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Abstract

Machine learning models are biased when trained on biased datasets. Many recent
approaches have been proposed to mitigate biases when they are identified a priori.
However in real-world applications, annotating biases is not only time-consuming but
also challenging. This thesis considers three different scenarios and presents novel
algorithms for learning robust models. These algorithms are efficient as they do not
require explicit annotations of the biases, enabling practical machine learning.

First, we introduce an algorithm that operates on data collected from multiple
environments, across which correlations between bias features and the label may
vary. We show that when using a classifier trained on one environment to make
predictions on examples from a different environment, its mistakes are informative
of the hidden biases. We then leverages these mistakes to create groups of examples
whose interpolation yields a distribution with only stable correlations. Our algorithm
achieves the new state-of-the-art on four text and image classification tasks.

We then consider the situation where we lack access to multiple environments, a
common scenario for new tasks or resource-limited tasks. We show that in real-world
applications related tasks often share similar biases. Based on this observation, we
propose an algorithm that infers bias features from a resource-rich source task and
transfers this knowledge to the target task. Compared to 15 baselines across five
datasets, our method consistently delivers significant performance gain.

Finally, we study automatic bias detection where we are only given a set of input-
label pairs. Our algorithm learns to split the dataset so that classifiers trained on
the training split cannot generalize to the testing split. The performance gap pro-
vides a proxy for measuring the degree of bias in the learned features and can there-
fore be used to identify unknown biases. Experiments on six NLP and vision tasks
demonstrate that our method is able to genreate spurious splits that correlate with
human-identified biases.

Thesis Supervisor: Regina Barzilay
Title: Professor of Electrical Engineering and Computer Science
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Chapter 1

Introduction

Deep learning has let to breakthroughs in nearly every field. We have language mod-
els that excel at language understanding [20, 123]. We have agents that are better at
playing games than human world champions [105, 19]. We have algorithms that make
highly accurate protein structure predictions |99, 59]. In the past decade, neural net-
works have already demonstrated their super powers as universal approximators [52].

Can we deploy and trust these models out-of-the-box in practical applications?
Not yet. Due to the idiosyncrasies of the data collection process, datasets are often
fraught with unwanted biases. In computer vision, image classes may be spuriously
associated with the demographic or geographic information |76, 21|. In natural lan-
guage processing, human-annotated labels can be easily predicted from spurious lin-
guistic clues [1, 83|. In medical imagining, models achieve super-human performance
by over-fitting to hospital-specific features [119]. Naively applying machine learning
algorithms on these biased datasets can and will lead to biased models, hampering
their generalization ability towards real-world applications.

Many approaches have been proposed to mitigate biases when they are known

beforehand.

e In natural language inference, we would like to identify the entailment relation-
ship between two sentences, hypothesis and premise. Even though our bench-

mark datasets are annotated by human, researchers have found out that using
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the hypothesis sentence alone is sufficient to make accurate predictions, 67.0%
vs. 34.3%, compared to the majority baseline [47|. [16, 109] propose an ad-
versarial training framework to reduce this hypothesis-only bias. By removing
the label information from the hypothesis representation through an adversarial
network, they enforce the model to reason the entailment relationship. Another
popular approach to tackle this particular type of bias is ensemble [29, 48, 78].
The idea is to first learn a biased model that only leverages information from
the hypothesis. Then we train another de-biased model that focuses on exam-
ples that cannot be predicted well by the previous biased model. As a result,

the de-biased model learns how to reason across the input sentences.

Language models, despite their extraordinary performance at generating coher-
ent text, suffer from gender bias [36, 102]. For example, given the prompt “He
works in a hospital as a”, GPT-2 [91] produces “doctor.” If we change “He”
into “She”, the output becomes “nurse.” To mitigate gender disparity, [46] use
counterfactual role reversal to augment the training data. Specifically, they
manually crate a list of mapping between masculine and feminine words: male
<> female, father <+ mother, he < she, etc. By applying this mapping to the
training data, they obtain a gender-balanced dataset. Distilling pre-trained lan-
guage models (such as GPT-2) on this augmented dataset improves generation

fairness.

In image recognition, convolutional neural networks may make their predictions
based on local object textures rather than global object shapes. [43] conducted
48,560 phschophysical trials and found that while a cat image with an elephant
texture is still a cat to human observers, it is classified as an elephant to neural
networks. Later on, [50] show that applying naturalistic transformation (color
distortion, Gaussian blur, and Sobel filtering) to the image can substantially
decrease texture bias, while adding random-crop can increase texture bias. By
carefully balancing the data augmentation techniques, they managed to reduce

the unwanted texture bias.
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While these approaches deliver robustness, they typically involve task-specific archi-
tectures or objectives and therefore require extra domain knowledge to generalize to
new tasks. Recently, distributionally robust optimization (DRO) has gained a lot
of interest due to its task-agnostic design. By minimizing the worst-case loss over
human-defined groups, DRO effectively learns robust models across multiple appli-
cations [54, 86, 94]. However, human experts still have to identify and annotate the
biases a priori, a process often as expensive as annotating the label itself [17, 37, 93].

In this thesis, I will propose efficient algorithms that can learn unbiased models
from biased datasets. The major departure from existing work is that our methods

do not require explicit annotations of the biases, enabling practical machine learning.

e Our first algorithm, Predict then Interpolate (P1), operates on data split
among multiple environments, across which correlations between bias features
and the label may vary [116, 88, 6]. Instead of handcrafting environments based
on explicit, task-dependent biases, these environments can be determined by
generic information that is easy to collect. For example, environments can
represent data collection circumstances, like location and time. The goal is to
promote correlations that are stable across these environments during training
so that the model can generalize to a new test environment that has the same

stable correlations.

e While it is easy to collect annotations from multiple environments for resource-
rich tasks, this procedure is infeasible for new tasks or resource-limited tasks.
Fortunately, in many real-world applications related tasks are often affected by
similar bias features. For instance, when classifying animals such as camels vs.
cows, their backgrounds (desert vs. grass) may constitute a spurious correla-
tion [14]. The same bias between the label and the background also persists in
other classification tasks (such as sheep vs. antelope). Based on this observa-
tion, we propose Transfer of Unstable Features (TOFU), an algorithm that
infers bias features from the source environments and transfers this knowledge

to learn a robust model for the target task.
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e Finally, we study automatic bias detection, a more general setting where we
are only given the set of input-label pairs. We propose Learning to Split
(1s), an algorithm that simulates generalization failure directly from the given
dataset. Specifically, 1s learns to split the dataset so that classifiers trained on
the training split cannot generalize to the testing split. The performance gap
provides a proxy for measuring the degree of bias in the learned features and

can therefore be used to identify unknown biases.

Machine learning models, especially modern deep neural networks, are very pow-
erful at learning the correlations between the input and the output. However, corre-
lation does not imply causation. Models that pick up spurious correlations will suffer
from unwanted biases.

I now provide a summary of the above three scenarios and briefly describe how

we tackle each one.

1.1 Predict then Interpolate: A Simple Algorithm
to Learn Stable Classifiers

We first consider the situation where our dataset contains multiple environments,
across which correlations between bias features and the label may vary. Instead of
handcrafting environments based on explicit, task-dependent biases, these environ-
ments can be determined by generic information that is easy to collect [88]. For
example, environments can represent data collection circumstances, like location and
time.

Our goal is to learn correlations that are stable across these environments so that
our model can generalize to test environments with the same stable correlations. Dif-
ferent from previous work that aims to directly learn an invariant representation [6],

we explicitly decompose our goal into two parts:

e Identifying biases (Stage 1 & 2). Our key idea follows from the intuition

that when using a classifier trained on one environment to make predictions
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on examples from a different environment, its mistakes are informative of the
unstable correlations. In fact, we prove that if the unstable features and the
label are positively correlated across all environments, the same correlation flips
to negative in the set of mistakes. Therefore, by interpolating the distributions
of correct and incorrect predictions, we can uncover an “oracle” distribution in

which only stable features are correlated with the label.

e Addressing biases (Stage 3). Although the oracle interpolation coefficients
are not accessible, we can minimize the worst-case risk over all interpolations,
providing an upper bound of the risk on the oracle distribution. This procedure

is also known as group distributionally robust optimization (DRO) [93].

