?

Higher Capacity Model

Lower Capacity Model

Brown
Yellow
Gold

Green
Blue
Gray
Other Robust Prediction

Brown
Yellow
Gold

Green
Blue
Gray
Other Shallow Prediction

Brown
Yellow
Gold

Green
Blue
Gray
Other Ensemble Prediction

Test Answer

Training Loss

Ensemble

Independently 
Optimized

Independently 
Optimized

Figure 5.1: An overview of our method. We train a lower capacity model in an ensemble
with a higher capacity model. During training simplistic correlations (e.g., “grass is usually
green”) are captured by the lower capacity model, which frees the higher capacity model to
focus on more robust patterns (i.e., matching the question with the image). At test time,
the higher capacity model is used alone. We use an independently optimized classifier as
the final layer of each model as part of our method to make them conditionally independent
(Section 5.2.4).

model, which creates a natural tendency for the higher capacity model to capture more

complex patterns, (2) put a small weight on the loss of the lower capacity model so that it is

preferentially used to capture simpler patterns that it can model, and (3) enforce conditional

independence between the models so that they learn non-overlapping strategies. We show

that conditional independence can be achieved by ensuring each classifier makes individually

optimal predictions, and we train the ensemble with this constraint using methods from

bi-level optimization [Colson et al., 2007].

We evaluate our method by training models on datasets with known biases, and then

testing them on out-of-domain datasets built to penalize models that learn to use those

biases. First, we construct a series of synthetic datasets to show our method can adapt to

multiple kinds of biases. Then, we consider three datasets from prior work that test against

question-type biases for visual question answering [Goyal et al., 2018] and hypothesis keyword
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biases [Bowman et al., 2015a, Gururangan et al., 2018] or lexical overlap biases [McCoy

et al., 2019b] for sentence entailment. Finally, we construct an image recognition dataset

using Imagenet [Deng et al., 2009b] that includes a test set of examples with misleading

backgrounds (e.g., a fish photographed on dry land) to test our method on background-class

biases. We show improved performance in all settings, in some cases nearly matching the

results that can be achieved with an upper-bound that does use knowledge of the bias being

targeted.

5.2 Mixed Capacity Ensembles

In this section, we present our Mixed Capacity Ensembling method and the motivations

behind it. We also discuss an extension to cases where shallow patterns can partially solve

the task by eliminating obviously wrong answers.

5.2.1 Problem Definition

Let X be the domain of the input, Y = {1, 2, . . . , C} be the space of the labels, and By be the

space of probability distributions on Y . Assume we have a training dataset of n examples,

{(xi, yi)ni=1}, where xi ∈ X and yi ∈ Y and xi, yi are drawn from the joint distribution

P train(X, Y ).

Our goal is to learn the parameters θh of a differentiable function fh that returns a vector

in RC representing a probability distribution over the possible classes, fh(·, θ) : X → By.

For notational simplicity, we will sometimes write fh(xi, θh) simply as fh(xi). Our goal is

to optimize θh so that fh(·, θh) will have high accuracy on an out-of-domain test set drawn

from P test(X, Y ).

5.2.2 Motivation

Prior work has generally relied on domain-specific assumptions to make this task possible

(e.g., question-only strategies will not generalize well to P test for VQA). Our approach is
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designed to replace those assumptions with a more domain-general one: that overly simplistic

patterns are unlikely to generalize to P test.

While there is no guarantee all examples of dataset bias will fit this criteria, it is commonly

true in the growing body of research on dataset bias. Additionally, we expect complex dataset

biases to be less problematic because models will be less prone to fit to them.

Achieving this through regularization would be challenging since it is not obvious how to

penalize the use of simplistic patterns. This motivates our approach of explicitly modeling

simplistic hypotheses during training and discarding them during testing.

5.2.3 Training an Ensemble

Formally, our method introduces a lower capacity model: fl(·, θl) : X → Y and additionally

computes a class prior py ∈ By by computing the expected value of y in the training data.

We then compute predictions for the ensemble, lower capacity model, and higher capacity

model as follows:

ŷei = softmax (log(fh(xi)) + log(fl(xi)) + log(py)) (5.1)

ŷli = softmax (log(fl(xi)) + log(py)) (5.2)

ŷhi = softmax (log(fh(xi)) + log(py)) (5.3)

We explicitly factor in py so that it can be properly integrated into all three predictions

(if the class prior was encoded as part of fl and fh it would be double-counted when the two

functions are ensembled). During training the loss is computed as:

Loss =
n∑
i=1

L(ŷei , yi) + wL(ŷli, yi) (5.4)

Where L is the cross-entropy loss function and w is a hyperparameter. During testing we

make predictions using ŷhi .

Following our simplicity assumption, we expect both fl and fh to be able to model dataset

bias, but due to the additional loss penalty on fl the ensemble will favor using fl for that
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purpose. Additionally, since fh can better represent more complex patterns, the ensemble

will use fh for that purpose.

5.2.4 Adding Conditional Independence

Although this creates a soft incentive for the models to learn different patterns, there is a risk

this separation will not be completely clean (e.g., the higher capacity model might partially

capture the relatively simple patterns we hope to model with the lower capacity model).

To prevent this, we propose to enforce conditional independence between the two models so

fl(x)⊥⊥fh(x)|y. We do not expect the models to be generally independent, since they will

both be predictive of the label.

Most existing methods for enforcing conditional independence requires penalizing some

dependency measure between the two models. Here, we propose an alternative approach

that takes advantage of the fact the models are being trained in an ensemble.

Theoretical Motivation:: Assume fh(xi, θh) can be decomposed as ch(gh(xi, θ
g
h), θ

c
h) where

gh(·, θgh) : X → Rz produces a feature vector and ch(·, θch) : Rz → By is a classifier that uses

those features. Likewise, assume fl can be decomposed into gl and cl.

Let x be an example from P train(X, Y ). We write xl = gl(x) and xh = gh(x) for notational

simplicity. Our method is based on the observation that if xh and xl are conditionally

independent:

P (y|xh, xl) (5.5)

∝ P (xh, xl|y)P (y) (5.6)

= P (xh|y)P (xl|y)P (y) (5.7)

=
P (y|xh)P (xh)

P (y)

P (y|xl)P (xl)

P (y)
P (y) (5.8)

∝ P (y|xh)
P (y)

P (y|xl)
P (y)

P (y) (5.9)
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Where (3) applies Bayes rule, (4) follows from conditional independence, and (5) applies

Bayes rule twice.

In words, if xh and xl are conditionally independent, then P (y|xh, xl) can be computed by

computing P (y|xh) and P (y|xl) and then combining them as a product-of-experts following

equation 6.

Our key idea is to constrain the model so that P (y|xh, xl) must be modelled following

equation 6, i.e., by modelling P (y|xl) and P (y|xh) individually and then combining them

as shown. Since equation 6 will only be equal to P (y|xh, xl) if xh and xl are condition-

ally independent, this creates a natural incentive for the model to construct conditionally

independent feature sets during learning.

Intuitively, this works because if a particular piece of information relevant to predicting

y is present in both xh and xl, then that information’s relationship to y will be captured

in both P (y|xh) and P (y|xl), and thus will be double-counted when these distributions are

combined. Optimization should therefore remove that information from either xh and xl to

prevent this double counting.

Method: We approximate this constraint by optimizing the classifiers ch and cl indepen-

dently from the other parameters. That is, we compute:

θc∗h = arg min
θch

n∑
i=1

L(ŷhi , yi)

and then define fh as fh(xi) = ch(gh(xi, θ
g
h), θ

c∗
h ). Since θc∗h has been independently optimized,

we have ŷhi ≈ P (yi|gh(xi)), in which case fh(xi) ≈ P (y|gh(xi))/P (y) (because we model the

class prior separately from fh when computing ŷhi ). We do the same for fl(xi). Therefore

the ensemble prediction ŷei is being computed approximately according to equation 6.