Our algorithm is model agnostic and has been applied to different image classi-
fication and text classification tasks. We consider both synthetic environments and

real-world environments.
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Figure 1-1: Illustration of our algorithm on the toy example. The label y agrees with
the stable feature x; with probability 0.8 on both environments. For the unstable
feature xs, the probability of xo = y is 1.0 in E; and 0.9 in E,. Stage 1: We train a
classifier f; on F;. It learns to make predictions solely based on the unstable feature
To. Stage 2: We use f; to partition Fy based on the prediction correctness. While
the correlation of x5 is positive for both E; and Es, it flips to negative in set of wrong
predictions F,*. Stage 3: Interpolating P;¥ and P;* allows us to uncover an oracle
distribution P* where the unstable feature x, is not correlated with the label. Note
that here we only illustrate how to partition Fy using f;. In our algorithm, we also
use the classifier f, (trained on Es) to partition E;, and the final model f is obtained
by minimizing the worst-case risk over all interpolations of P2, P?*, P}¥ Py*.
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e First, we simulate biases in synthetic environments by appending spurious fea-
tures. Empirical results in both digit classification and sentiment classification
show that our method delivers significant performance gain (23.85%) over in-
variant risk minimization (IRM) [6]. Quantitative analyses confirm that our

method identifies groups with opposite spurious correlations.

e Next, we applied our method on natural environments that are defined by a
given input attribute. Empirical results on CelebA and ASK2ME confirm that
our method is able to improve robustness against other attributes that are

unknown during training, outperforming IRM by 12.41%.

1.2 Learning Stable Classifiers by Transferring Un-
stable Features

While it is easy to collect annotations from multiple environments for resource-rich
tasks, this procedure is infeasible for new tasks or resource-limited tasks. Fortunately,
related tasks are often fraught with similar spurious correlations. For instance, when
classifying animals such as camels vs. cows, their backgrounds (desert vs. grass) may
constitute a spurious correlation [14|. The same bias between the label and the back-
ground also persists in other related classification tasks (such as sheep vs. antelope).
In the resource-scarce target task, we only have access to the input-label pairs. How-
ever, in the source tasks, where training data is sufficient, identifying biases may be
easier. For instance, we may have examples collected from multiple environments, in
which correlations between bias features and the label are different [6]. These source
environments help us define the exact bias features that we want to regulate.

Our goal is to transfer the knowledge that bias features are not reliable in the
source task, so that the target classifier will not rely on these spurious correlations.

To enable effective transfer, we decompose our problem into two steps:

e Inferring unstable features from the source task. Our theorem from

the previous chapter suggests that that unstable features are reflected in mis-
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takes observed during classifier transfer across environments. For instance, if
the classifier uses the background to distinguish camels from cows, the camel
images that are predicted correctly would have a desert background while those
predicted incorrectly are likely to have a grass background. More generally,
we prove that among examples with the same label value, those with the same
prediction outcome will have more similar unstable features than those with
different predictions. By forcing examples with the same prediction outcome to
stay closer in the feature space, we obtain a representation that encodes these

latent unstable features.

e Learning stable correlations for the target task. We can apply the un-
stable feature representation to our target task. By clustering examples based
on this representation, we separate minority groups apart from the majority
groups. We then minimize the worst-group loss using group distributionally

robust optimization [93]. This enforces the target classifier to be robust against
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Figure 1-2: Our algorithm TOFU 1) infers unstable features from the source task
(Section 3.3.1) and 2) learns stable correlations for the target task (Section 3.3.2).
We create partitions for all environment pairs. For ease of illustration, we only depict
using f; to partition E5. Best viewed in color.

29



different values of the unstable features. In the example above, animals would
be clustered according to backgrounds, and the classifier should perform well

regardless of the clusters (backgrounds).

We applied our method to both text classification tasks and image classification
tasks. Comparing with state-of-the-art transfer techniques, our method significantly
improves the model robustness (by 18.06%). Qualitative and quantitative analyses

confirm the our method is able to identify the unstable features.

1.3 Learning to Split for Automatic Bias Detection

What if we only have access to the set of input-label pairs? No additional data
environments. No additional source tasks.

We propose Learning to Split (1s), an algorithm that simulates generalization
failure directly from the set of input-label pairs. Specifically, 1s learns to split the
dataset so that predictors trained on the training split cannot generalize to the testing
split. This performance gap provides a proxy for measuring the degree of bias in the
learned features and can therefore be used to identify unknown biases. Our algorithm

1s consists of two components:

e Splitter. At each iteration, the Splitter creates a train-test split of the dataset.

Given an input-label pair, it decides whether this example should be used for
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Training split Training split
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Figure 1-3: Consider the task of classifying samoyeds vs. polar bears. Given the
set of image-label pairs, our algorithm 1s learns to split the data so that predictors
trained on the training split cannot generalize to the testing split.
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training or testing. To ensure that the splits are meaningful, we impose two
regularity constraints on the splits. First, the size of the train split must be
comparable to the size of the test split. Second, the marginal distribution of

the label should be the same across the splits.

e Predictor. The Predictor then takes the training split and learns how to
predict the label from the input. Its prediction performance on the testing split
is used to inform the Splitter to generate a more challenging split (under the

regularity constraints) for the next iteration.

The challenge is that we don’t have any explicit annotations for creating non-
generalizable splits. One may cast the objectives, maximizing the generalization gap
while maintaining the regularity constraints, into a reward function for reinforcement
learning. However, our preliminary experiments suggest that the learning signal from
this scalar reward is too sparse for the Splitter to learn meaningful splits.

In this chapter, we present a simple yet effective approach to learn the splitter.
We show that the prediction correctness of each testing example can be served as a
source of weak supervision: generalization performance will drop if we move examples
that are predicted correctly away from the testing split, leaving only those that are
mispredicted. Therefore, we can directly minimize the cross entropy loss between the
Splitter’s decision and the Predictor’s prediction correctness over the testing split.

Our algorithm is model-agnostic and can be applied to any supervised learning
tasks ranging from natural language understanding, image classification to molecular
property prediction. Empirical results demonstrate that our algorithm 1s is able to
generate astonishingly challenging splits. For example in MNLI, the generalization
performance drops from 79.4% (random split) to 27.8% (1s) for a standard BERT-
based predictor. Further analyses show that these splits are informative of biases
previously identified by human.

In addition, we demonstrate that combining robust learning algorithms (such as
DRO) with splits identified by 1s enables automatic de-biasing. Compared with

previous baselines, we substantially improves the worst-group performance (23.4%

31



on average) when the source of biases is completely unknown during training and

validation.

1.4 Contributions

The primary contributions of this thesis are threefold:

e Predict then Interpolate: A Simple Algorithm to Learn Stable Classi-
fiers: Given access to multiple data environments, we demonstrate, both theo-
retically and empirically, how to identify the hidden biases by contrasting these
data environments. Combined with group distributionally robust optimization,
our algorithm delivers state-of-the-art robustness for text classifications and

image classifications.

e Learning Stable Classifiers by Transferring Unstable Features: We
identified that related tasks often share similar biases. Based on this obser-
vation, we propose a novel framework for transferring the knowledge of biases
across tasks. We demonstrate more accurate and reliable prediction across 13

transfer settings.

e Learning to Split for Automatic Bias Detection: We can reduce biases
even without having additional data environments or related tasks. We propose
learning to split, an algorithm that simulates generalization failure directly from
the set of input-label pairs. Empirical results across multiple modalities confirm
that our method is able to identify splits that correlate with biases previously

identified by human experts.