This method does not require adding additional hyperparameters, but it does mean

optimizing the loss specified in equation 5.4 becomes a bi-level optimization problem Colson

et al. [2007] because it contains the subproblem of computing θc∗h .



64

5.2.5 Optimization

To make optimization easier, we define ch and cl to be residual affine functions so that

ch(gh(xi), θ
c
h) = gh(xi)W

c
h + bch + gh(xi). In practice, we use the top-level classifier of the

model being trained as gh (after converting the output to log probabilities), and treat ch as

a post-processing step that refines its prediction. We minimize the loss (equation 5.4) using

minibatch gradient descent.

Computing Gradients: During the forward pass we directly compute θc∗h and θc∗l for the

minibatch, which essentially requires optimizing a small logistic regression model, and can

be done quickly using existing black-box solvers and warm-starting from previous solutions.

Once computed, the gradient of the input features with respect to θc∗h has a closed-form

solutions as shown in Gould et al. [2016], allowing us to backpropagate gradients through

θc∗h and θc∗l to gh and gl.

Addressing Discontinuities: A complication when using gradient descent is that the

argmin operations are not smooth: a small change in gh(xi) could dramatically change θc∗h

and therefore fh. To solve this, we add a regularization penalty to both argmin functions so

that:

θc∗h = arg min
θch

n∑
i=1

L(ŷhi , yi) + αΩ(W c
h)

Where Ω(W c
h) is the L2 norm of W c

h. This ensures the optimization problem is well-

defined, and helps avoid discontinuities during training. α can be tuned by shrinking it as

much as possible as long as learning remains smooth on the training data. We generally find

that our method remains effective across a range of values for α, so we simply fix α = 0.002

for all experiments in this chapter.

Applying the classifiers residually ensures ch can still only improve the predictions made

by gh, since at worst the weights can be set to zero.
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Selecting Minibatches: To ensure the θc∗h and θc∗l computed on each minibatch are good

approximations of their value if computed on the entire training corpus, we train with large

minibatches (at least 256 examples) and stratify examples so each class is approximately

equally represented in each batch.

Evaluation: Computing θc∗h requires using the example’s labels, which are not available at

test time. Therefore we use a θc∗h computed on a large sample of the training data when

classifying unlabelled examples.

5.2.6 Answer Candidate Pruning

One risk with this approach is that, while simplistic methods should not be relied upon to

entirely solve the task, in some cases they could plausibly be used to eliminate some answer

options. For example, given a “How many” question in VQA, it can be determined the

answer should be a number without looking at the image or the other words. However, our

method might factor such simple heuristics into the lower capacity model.

For tasks where this is a possibility, we propose to extract this answer-elimination ability

from the lower capacity model through thresholding. At test time we eliminate all answer

candidates that the lower capacity model assigns a probability less than some (very conser-

vative) threshold t, and select among the remaining candidates using the higher capacity

model. This follows the intuition that the simplistic patterns captured by the lower capacity

model might still be expected to eliminate very obviously wrong answers in a generalizable

way.

5.3 Experimental Setup

We apply our method to datasets that have known biases, and evaluate the trained model on

adversarial datasets that were constructed to penalize models that make use of those biases.

This is not a perfect evaluation because models might be unfairly penalized for ignoring biases
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that were unaccounted for when the adversarial dataset was constructed, and therefore still

exist in the test set. However, positive results on these cases provide good evidence that our

method was at least able to identify the bias the adversarial dataset targeted.

All reported results are averages of eight runs unless otherwise specified. We select

standard, high-performing models for the higher capacity models. To prove that we do not

require the lower capacity model to be naturally prone to modelling the target dataset bias,

we select lower capacity models that can achieve high scores when trained alone.

For each dataset, we evaluate on an out-of-domain (OOD) and in-domain (ID) test set.

We provide overviews of the datasets and models used alongside the results, and present

additional training details in section (TODO).

5.3.1 Applying Prior Work

We attempted to apply the methods from the previous chapter by having the lower capacity

model fill the role of a bias-only model. Doing this entails training the lower capacity

model on its own, freezing its parameters, and then training the higher capacity model in an

ensemble with the pre-trained lower capacity model. However, we found this always leads to

poor performance, sometimes to levels close to random chance. The likely cause is that the

lower capacity models we use are strong enough to learn far more than just the bias when

trained on their own. Therefore those methods, which prevent the higher capacity model

from using strategies the lower capacity model learned, leads to degenerate behavior.

5.3.2 Comparisons

Instead, we compare MCE with two ablations, a baseline approach to conditional indepen-

dence using an adversarial method, and an upper bound that uses domain-specific knowledge

of the bias.

No BP: We train the ensemble without backpropagating through the argmin operators that

compute the parameters of the top-level classifiers, cl and ch. Instead the parameters are
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treated as constants. This tests whether it is necessary to optimize the model using bi-level

optimization methods, or if a more ad-hoc approach would have been sufficient.

No CI: The ensemble is trained without our approach to enforcing conditional independence.

With Adversary: The ensemble is trained while replacing our conditional independence

method with the ‘Equality of Odds’ adversarial approach from Zhang et al. [2018a]. This

approach trains the output of each model to be difficult to predict given the label and the

output of the other model.

Pretrained Bias: Following Clark et al. [2019b], we construct a bias-only model by training

a model that can only use the target bias (e.g., a hypothesis-only model for MNLI). The high

capacity model is then trained in an ensemble with that pre-trained model. This method

makes use of precise knowledge about the target bias, so we use it as an approximate upper

bound on what could be achieved if the target bias was perfectly factored into the lower

capacity model. We give details in chapter (TODO)

5.3.3 Hyperparameters

We use OOD development sets drawn from the same distribution as the OOD test sets for

hyper-parameter tuning. As mentioned in the previous chapter, this is not an ideal solution

since it means some information about the OOD distribution is used during training. As a

best-effort attempt to mitigate this issue, we use a single hyperparameter setting for MCE

(w = 0.2) on all our experiments. Although setting this parameter did require using examples

from the OOD dev sets, the fact a single value works well on a diverse set of tasks suggests

that our method will generalize to settings where tuning hyperparameters on the OOD test

distribution is not possible.

The With Adversary baseline also requires hyperparameter tuning. We were unable to

find a universally effective setting, so we report results using the best setting found on the
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Method
Background Patch Split

OOD Acc ID Acc OOD Acc ID Acc OOD Acc ID Acc

MCE (Ours) 81.21 93.92 74.34 86.70 92.36 93.69

No CI 78.75 94.95 69.40 85.53 91.29 93.94

No BP 78.39 94.34 71.93 86.67 92.35 93.78

With Adversary? 80.57 93.37 70.31 82.78 91.24 93.43

None 67.76 95.46 58.53 90.34 88.77 94.72

Pretrained Bias 84.59 91.17 72.96 79.72 91.27 91.61

Table 5.1: Accuracy on MNIST with synthetic biases when those biases are removed (OOD)
or preserved (ID).

OOD dev set. This is indicated by a ? next to that method.

5.4 Results

5.4.1 Synthetic MNIST

We build synthetic datasets by adding a synthetic bias to the MNIST images [LeCun et al.,

1998]. In particular, we design a superficial image modification for each label, apply the

modification that corresponds to each image’s label 90% of the time, and apply a different,

randomly selected modification otherwise. OOD sets are built by applying randomly selected

modifications. We use 200 examples for each digit for training, 1000 examples per digit for

the OOD dev set, and 1000 per digit for the OOD and ID test sets. Runs are averaged

over 100 trials. We use three kinds of modifications in order to demonstrate our method is

effective against multiple types of bias.

Background : The background of the digit is colored one of 10 colors depending on the label.
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Patch: The background is divided into a 5x5 grid, the upper left patch is colored to match

the label, and the rest of the patches are colored randomly.

Split : Following Feng et al. [2019], the label is encoded in two separate locations in the

image. Each label is mapped to a set of color pairs. Then the image is divided into vertical

stripes, the center strip is colored randomly, and the other strips are colored using a randomly

selected color pair for the example label. To avoid an excessive number of color pairs, we

only use the digits 1-8, and map those digits to four super classes.