Together, these three lines of work represent a step towards practical machine
learning. We demonstrate how to leverage different prior knowledge (data environ-
ments or related tasks) to address biases. When these prior knowledge is not available,
we show that we can still investigate our existing annotations and simulate potential
generalization failures. Our proposed methods are model-agnostic and are ready to

boost robust learning across different applications.
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1.5 Thesis overview
The rest of this thesis is organised as follows:

e In Chapter 2, we consider the scenario where our data is collected across multiple
environments. We propose Predict then Interpolate (PI), an algorithm that

achieves robustness by contrasting different data environments.

e In Chapter 3, we will discuss how to learn stable classifiers when we don’t have
access to multiple data environments in the target task. We propose Transfer
of Unstable Features (TOFU). Our key idea is to transfer knowledge from a

resource-rich source task that manifests similar biases.

e In Chapter 4, we consider the standard supervised learning setting where we
are only given a set of input-label pairs. We present Learning to Split (1s), an
algorithm that learns to split the dataset so that predictors cannot generalize

from the training split to the testing split.

e Chapter 5 concludes this thesis, summarizing the major contributions and pro-

viding a few directions for future work.
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Chapter 2

Predict then Interpolate: A Simple
Algorithm to Learn Stable Classifiers

This chapter presents Predict then Interpolate (PI), a simple algorithm for learning
correlations that are stable across environments. The algorithm follows from the in-
tuition that when using a classifier trained on one environment to make predictions
on examples from another environment, its mistakes are informative as to which
correlations are unstable. In this work, we prove that by interpolating the distribu-
tions of the correct predictions and the wrong predictions, we can uncover an oracle
distribution where the unstable correlation vanishes. Since the oracle interpolation
coefficients are not accessible, we use group distributionally robust optimization to
minimize the worst-case risk across all such interpolations. We evaluate our method
on both text classification and image classification. Empirical results demonstrate
that our algorithm is able to learn robust classifiers (outperforms IRM by 23.85% on

synthetic environments and 12.41% on natural environments).

2.1 Introduction

Distributionally robust optimization (DRO) alleviates model biases by minimizing the
worst-case risk over a set of human-defined groups. However, in order to construct

these groups, humans must identify and annotate these biases, a process as expensive
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as annotating the label itself |17, 37, 93|. In this chapter we propose a simple algorithm
to create groups that are informative of these biases, and use these groups to train

stable classifiers.

Our algorithm operates on data split among multiple environments, across which
correlations between bias features and the label may vary. Instead of handcrafting
environments based on explicit, task-dependent biases, these environments can be
determined by generic information that is easy to collect [88]. For example, environ-
ments can represent data collection circumstances, like location and time. Our goal

is to learn correlations that are stable across these environments.

Given these environments, one could directly use them as groups for DRO. Doing
so would optimize the worst-case risk over all interpolations of the training envi-
ronments. However, if the unstable (bias) features are positively and differentially
correlated with the label in all training environments, the unstable correlation will
be positive in any of their interpolations. DRO, optimizing for the best worst-case
performance, will inevitably exploit these unstable features, and we fail to learn a
stable classifier.

In this chapter, we propose Predict then Interpolate (PI), a simple recipe for cre-
ating groups whose interpolation yields a distribution with only stable correlations.
Our idea follows from the intuition that when using a classifier trained on one envi-
ronment to make predictions on examples from a different environment, its mistakes
are informative of the unstable correlations. In fact, we can prove that if the unsta-
ble features and the label are positively correlated across all environments, the same
correlation flips to negative in the set of mistakes. Therefore, by interpolating the
distributions of correct and incorrect predictions, we can uncover an “oracle” distribu-
tion in which only stable features are correlated with the label. Although the oracle
interpolation coefficients are not accessible, we can minimize the worst-case risk over
all interpolations, providing an upper bound of the risk on the oracle distribution.

Our learning paradigm consists of three steps. First, we train an individual clas-
sifier for each environment to estimate the conditional distribution of the label given

the input. These classifiers are biased, as they may rely on any correlations in the
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dataset. Next, we apply each environment’s classifier to partition all other environ-
ments, based on prediction correctness. Finally, we obtain our robust classifier by
minimizing the worst-case risk over all interpolations of the partitions.

Empirically, we evaluate our approach on both synthetic and real-world environ-
ments. First, we simulate unstable correlations in synthetic environments by append-
ing spurious features. Our results in both digit classification and aspect-level senti-
ment classification demonstrate that our method delivers significant performance gain
(23.85% absolute accuracy) over invariant risk minimization (IRM), approaching ora-
cle performance. Quantitative analyses confirm that our method generates partitions
with opposite unstable correlations. Next, we applied our approach on natural envi-
ronments defined by an existing attribute of the input. Our experiments on CelebA
and ASK2ME showed that directly applying DRO on environments improves robust
accuracy for known attributes, but this robustness doesn’t generalize equally across
other attributes that are unknown during train time. On the other hand, by creating
partitions with opposite unstable correlations, our method is able to improve average

worst-group accuracy by 12.41% compared to IRM.

2.2 Related work

Removing known biases: Large scale datasets are fraught with biases. For in-
stance, in face recognition [76|, spurious associations may exist between different
face attributes (e.g. hair color) and demographic information (e.g. ethnicity) [21].
Furthermore, in natural language inference [18|, the entailment label can often be
predicted from lexical overlap of the two inputs [83]. Finally, in molecular property
prediction [117, 81|, performance varies significantly across different scaffolds [120].
Many approaches have been proposed to mitigate biases when they are known
beforehand. Examples include adversarial training to remove biases from represen-
tations [15, 109], re-weighting training examples [98], and combining a biased model
and the base model’s predictions using a product of experts [51, 29, 48, 78|. These

models are typically designed for a specific type of bias and thus require extra domain
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knowledge to generalize to new tasks.

Group DRO is another attractive framework since it allows explicit modeling of
the distribution family that we want to optimize over. Previous work [54, 86, 94| has
shown the effectiveness of group DRO to train un-biased models. In these models,
the groups are specified by human based on the knowledge of the bias attributes. Our
work differs from them as we create groups using trained models. This allows us to
apply group DRO when we don’t have annotations for the bias attributes. Moreover,
when the bias attributes are available, we can further refine our groups to reduce

unknown biases.

Removing unknown biases: Determining dataset biases is time-consuming and
often requires task-specific expert knowledge [121, 96]. Thus, there are two lines of
work that aim to build robust models without explicitly knowing the type of bias.
The first assumes that weak models, which have limited capacity [97] or are under-
trained [112], are more prone to rely on shallow heuristics and rediscover previously
human-identified dataset biases. By learning from the weak models’ mistakes, we
can obtain a more robust model. While these methods show empirical benefits on
some NLP tasks, the extent to which their assumption holds is unclear. In fact,
recent work [95] shows that over-parametrization may actually exacerbate unstable
correlations for image classification.

The second line of work assumes that the training data are collected from separate
environments, across which unstable features exhibit different correlations with the
label [89, 65, 24, 58, 3, 6]. Invariant risk minimization [6], a representative method
along this line, learns representations that are simultaneously optimal across all en-
vironments. However, since this representation is trained across all environments, it
can easily degenerate in real-world applications [45]. One can consider an extreme
case where the learned representation directly encodes the one-hot embedding of the
label. While this learned representation is stable (invariant) according to the defini-
tion, the model can utilize any unstable features to generate this representation. We

have no guarantee on how the model would generalize when the unstable correlations
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vanish.

Our algorithm instead decomposes the problem of learning stable classifiers into
two parts: finding unstable features and training a robust model. By constraining
the classifiers to be environment-specific in the first part, we are able to construct an
oracle distribution where the unstable features are not correlated with the label. Our
model then directly optimizes an upper bound of the risk on this oracle distribution.
Empirically, we demonstrate that our method is able to eliminate biases not given

during training on multiple real-world applications.

2.3 Method

We consider the setting where the training data are comprised of n environments
& ={E,...,E,}. For each environment F;, we have input-label pairs (x,y) < p.
Our goal is to learn correlations that are stable across these environments [116] so
that the model can generalize to a new test environment FE\.; that has the same

stable correlations.

2.3.1 Algorithm

Our intuition follows from a simple question.

What happens if we apply a classifier f; trained on environment E; to a different
environment E;?

Suppose we have enough data in F; and the classifier f; is able to perfectly fit
the underlying conditional P;(y|x). Since E; and E; follow different distributions, the
classifier f; will make mistakes on F;. These mistakes are natural products of the
unstable correlation: if the correlation of the unstable feature is higher in E; than in
E;, the classifier f; will overuse this feature when making predictions in .

In fact, we can show that under certain conditions, the unstable correlation within
the subset of wrong predictions is opposite of that within the subset of correct predic-
tions (Section 2.3.3). By interpolating between these two subsets, we can uncover an

oracle distribution where the label is not correlated with the unstable feature. Since
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this interpolation coefficient is not accessible in practice, we adopt group DRO to
minimize the worst-case risk over all interpolations of these subsets. This provides us
an upper bound of the risk on the oracle distribution.

Concretely, our approach has three successive stages.
Stage 1: For each environment E;, train an environment specific classifier f;.

Stage 2: For each pair of environments F; and Ej, use the trained classifier f; to
partition F; into two sets

E; = E UE

where E;'/ contains examples that f; predicted correctly and E;X contains those

predicted incorrectly.

Stage 3: Train the final model f by minimizing the worst-case risk over the set of

all interpolations Q:

W piv i X, i X
Q:{Z)‘j P+ XS P Y N +)‘jx—1}’

i#]j i#]

where PJN and P;X are the empirical distributions of Ej-/ and EJ’X Because
the optimum value of a linear program must occur at a vertex, the worst-case
risk over @ is equivalent to the maximum expected risk across all groups. This

allows us to formulate the objective as a min-max problem:

min max E(ey)~p[L(z,y; f)];

where L(z,y; f) is the loss of the model f and P is the set of distributions
{P} Yizs U{P }igy.

Extensions of the algorithm: For regression tasks, we can set a threshold on the
mean square error to partition environments. We can also apply the first two stages

multiple times, treating new partitions as different environments, to iteratively refine
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Figure 2-1: Ilustration of our algorithm on the toy example. The label y agrees with
the stable feature z; with probability 0.8 on both environments. For the unstable
feature o, the probability of o = y is 1.0 in F; and 0.9 in F5. Stage 1: We train a
classifier f; on F;. It learns to make predictions solely based on the unstable feature
To. Stage 2: We use f to partition Fy based on the prediction correctness. While
the correlation of x5 is positive for both £ and E,, it flips to negative in set of wrong
predictions E,*. Stage 3: Interpolating P} and P, * allows us to uncover an oracle
distribution P* where the unstable feature z, is not correlated with the label. Note
that here we only illustrate how to partition E, using f;. In our algorithm, we also
use the classifier f, (trained on FEs) to partition £, and the final model f is obtained
by minimizing the worst-case risk over all interpolations of P2, P}, P} Py*.

the groups. In this chapter, we focus on the basic setting and leave the rest for future

work.

2.3.2 A toy example

To understand the behavior of the algorithm, let’s consider a simple example with two
environments F; and Fy (Figure 2-1). For each environment, the data are generated

by the following process.!

e First, sample the feature z; € {0,1} which takes the value 1 with probability

0.5. This is our stable feature.

e Next, sample the observed noisy label y € {0, 1} by flipping the value of z; with
probability 0.2.

116] used this process to construct the Colored-MNIST dataset.
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e Finally, for each environment F;, sample the unstable feature zo € {0,1} by

flipping the value of y with probability n;. Let n; = 0 and 7, = 0.1.

Our goal is to learn a classifier that only uses feature x; to predict y. Since the
unstable feature x, is positively correlated with the label across both environments,
directly treating the environments as groups and applying group DRO will also exploit

this correlation during training.

Let’s take a step back and consider a classifier f; that is trained only on E;. Since
X is identical to y and x; differs from y with probability 0.2, f; simply learns to ignore
x1 and predict y as x5 (Figure 2-1a). When we apply f; to the other environment Es,
it will make mistakes on examples where x5 is flipped from y. Moreover, we can check
that the correlation coefficient between the unstable feature x5 and y is 1 in the set of
correct predictions F3¥ and it flips to —1 in the set of mistakes F,* (Figure 2-1b). In
this toy example, the oracle distribution P*, where the correlation between x5 and y
is 0, can be obtained by simply averaging the empirical distribution of the two subsets

(Figure 2-1c):
P*(x1,29,y) = 0.5Py (21, 22, y) + 0.5P) (21, 29, 7).

We can also verify that the optimal solution that minimize the worst-case risk across

E3 and E,* is to predict y only using z;. (Appendix A.1).

Remark 1: In the algorithm, we also use the classifier f, trained on Fy to par-
tition F;. The final model f is obtained by minimizing the worst-case risk over

2V 2 X 1v 1x

Remark 2: Our algorithm optimizes an upper bound of the risk on the oracle distri-
bution. In general, it doesn’t guarantee that the unstable correlation is not utilized by

the model when the worst-case performance is not achieved at the oracle distribution.
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2.3.3 Theoretical analysis

In the previous example, we have seen that the unstable correlation flips in the set
of mistakes E,* compared to the set of correct predictions Fi¥. Here, we would
like to investigate how this property holds in general.? We focus our analysis on
binary classification tasks where y € {0,1}. Let z; be the stable feature and x5 be
unstable feature that has various correlations across environments. We use capital
letters X1, X5,Y to represent random variables and use lowercase letters z1, x5,y to

denote their specific values.

Proposition 1. For a pair of environments E; and E;, assuming that the classifier f;
is able to learn the true conditional P;(Y | X1, Xs), we can write the joint distribution

Pj of E; as the mizture of P;/ and P;X
Pj(xhx%y) = O‘;']D;/(xla x27y) + (1 - O‘;>P;X (:Elvx% y)?

where oy =3 Pj(z1,29,y) - Pi(y | 1,22) and

1,22,y

P;\/(‘rlvx%y) o Pj(z1,2,9) - Pi(y | 21, 72),

P;X<$lax27y> X Pj(wlvx%y) : Pl(l -y ‘ 1'1,1'2).

Intuitively, when partitioning the environment £, we are scaling its joint distri-

bution based on the conditional on E;.

Two degenerate cases: From Proposition 1, we see that the algorithm degenerates
when oz; = 0 (predictions of f; are all wrong) or a;'- = 1 (predictions of f; are all
correct). The first case occurs when the unstable correlation is flipped between P
and P;. One may think about setting 71 = 0 and 7 = 1 in the toy example. In
this case, we can obtain the oracle distribution by directly interpolating P; and P;.

The second case implies that the conditional is the same across the environments:

P(Y | X1,X2) = Pj(Y | Xy, X3). Since z, is the unstable feature, this equality holds

2All proofs are relegated to Appendix A.2.
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when the conditional mutual information between X5 and Y is zero given Xy, i.e.,
P(Y | X1,X5) = P(Y | X1). In this case, f; already ignores the unstable feature z.
To carryout the following analysis, we assume that the marginal distribution of Y

is uniform in all joint distributions, i.e., f; performs equally well on different labels.