Higher Capacity Model: We use a model with one convolution layer with 8 7x7 filters

and ReLU activation, followed by a 128 dimensional ReLU layer and a softmax predictor

layer.

Lower Capacity Model: We use a model with a 128 dimensional ReLU layer then a

softmax layer.

Results: Table 5.1 shows the results. The Patch bias proves to be the hardest, possibly

because the patchwork background distracts the model, while the more subtle Split bias

is the easiest. Despite using no knowledge of the particular bias being used, our method

improves upon training the model naively by at least four points, in two cases slightly out-

performing the Pretrained Bias method. Using the adversary is comparable in some cases,

but falls behind on the Patches bias.

5.4.2 VQA

We evaluate on the VQA-CP v2 dataset [Agrawal et al., 2018], which was constructed by

re-splitting VQA 2.0 [Goyal et al., 2018] data into new train and test sets such that the

correlations between question types and answers differs between each split. For example,

“white” is the most common answer for questions that start with “What color is...” in the
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train set, whereas “black” is the most common answer for those questions in the test set.

We hold out 40k examples from the train set to serve as an ID test set, and 40k of the 200k

examples in the test set for an OOD dev set.1

Our model follows standard practice of predicting an answer from a set of pre-selected

answer candidates. Since many of the answers are uncommon, and thus will be poorly repre-

sented in individual mini-batches, we cannot apply our conditional independence method out

of the box. Instead, we cluster answer candidates by putting the 10 most common answers in

individual clusters and the rest in an 11th cluster, and then apply our method while sharing

parameters between answers in the same cluster. Since the model uses a sigmoid prediction

function, we make g a simple two-parameter function that rescales and shifts the input.

For this dataset, we additionally show results when using the answer candidate pruning

method from Section 5.2.6 for models where it is applicable. We pick a conservative threshold

such that the correct label would be pruned less than 0.1% of the time on in-domain data.

Higher Capacity Model: We use LXMERT [Tan and Bansal, 2019], a transformer based

model that has been pretrained on image-caption data.

Lower Capacity Model: We make predictions using mid-level representations from the

higher capacity model (see the TODO for details).

Results: Table 5.2 shows the results. MCE closes most of the gap between the basic

model and the upper bound, suggesting it was able to identify the question-type bias. The

baselines underperform MCE by a significant margin, while answer candidate pruning offers

a consistent boost.

1Prior work tuned hyper-parameters directly on the test set, but we think its preferable to shrink the
test set slightly in order to have a separate OOD dev set
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Method
OOD Acc ID Acc

Acc w/o AP Acc w/o AP

MCE (Ours) 68.44 66.10 74.03 72.72

No CI 59.10 37.32 67.56 49.28

No BP 61.64 47.55 67.99 55.54

With Adversary? 66.08 26.16 72.17 37.47

None 57.65 - 76.95 -

Pretrained Bias 70.32 - 70.78 -

Table 5.2: Results on the VQA-CP OOD test set, and a held out ID test set. We show
accuracy with and without answer pruning. Note the ID set is for VQA-CP, and is not
comparable to the standard VQA 2.0 dev set.

5.4.3 MNLI

We evaluate on the MNLI Hard sentence pair classification dataset from Gururangan et al.

[2018] and the HANS dataset from McCoy et al. [2019b].

The MNLI Hard dataset is built by training a classifier to predict the target class using

only the hypothesis sentence, and then filtering out all examples from the dev set that this

classifier is able to classify correctly. Our classifier reaches 54% accuracy on the matched

dev set (compared to 33% from random guessing) by making use of correlations between

certain words and the class (e.g., “not” usually implies the class is “contradiction”). We use

4.4k examples filtered from the MNLI matched dev set as an OOD dev set, and another 4.4k

examples filtered from the mismatched dev set as the OOD test set. We use the entire 9.8k

mismatched dev set for the ID test set.

The HANS dataset contains 30k examples where both sentences contain similar words,

so models that naively classify such sentences as ’entailment’ will perform poorly. We do not

tune hyper-parameters on HANS, and instead use the same settings as MNLI Hard.