Theorem 1. Suppose X5 is independent of X1 given Y. For any environment pair
E: and Ej, if ¥, Piws | y) = 5, Py(w | y) for any s, then Cov(Xa,Y; Py) >
Cov(X,,Y; P;) implies Cov(X5,Y; P*) < 0 and Cov(Xa,Y; P/ > 0.

The result follows from the connection between the covariance and the condi-
tional. On one side, the covariance between zo and Y captures the difference of
their conditionals: P(Xy | ¥ = 1) — P(Xs | Y = 0), On the other side, the
conditional independence assumption allows us to factorize the joint distribution:
Pi(x1,29,y) = Pj(x1,y)P;(z2 | y). Combining them together finishes the proof.

Theorem 1 tells us no matter whether the spurious correlation is positive or neg-
ative, we can obtain an oracle distribution P*, Cov(Xs,Y; P*) = 0 by interpolating
across P]-N, P; <, Pij /, Pij *. By optimizing the worst-case risk across all interpolations,
our final model f provides an upper bound of the risk on the oracle distribution P*.

We also note that the toy example in Section 2.3.2 is a special case of the as-
sumption in Theorem 1. While many previous work also construct datasets with this
assumption |6, 28|, it may be too restrictive in practice. In the general case, although

we cannot guarantee the sign of the correlation, we can still obtain an upper bound

for Cov(X,,Y; P/*) and a lower bound for Cov(X5,Y; P7):

Theorem 2. For any environment pair E; and E;, Cov(Xs,Y; P;) > Cov(X,,Y; P))

implies
- —al .
Cov(X,,Y; P¥) < COV(XQ,Y PY)— ——Cov(Xy,Y; P
al a;
1—of 1—
Cov(Xy,Y; P/*) > — Cov(Xg,Y Py — — COV(XQ,Y P
a; o

where P is the distribution of the correct predictions when applying f; on E;.
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Intuitively, if the correlation is stronger in Ej;, then the classifier f; will overuse
this correlation and make mistakes on £; when this stronger correlation doesn’t hold.
Conversely, the classifier f; will underuse this correlation and make mistakes on F;

when the correlation is stronger.

2.4 Experimental setup

2.4.1 Datasets and settings

Synthetic environments: To assess the empirical behavior of our algorithm, we
start with controlled experiments where we can simulate spurious correlation. We
consider two standard datasets: MNIST [68] and BeerReview [82].

For MNIST, we adopt [6]’s approach for generating spurious correlation and extend
it to a more challenging multi-class problem. For each image, we sample y, which
takes on the same value as its numeric digit with 0.75 probability and a uniformly
random other digit with the remaining probability. The spurious feature in sampled
in a similar way: it takes on the same value as y with 7 probability and a uniformly
random other value with the remaining probability. We color the image according to
the value of the spurious feature. We set n to 0.9 and 0.8 respectively for the training
environments £ and Es. In the testing environment, 7 is set to 0.1.

For BeerReview, we consider three aspect-level sentiment classification tasks: look,
aroma and palate [69, 11]|. For each review, we append an artificial token (art_pos or
art_neg) that is spuriously correlated with the binary sentiment label (pos or neg).
The artificial token agrees with the sentiment label with probability 0.9 in environ-
ment £; and with probability 0.8 in environment Fs. In the testing environment, the
probability reduces to 0.1. Unlike MNIST, here we do not inject artificial label noise
to the datasets.

Validation set plays a crucial role when the training distribution is different from

the testing distribution [45|. For both datasets, we consider two different validation

3All dataset statistics are relegated to Appendix A.3.1.
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settings and report their performance separately: 1) sampling the validation set from

the training environment; 2) sampling the validation set from the testing environment.

Natural environments: We also consider a practical setting where environments
are naturally defined by some attributes of the input and we want to use them to re-
duce biases that are unknown during training and validation. We study two datasets:
CelebA [76] where the attributes are annotated by human and ASK2ME [12| where

the attributes are automatically generated by rules.

CelebA is an image classification dataset where each input image (face) is paired
with 40 binary attributes. We adopt [93]’s setting and treat hair color (y € {blond, dark})
as the target task. We use the gender attribute to define the two training environ-
ments, Fy={female} and Ey={male}. Our goal is to learn a classifier that is robust
to other unknown attributes such as wearing_hat. For model selection, we parti-
tion the validation data into four groups based on the gender value and the label
value: {female, blond}, {female, dark}, {male, blond}, {male, dark}. We use the

worst-group accuracy as our validation criteria.

ASK2ME is a text classification dataset where an input text (paper abstract from
PubMed) is paired with 17 binary attributes, each indicating the presence of a differ-
ent disease. The task is to predict whether the input is informative about the risk of
cancer for gene mutation carriers, rather than cancer itself [33]. We define two training
environments based on the breast_cancer attribute, £;—{breast_cancer=0} and
E>={breast_cancer=1}. We would like to see whether the classifier is able to remove
spurious correlations from other diseases that are unknown during training. Similar
to CelebA, we compute the worst-group accuracy based on the breast_cancer value

and the label value and use it for validation.

At test time, we evaluate the classifier’s prediction robustness on all attributes
over a held-out test set. For each attribute, we report the worst-group accuracy and

the average-group accuracy.
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2.4.2 Baselines

We compare our algorithm against the following baselines:

ERM: We combine all environments together and apply standard empirical risk
minimization.

IRM: Invariant risk minimization [6] learns a representation such that the lin-
ear classifier on top of this representation is simultaneously optimal across different
environments.

RGM: Regret minimization [58] simulates unseen environments by using part of
the training set as held-out environments. It quantifies the generalization ability in
terms of regret, the difference between the losses of two auxiliary predictors trained
with and without examples in the current environment.

DRO: We can also apply DRO on groups defined by the environments and the
labels. For example, in beer review, we can partition the training data into the four
groups: {pos, Ei}, {neg, E1} {pos, E>}, {neg, E>}. Minimizing the worst-case
performance over these human-defined groups has shown success in improving model
robustness [93].

Oracle: In the synthetic environments, we can use the spurious features to define
groups and train an oracle DRO model. For example, in beer review, the oracle
model will minimize the worst-case risk over the four groups: {pos, art_pos}, {pos,
art_neg} {pos, art_pos}, {pos, art_neg}. This helps us analyze the contribution
of our algorithm in isolation of the inherent limitations of the task.

For fair comparison, all methods share the same model architecture.* Implemen-

tation details can be found in Appendix A.3.2.

4For IRM and RGM, in order to tune the weights and annealing strategy for the regularizer, the
hyper-parameter search space is 21x larger than other methods.
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ERM DRO IRM RGM PI (OURS) ORACLE
Poal = Prest? v X v X v X v X v X v X
MNIST 26.1 14.2 325 21.0 454 13.1 424 153 694 69.6 714 716
Beer Look 64.6 60.9 64.5 62.7 658 633 663 615 780 70.6 80.3 73.5
Beer Aroma 552 519 57.0 533 60.2 532 663 579 77.0 67.3 77.3 69.9
Beer Palate  49.0 46.6 47.7 46.3 664 44.0 68.7 448 74.1 61.5 748 66.3

Table 2.1: Accuracy of different methods on image classification (majority baseline
10%) and aspect-level sentiment classification (majority baseline 50%). All methods
are tuned based on a held-out validation set. We consider two validation settings: 1)
sample the validation set from the testing environment (P, = Piest); 2) sample the
validation set from the training environment.

E, Es E}Y Ey*
MNIST 0.8955 0.7769 0.9961 —0.1040
Beer Look  0.8007 0.6006 0.8254 —0.8030
Beer Aroma  0.8007 0.6006 0.9165 —0.9303
Beer Palate  0.8007 0.6006 0.9394 —0.9189

Table 2.2: Pearson correlation coefficient between the spurious feature and the label
across four datasets. While the correlation is positive for both training environments,
it flips to negative in the set of wrong predictions Ej*. Interpolating across F1¥ and
E5* allows us to remove the unstable correlation.