We evaluate each model on both adversarial sets, so doing well requires models to be
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simultaneously robust to both the biases being tested for. We build a Pretrained Bias model

for hypothesis-only bias, and report the best ensemble result from Clark et al. [2019b] as an

upper bound for the HANS dataset.

Higher Capacity Model: We use the pre-trained uncased BERT-Base model [Devlin et al.,

2019].

Lower Capacity Model: We use a modified version of the neural bag-of-words model

from Parikh et al. [2016]2.

Results: Table 5.3 shows the results. BERT-Base is already reasonably robust to the

hypothesis-only bias, with only a 4% gap between the upper bound and the unmodified

model, but is more vulnerable to the word-overlap bias in HANS. Our method is able to

almost cut the gap in half, with the adversarial approach to conditional independence slightly

underperforming MCE.

5.4.4 Imagenet Animals

We construct a dataset from Imagenet [Deng et al., 2009a] to test our methods on background-

class correlations. Since training models on Imagenet is computationally expensive, and the

large number of classes creates complications when applying our conditional independence

approach (i.e., we would have take steps to prevent classes becoming too sparsely represented

in each minibatch, as we did for VQA), we build a simplified animal classification dataset

by grouping various animal classes into 6 super-classes.

In more detail, we take advantage of the hierarchical structure of Imagenet and its cor-

respondence to wordnet [Fellbaum, 2012]. We select 6 wordnet synsets that have at least 20

hyponyms that exist in Imagenet: fish.n.01, insect.n.01, dog.n.01, bird.n.01, ungulate.n.01,

2We were unable to get positive results using layer 3 or 6 of the BERT model, possibly because even the
lower layers of BERT have a lot of representational power
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Method Hard HANS ID

MCE (Ours) 77.58 64.43 83.28

No CI 77.24 64.25 83.38

No BP 76.44 62.18 83.88

With Adversary? 77.10 63.03 83.35

None 75.62 61.04 84.28

Pretrained Bias 79.78 62.23 76.90

Clark et al. [2019b] - 67.92 -

Table 5.3: Accuracy on two OOD textual entailment datasets (MNLI Hard and HANS) and
the mismatched dev set performance (ID) .

Method
OOD Acc ID Acc

5% 10% 20% All

MCE (Ours) 79.86 81.36 83.56 89.86

No CI 81.02 82.46 84.51 89.97

With Adversary? 80.88 82.36 84.28 89.95

None 78.20 80.28 83.17 90.79

Pretrained Bias 87.71 87.54 86.93 78.38

Table 5.4: Results on Imagenet animal recognition on examples where less than 5%, 10%, or
20% of the image-patch classifiers are accurate (OOD), as well as on the entire test set (ID).
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Label=Bird (0.16)   
Prediction=Insect (0.72)

Label=Snake (0.02)  
Prediction=Fish (0.91)

Label=Ungulate (0.13)  
Prediction=Bird (0.76)

Label=Bird (0.04)  
Prediction=Snake (0.64)

Label=Dog (0.12)  
Prediction=Ungulate (0.78)

Label=Ungulate (0.01) 
Prediction=Dog (0.97)

321

4 5 6

Figure 5.2: Qualitative examples from Imagenet Animals where most of the image-patch
classifiers were incorrect. We show images paired with the gold label and the most common
prediction made by the image-patch classifiers, with the percent of image-patch classifiers
that predicted those labels in parentheses. Errors are often caused by the patch classifiers
associating features of the background with the class. In particular, because (1) twigs and
leaves are associated with insects, (2) grassy fields are associated with ungulates (e.i., hooved
mammals), (3) black and white photos are associated with dogs due to the commonality of
black-and-white dog photos in the training data, (4) water is associated with fish, (5) open
sky is associated with birds, and (6) close-ups of the ground are associated with snakes.
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and snake.n.01. Each synset is used as a class. We gather examples for each class by sampling

images randomly from all its hyponyms in the Imagenet training data.