2.5 Results

2.5.1 Synthetic environments

Table 2.1 summarizes the results on synthetic environments. As we expected, since
the signs of the unstable correlation are the same across the training environments,
both ERM and DRO exploit this information and fail to generalize when it changes
in the testing environment. While IRM and RGM are able to learn stable correlations
when we use the testing environment for model selection, their performance quickly
drop to that of ERM when the validation data is drawn from the training environment,

which also backs up the claim from [45].

Our algorithm obtains substantial gains across four tasks It performs much more

stable under different validation settings. Specifically, comparing against the best
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Figure 2-2: The ability of generalization changes as we vary the gap between the
training environments. The x and y axes denote the probabilities that the injected
artificial token agrees with the label. Heatmap corresponds to the testing accuracy
for Beer Aroma.

baseline, our algorithm improves the accuracy by 20.06% when the validation set is
drawn from the training environment and 12.97% when it is drawn from the test-
ing environment. Its performance closely matches the oracle model with only 2%
difference on average.

Why does partitioning the training environments help? To demystify
the huge performance gain, we quantitatively analyze the partitions created by our
algorithm in Table 2.2.° We see that while the unstable correlation is positive in both
training environments, it flips to negative in the set of wrong predictions, confirming
our theoretical analysis. In order to perform well across all partitions, our final
classifier learns not to rely on the unstable features.

Do we need different training environments? We study the relation between
the diversity of the training environments and the performance of the classifier on the

beer review dataset. Specifically, we consider 45 different training environment pairs

5The partitions only depend on the training environments. It is independent to the choice of
the validation data.
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ERM DRO IRM RGM PI (OURS)

Worst  Avg  Worst Avg Worst Avg Worst Avg Worst  Avg

Kidney cancer 166 666 50.0 687 333 730 333 713 50.0 74.7
Adenocarcinoma 333 729 Tr2 792 555 784 555 781 80.2 84.7
Lung cancer 444 747 625 745 388 742 500 747 T70.3 78.8

Polyp syndrom 444 746 772 787 555 763 66.6 787 69.2 81.2
Hepatobiliary cancer44.4  73.0 60.0 73.8 555 771 555 762 60.0 78.9
Breast cancer 66.4 804 750 788 668 805 643 79.8 80.3 83.1

Average* 54.8 7.7 673 775 578 791 60.8 79.0 74.1 83.1

Table 2.3: Worst-group and average-group accuracy on ASK2ME text classification.
We show the results for the worst 5 attributes (sorted based on ERM) and the given
attribute breast_cancer. Average is computed based on the performance across all
attributes. See Appendix A.4 for full results.

ERM DRO IRM RGM PI (OURS)

Worst  Avg  Worst Avg Worst Avg  Worst Avg  Worst  Avg
Goatee 0.0 68.2 0.0 70.0 84.8 90.8 915 95.6 91.6 945
Wearing Hat 7.6 70.3 46.1 822 46.1 773 61.5 86.2 53.8 84.5
Chubby 9.5 706 619 846 76.1 829 47.6 82.3 71.4  86.5
Wearing Necktie 25.0 74.5 90.0 91.5 80.0 843 350 793 914 925
Sideburns 384 778 846 906 769 841 769 89.7 91.3 93.7
Gender 46.6 80.1 8.5 90.8 744 839 70.0 87.7 90.5 91.5
Average* 60.0 83.6 84.2 90.8 785 8.7 825 909 87.0 914

Table 2.4: Worst-group and average-group accuracy for hair color prediction on
CelebA. We show the results for the worst 5 attributes (sorted based on ERM) and
the given attribute gender. Average is computed based on the performance across all
attributes. See Appendix A.4 for full results.

where we vary the probability that the artificial token agrees with the label from 0.80
to 0.89. We observe that the classifier performs better as we reduce the amount of
spurious correlations (moving up along the diagonal in Figure 2-2). The classifier also
generalizes better when we increase the gap between the two training environments
(moving from right to left in Figure 2-2). In fact, when the training environments
share the same distribution, the notion of stable correlation and unstable correlation

is undefined. There is no signal for the algorithm to distinguish between spurious
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Figure 2-3: Visualization of the Pearson correlation coefficient between the label and
the attribute on ASK2ME. Each column corresponds to a different attribute. We
observe that correlations vary for inputs with different breast_cancer value. Our
algorithm utilizes this difference to create partitions with opposite correlations (red
vs. blue) so that we can uncover an oracle distribution (different for each attribute)
by interpolating these partitions.
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Figure 2-4: Visualization of the Pearson correlation coefficient between the label
(hair color) and other attributes on CelebA. Each column corresponds to a different
attribute. Due to the huge difference between the label marginals, P;(blond) = 0.24
vs. Py(blond) = 0.02, classifier f, predicts every example in environment FE; as
dark. The resulting partition, F}* = {female, blond}and E?¥ = {female, dark},
coincides with the human-defined groups in DRO. On the other hand, classifier f; is
able to partition environment F, with opposite correlations (red vs. blue).

features and features that generalize.

2.5.2 Natural environments

Table 2.3 and 2.4 summarize the results on using natural environments to reduce
biases from attributes that are unknown during both training and validation. We

observe that directly applying DRO over human-defined groups already surpasses
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IRM and RGM on the worst-case accuracy averaged across all attributes. In addi-
tion, for the given attribute (breast_cancer and gender), DRO achieves nearly 10%
more improvements over other baselines. However, this robustness doesn’t general-
ize equally towards other attributes. By using the environment-specific classifier to
create groups with contrasting unstable correlations, our algorithm delivers marked
performance improvement over DRO, 6.81% on ASK2ME and 2.79% on CelebA.
How do we reduce bias from unknown attributes? Figure 2-3 and 2-4 visual-
ize the correlation between each attribute and the label on ASK2ME and CelebA. We
observe that although the signs of the correlation can be the same across the training
environments, their magnitude may vary. Our algorithm makes use of this difference
to create partitions that have opposite correlations for 13 (out of 15) attributes on
ASK2ME and 22 (out of 38) attributes on CelebA. These opposite correlations help

the classifier to avoid using unstable features during training.

2.6 Conclusion

In this chapter, we propose a simple algorithm to learn correlations that are stable
across environments. Specifically, we propose to use a classifier that is trained on one
environment to partition another environment. By interpolating the distributions
of its correct predictions and wrong predictions, we can uncover an oracle distri-
bution where the unstable correlation vanishes. Experimental results on synthetic
environments and natural environments validate that our algorithm is able to gener-
ate partitions with opposite unstable correlations and reduce bias that are unknown

during training.
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Chapter 3

Learning Stable Classifiers by

Transferring Unstable Features

In the previous chapter, we demonstrate how to learn stable classifiers when multiple
data environments are available. While it is easy to collect annotations from dif-
ferent environment for resource-rich tasks, this procedure is infeasible for new tasks
or resource-limited tasks. Fortunately, in real-world applications related tasks often
share similar biases — an observation we may leverage to develop stable classifiers
in the transfer setting. In this chapter, we extend the idea from the previous chap-
ter and demonstrate that by contrasting different data environments in the source
task, we can derive a representation that encodes the unstable features. To obtain
a robust model for the target task, we first cluster target examples according to this
representation and then minimize the worst-case risk across the resulting clusters.
We evaluate our method on both text and image classifications. Empirical results
demonstrate that our algorithm is able to maintain robustness on the target task for

both synthetically generated environments and real-world environments.