We build a train set with 10k images per class, a dev set with 3k images per class, and

a test set with 7k images per class. Similarly to our approach to MNLI, and Hendrycks

et al. [2019], we construct OOD datasets by filtering out correct predictions made by a

biased classifier. Following the approach of BagNet [Brendel and Bethge, 2019], we modify

a ResNet-18 model [He et al., 2016] to build features for 9x9 image patches and then train a

classifier to predict the class using those features. Images where most of the classifiers were

unable to guess the correct class are assumed to have a misleading background and are used

for the OOD test set. Figure 5.2 contains some examples, and demonstrates the kinds of

errors the image-patch classifiers make.

Higher Capacity Model: We use ResNet-18 [He et al., 2016].

Lower Capacity Model: We branch the higher capacity model by adding a 1x1 convolution

with 256 filters after the first residual block, followed by max-pooling and a 256 dimensional

ReLU layer.3 This model gets around 81% on our dev set if trained alone.

Results: Table 5.4 shows the results. This dataset proves to be challenging; MCE provides

a boost over naively training the model, but is still significantly below our estimated upper

bound. Our conditional independence method reduces performance here, and training fails

to converge for the no-backpropagation ablation, so results for that method are not shown.

A possible cause is that the model is able to reach nearly 100% accuracy on the training

data which causes the argmin operations to become degenerate.

3We found positive, but slightly weaker results using features after the second residual block, and negative
results when using features after the third residual block
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5.4.5 Discussion

Overall, we are able to improve out-of-domain performance in all settings even though our

method does not use dataset-specific information about the target bias. Our conditional

independence method generally improved performance while the adversarial baseline, despite

getting the benefit of per-dataset hyperparameter tuning, was less effective.

MCE decreases ID performance, which is expected since the bias is helpful on in-domain

data and the goal of our method is to remove it. However the decrease is often much less

than for the upper bound (e.g., on MNLI MCE is 2 points behind on the OOD test set, but

6 points ahead on the ID test set). A possible cause is that the bias is only being partially

factored out. Improving OOD performance without losing much ID performance might also

suggest MCE is helping improve the higher capacity model in general. Better understanding

and making use of this phenomenon is an interesting avenue for future work.

We find computing the argmin operations adds a moderate computational overhead,

requiring about 2x the train time for the ResNet-18 ensemble and about 1.3x the time for

the larger BERT and LXMERT ensembles (performance during evaluation is identical). Our

implementation performs the optimization on the CPU; a GPU based optimizer might reduce

this overhead.

5.5 Conclusion

We have presented a method for improving out-of-domain performance by detecting and

avoiding overly simple patterns in the training data. Experiments show this approach suc-

cessfully prevents the higher capacity model from adopting known biases on several real-world

datasets, including achieving a 10-point gain on an out-of-domain VQA dataset.



77

Chapter 6

CONCLUSION

In this thesis, we have introduced new methods of preventing models from exploiting

superficial patterns that happen to work well on the training data, but do not solve the

fundamental task.

In chapter 3, we introduced a method of training less biased question answering models

in order to improve results in the multi-paragraph setting. Our approach trains the model

by using it to process a small sample of paragraphs in parallel, and then computing answer

probabilities across all those paragraphs. This prevents the model from learning biases caused

when the model is only trained on one paragraph at a time (like over-confidence when only a

single entity in the context passage matches the expected answer-type of the question). We

showed the resulting unbiased models are much more effective when used to select an answer

from a large number of paragraphs, and therefore at open-domain question answering.

In chapter 4, we proposed an ensemble-based method to prevent models from learning

known biases. Our method trains a bias-only model that captures the bias, then trains a

robust model in an ensemble with the bias-only model in order to prevent it from learning

the approach the bias-only model uses. We considered several ensembling methods, the

most successful one built on a product-of-expert style ensemble, but gave some additional

flexibility to the model by allowing it to control the extent to which the bias-only model was

used for each example. We showed this method is effective across a wide range of tasks and

biases

In chapter 5, we extended this method to the case where the bias is unknown. To do

this, we proposed that biases are often simpler, meaning learnable by less parameter-heavy

models, than unbaised methods for language and visual understanding tasks. We exploited
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this by training an ensemble as before, but dynamically training the bias-only model to

capture simple approaches to solving the problem, while allowing more complex approaches

to be captured by the robust model. We showed this approach can be nearly as effective as

the previous approach even though it does not make use of expert knowledge of the bias.

Altogether, we have shown bias in datasets need not lead to bias in models. Bias is now

known to be pervasive in machine learning datasets, but we have made significant progress

training models to ignore that bias.

6.1 Future Work

6.1.1 Debasing for Data Efficiency

A downside to the ensemble-based methods we propose here is that they reduce the need for

the model to solve examples the bias-only model (or low-capacity model) already works well

on. The ensemble will already be mostly correct for those examples, which means the robust

model has less incentive to learn them. The reweighting baseline we used in Chapter 4, and

many of the alternative debiasing methods we discuss in Chapter 2, have a similar effect

where examples solved by the bias are effectively down-weighted. This serves to reduce the

bias, but also effectively reduces the amount of training data since many examples have a

low weight.

As a result, these methods are not quite as effective as training models on unbiased data.

The synthetic experiments in Section 4.4.1 are a good illustration of this: when we have a

bias-only model that perfectly captures a simple bias our methods result in a model that is

close, but not quite as good, as a model trained on unbiased data.

Solving this is quite challenging. Given a biased example, we need to receive a strong

gradient towards solving that example using the unbiased approach (so the example is not

effectively down-weighted), but also receive a small gradient for the biased approach (so

the bias will not be learned). This goal cannot be achieved by simply changing the loss

function, which could only increase/decrease the gradient for both methods at the same time.
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Instead, it would likely require identifying which components of the model are responsible

for capturing the bias, but this process itself might be difficult or noisy.

Despite the challenges, this is an interesting line of future work because it opens the

possibility of using knowledge of biases to build models that learn to use the unbiased ap-

proach more effectively than would be possible with standard training methods. This would

result in better unbiased models, and could even be combined with the bias to get strong

in-domain performance. This idea is related to ideas from co-training [Blum and Mitchell,

1998] or multi-view learning [Xu et al., 2013] that exploit multiple views of the data to

increase performance.

6.1.2 Multiple Biases

Many datasets are likely to exhibit multiple biases. For example, question answering datasets

can have both sentence-position biases [Ko et al., 2020] and question key-word biases [Jia and

Liang, 2017], and MNLI datasets are known to have both hypothesis-only biases [Gururangan

et al., 2018] and world-overlap biases [McCoy et al., 2019b]. In this case, it is natural to ask

how our methods can extend to these settings.

For our ensemble-based methods, we could add additional bias-only models into the

ensemble. Alternately, we could train a bias-only model that uses multiple biases. The

latter approach, however, might have some disadvantages when used with the Mixin methods

(Section 4.2) since the model will not be able to control each individual bias. Using an

ensemble of models with the mixin method might therefore be more effective.

Our method for dealing unknown biases presented in Chapter 4 should factor all biases

into the low-capacity model. For example, on MNLI we were able to show our model become

more robust to multiple biases (see Section 5.4.3). Factoring that model into multiple models

that capture different biases, possibly be leveraging a conditional independence assumption

as before, might be have some advantages from an interpretability perspective.
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6.1.3 Bias and Explanations

Faithful explanation, i.e., explanations that accurately reflect the processes of the model,

will need to either (1) use an unbiased model or (2) surface how bias is being used to

users. For example, a faithful VQA explanation will either need to avoid using question-

type/answer correlations, or inform the user those correlations are being used. Considering

bias is therefore important with dealing with explanations. Our ensemble methods are

particularly suited to this task because they explicitly model the bias. Therefore, it would

be easy to surface to users the role bias play in the final classification decision.

This can also play a role in bias-discovery since our work from Chapter 5 creates a model

that learns the bias. This means users could potentially learn about the bias in a dataset

by examining the behavior of that model. However, those models are still black-box, so

completing this step will require some additional interpretability effort.
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