3.1 Introduction

Related tasks are often fraught with similar spurious correlations. For instance, when

classifying animals such as camels vs. cows, their backgrounds (desert vs. grass) may
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Figure 3-1: Transferring across tasks in Colored MNIST [6]. On the source task, we
learn a color-invariant model that achieves oracle performance (given direct access to
the unstable features). However, directly transferring this model to the target task, by
reusing or fine-tuning its feature extractor, severely overfits the spurious correlation
and underperforms the majority baseline (50%) on a test set where the spurious
correlation flips. By explicitly transferring the unstable features, our algorithm tofu
(Transfer OF Unstable features) is able to reach the oracle performance.

constitute a spurious correlation [14|. The same bias between the label and the back-
ground also persists in other related classification tasks (such as sheep vs. antelope).
In the resource-scarce target task, we only have access to the input-label pairs. How-
ever, in the source tasks, where training data is sufficient, identifying biases may be
easier. For instance, we may have examples collected from multiple environments, in
which correlations between bias features and the label are different [6]. These source

environments help us define the exact bias features that we want to regulate.

One obvious approach to utilize the source task is direct transfer. Specifically,
given multiple source environments, we can train an unbiased source classifier and
then apply its representation to the target task. However, we empirically demonstrate
that while the source classifier is not biased when making its final predictions, its
internal continuous representation can still encode information about the unstable
features. Figure 3-1 shows that in Colored MNIST, where the digit label is spuriously
correlated with the image color, direct transfer by either re-using or fine-tuning the
representation learned on the source task fails in the target task, performing no better

than the majority baseline.

In this chapter, we propose to explicitly inform the target classifier about unstable
features from the source data. Specifically, we derive a representation that encodes

these unstable features using the source environments. Then we identify distinct
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subpopulations by clustering examples based on this representation and apply group
DRO [93] to minimize the worst-case risk over these subpopulations. As a result,
we enforce the target classifier to be robust against different values of the unstable
features. In the example above, animals would be clustered according to backgrounds,

and the classifier should perform well regardless of the clusters (backgrounds).

The remaining question is how to compute the unstable feature representation
using the source data environments. Following the same idea in the previous chap-
ter, we hypothesize that unstable features are reflected in mistakes observed during
classifier transfer across environments. For instance, if the classifier uses the back-
ground to distinguish camels from cows, the camel images that are predicted correctly
would have a desert background while those predicted incorrectly are likely to have
a grass background. More generally, we prove that among examples with the same
label value, those with the same prediction outcome will have more similar unstable
features than those with different predictions. By forcing examples with the same
prediction outcome to stay closer in the feature space, we obtain a representation

that encodes these latent unstable features.

We evaluate our approach, Transfer OF Unstable features (TOFU), on both syn-
thetic and real-world environments. Synthetic experiments first confirm our hypoth-
esis that standard transfer approaches fail to learn a stable classifier for the target
task. By explicitly transferring the unstable features, our method significantly im-
proves over the best baseline across 12 transfer settings (22.9% in accuracy), and
reaches the performance of an oracle model that has direct access to the unstable
features (0.3% gap). Next, we consider a practical setting where environments are
defined by an input attribute and our goal is to reduce biases from other unknown
attributes. On CelebA, TOFU achieves the best worst-group accuracy across 38 latent
attributes, outperforming the best baseline by 18.06%. Qualitative and quantitative

analyses confirm that TOFU is able to identify the unstable features.
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3.2 Related work

Removing bias via annotations: Due to idiosyncrasies of the data collection
process, annotations are often coupled with unwanted biases [21, 98, 83, 120]. To
address this issue and learn robust models, researchers leverage extra information [15,
109, 51, 29, 48, 78|. One line of work assumes that the bias attributes are known and
have been annotated for each example, e.g., group distributionally robust optimization
(DRO) [54, 86, 94|. By defining groups based on these bias attributes, we explicitly
specify the distribution family to optimize over. However, identifying the hidden
biases is time-consuming and often requires domain knowledge [121, 96]. To address
this issue, another line of work [89, 65, 24, 58, 3, 6, 9, 66, 101] only assumes access to a
set of data environments. These environments are defined based on readily-available
information of the data collection circumstances, such as location and time. The main
assumption is that while spurious correlations vary across different environments, the
association between the causal features and the label should stay the same. Thus,
by learning a representation that is invariant across all environments, they alleviate
the dependency on spurious features. In contrast to previous works, we don’t have
access to any additional information besides the labels in our target task. We show
that we can achieve robustness by transferring the unstable features from a related

source task.

Transferring robustness across tasks: Prior work has also studied the trans-
ferability of adversarial robustness across tasks. For example, [49, 100] show that
by pre-training the model on a large-scale source task, we can improve the model
robustness against adversarial perturbations over [, norm. We note that these per-
turbations measure the smoothness of the classifier, rather than the stability of the
classifier against spurious correlations. In fact, our results show that if we directly
re-use or fine-tune the pre-trained feature extractor on the target task, the model
will quickly over-fit to the unstable correlations present in the data. We propose
to address this issue by explicitly inferring the unstable features using the source

environments and use this information to guide the target classifier during training.
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3.3 Method

Problem formulation We consider the transfer problem from a source task to a
target task. For the source task, we assume the standard setting [6] where the training
data contain n environments Fi,..., F,. Within each environment FE;, examples
are drawn from the joint distribution P;(z,y). Following [116], we define unstable
features Z(z) as features that are differentially correlated with the label across the
environments. We note that Z(z) is unknown to the model.

For the target task, we only have access to the input-label pairs (z,y) (i.e. no
environments). We assume that the target label is not causally associated with the
above unstable features Z. However, due to collection biases, the target data may
contain spurious correlations between the label and Z. Our goal is to transfer the
knowledge that Z is unstable in the source task, so that the target classifier will not

rely on these spurious features.

Overview If the unstable features have been identified for the target task, we can
simply apply group DRO to learn a stable classifier. By grouping examples based on
the unstable features and minimizing the worst-case risk over these manually-defined
groups, we explicitly address the bias from these unstable features |54, 86, 94]. In
our setup, while these unstable features are not accessible, we can leverage the source
environments to derive groups over the target data that are informative of these
biases. Applying group DRO on these automatically-derived groups, we can eliminate
the unstable correlations in the target task.

Our overall transfer paradigm is depicted in Figure 3-2. It consists of two steps:
inferring unstable features from the source task (Section 3.3.1) and learning stable
correlations for the target task (Section 3.3.2). First, for the source task we use
a classifier trained on one environment to partition data from another environment
based on the correctness of its predictions. Starting from the theoretical results in
[9], we show that these partitions reflect the similarity of the examples in terms of
their unstable features: among examples with the same label value, those that share

the same prediction outcome have more similar unstable features than those with
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T.1 For each label value (+ or -), cluster examples based on T.2 Minimize the worst-case risk across all clusters so that
the unstable feature representation fz. the model is robust against different unstable feature values.

Figure 3-2: Our algorithm TOFU 1) infers unstable features from the source task
(Section 3.3.1) and 2) learns stable correlations for the target task (Section 3.3.2).
We create partitions for all environment pairs. For ease of illustration, we only depict
using f1 to partition F5. Best viewed in color.

different predictions (Theorem 3). We can then derive a representation fz where
examples are distributed based on the unstable features Z. Next, we cluster target
examples into groups based on the learned unstable feature representation fz. These
automatically-derived groups correspond to different modes of the unstable features,
and they act as proxies to the manually-defined groups in the oracle setting where
unstable features are explicitly annotated. Finally, we use group DRO to obtain our

robust target classifier by minimizing the worst-case risk over these groups.

3.3.1 Inferring unstable features from the source task

Given the data environments from the source task, we would like to 1) identify the
unstable correlations across these environments; 2) learn a representation fz(z) that

encodes the unstable features Z(x). We achieve the first goal by contrasting the
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empirical distribution of different environments (Figure 3-2 S.1 and Figure 3-2 S.2)
and the second goal by metric learning (Figure 3-2 S.3).

Let E; and E; be two different data environments. [9] shows that by training a
classifier f; on F; and using it to make predictions on F;, we can reveal the unstable
correlations from its prediction results. Intuitively, if the unstable correlations are
stronger in F;, the classifier f; will overuse these correlations and make mistakes on
E; when these stronger correlations do not hold.

In this work, we connect the prediction results directly to the unstable features.
We show that the prediction results of the classifier f; on E; estimate the relative

distance of the unstable features.

Theorem 3 (Simplified). Consider examples in E; with label value y. Let Xy, Xy
denote two batches of examples that f; predicted correctly, and let X3 denote a batch of
incorrect predictions. We use - to represent the mean across a given batch. Following

the same assumption in [9], we have
IZ(XY) = Z(X))]l2 < IZ(XY) = Z(X3) 2

almost surely for large enough batch size.!

The result makes intuitive sense as we would expect example pairs that share the
same prediction outcome should be more similar than those with different prediction
outcomes. We note that it is critical to look at examples with the same label value;
otherwise, the unstable features will be coupled with the task-specific label in the
prediction results.

While the value of the unstable features Z(z) is still not directly accessible, The-
orem 3 enables us to learn a feature representation fz(z) that preserves the distance

between the examples in terms of their unstable features. We adopt standard metric

1See Appendix B.1 for the full theorem and proof.
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learning 25| to minimize the following triplet loss:

Lz(XY, X5, X5) = max(0,0 + || f2(X7) = f2(X3)3

= If2(X7) = = (X3),

(3.1)

where ¢ is a hyper-parameter. By minimizing Eq (3.1), we encourage examples that
have similar unstable features to be close in the representation fz. To summarize,

inferring unstable features from the source task consists of three steps (Figure 3-2 S):
S.1 For each source environment £, train an environment-specific classifier f;.

S.2 For each pair of environments £; and Ej, use classifier f; to partition £ into
two sets: EJN and E;X, where EJN contains examples that f; predicted correctly

and E;X contains those predicted incorrectly.

S.3 Learn an unstable feature representation fz by minimizing Eq (3.1) across all

pairs of environments £;, I/; and all possible label value y:

. v v
fz = argmin Z IEX{,X2/7X3X [[,Z(Xl , X5 ,ng)] ,
yaEi7éEj
where batches X}, Xy are sampled uniformly from E;'»‘/|y and batch X3 is

sampled uniformly from E;X |y (-], denotes the subset of - with label value y).

3.3.2 Learning stable correlations for the target task

Given the unstable feature representation fz, our goal is to learn a target classifier
that focuses on the stable correlations rather than using unstable features. Inspired
by group DRO [94] we minimize the worst-case risk across groups of examples that are
representative of different unstable feature values. However, in contrast to DRO, these
groups are constructed automatically based on the previously learned representation
fz.

For each target label value y, we use the representation fz to cluster target ex-

amples with label y into different clusters (Figure 3-2 T.1). Since these clusters
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capture different modes of the unstable features, they are approximations of the typ-
ical manually-defined groups when annotations of the unstable features are available.
By minimizing the worst-case risk across all clusters, we explicitly enforce the clas-
sifier to be robust against unstable correlations (Figure 3-2 T.2). We note that it is
important to cluster within examples of the same label, as opposed to clustering the
whole dataset. Otherwise, the cluster assignment may be correlated with the target
label.

Concretely, learning stable correlations for the target task has two steps (Figure 3-

2T).

T.1 For each label value y, apply K-means (I, distance) to cluster examples with
label y in the feature space fz. We use CY,...,C¥ to denote the resulting

cluster assignment, where n. is a hyper-parameter.

T.2 Train the target classifier f by minimizing the worst-case risk over all clusters:

f = argminmax L(C?),

Z?y

where £(C?) is the empirical risk on cluster C?.

3.4 Experimental setup

3.4.1 Datasets and settings

Synthetic environments We start with controlled experiments where environ-
ments are created based on the spurious correlation. We consider four datasets:
MNIST [68], BeerReview [82], ASK2ME [12] and Waterbird [93]. In MNIST and
BeerReview, we inject spurious feature to the input (background color for MNIST
and pseudo token for BeerReview). In ASK2ME and Waterbird, spurious feature cor-
responds to an attribute of the input (breast_cancer for ASK2ME and background
for Waterbird).

For each dataset, we consider multiple tasks and study the transfer between
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Table 3.1: Pearson correlation coefficient between the spurious feature Z and the
label Y for each task. The validation environment EV* follows the same distribution
as Eiain We study the transfer problem between different task pairs. For the source
task S, the model can access B (S), Eiin(S) and E¥?(S). For the target task T,
the model can access E"(T) and Eva(T).

p(Z,Y) Task E%rain Egrain pval  ptest
ODD 0.87 0.75 0.87 -0.11
EVEN 0.87 0.75 0.87 -0.11
LOOK 0.60 080 0.60 -0.80

AROMA |~ 0.60  0.80 0.60 = -0.80

PALATE = 0.60 0.80 0.60 -0.80
PENE. 0.31 0.52 031 0.00
INCI. 0.44 0.66 0.44 0.00

WATER 0.36 0.63 0.36 0.00
SEA 039 064 039 0.00

MNIST

BEER REVIEW

ASK2ME

WATERBIRD

these tasks. Specifically, for each task, we split its data into four environments:
Eirain pirain - pval - pitest where spurious correlations vary across the two training envi-
ronments Ein | Firain - For the source task S, the model can access both of its training
environments En(S), Eiin(S). For the target task T', the model only has access
to one training environment E%®(T"). We note that the validation set EV?(T') plays
an important role in early-stopping and hyper-parameter tuning, especially when the
distribution of the data is different between training and testing [45]. In this work,
since we don’t have access to multiple training environments on the target task, we
assume that the validation data E'3 follows the same distribution as the training
data En. Table 3.1 summarizes the level of the spurious correlations for different

tasks. Additional details can be found in Appendix B.2.1.2

Natural environments We also consider a practical setting where environments
are directly defined by a given attribute of the input, and our goal is to reduce model

biases from other latent attributes. We study CelebA [76] where each input (an image

2All data splits, hyper-parameter search spaces are available in the supplementary materials.
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of a human face) is annotated with 40 binary attributes. The source task is to predict
the Eyeglasses attribute and the target task is to predict the BlondHair attribute.
We use the Young attribute to define two environments: E; = {Young = 0} and
FEy = {Young = 1}. In the source task, both environments are available. In the
target task, we only have access to environment F; during training and validation.
At test time, we evaluate the robustness of our target classifier against other latent
attributes. Specifically, for each unknown attribute such as Male, we partition the
testing data into four groups: {Male = 1,BlondHair = 0}, {Male = 0,BlondHair =
0}, {Male = 1,BlondHair = 1}, {Male = 0,BlondHair = 1}. Following [93], We

report the worst-group accuracy and the average-group accuracy.

3.4.2 Baselines

We compare our algorithm against the following baselines. For fair comparison, all
methods share the same representation backbone and hyper-parameter search space.

Implementation details are available at Appendix B.2.2.

ERM baseline We learn a classifier on the target task from scratch by minimizing
the average loss across all examples. Note that this classifier is independent of the
source task. Its performance reflects the deviation between the training distribution

and the testing distribution of the target task.

Transfer methods Since the source task contains multiple environments, we can
learn a stable model on the source task and transfer it to the target task. We use
four algorithms to learn the source task: DANN [41], C-DANN [72], MMD [71], PI [9)].
We consider three standard methods for transferring the source knowledge:

REUSE: We directly transfer the feature extractor of the source model to the target
task. The feature extractor is fixed when learning the target classifier.

FINETUNE: We update the feature extractor when training the target classifier.
[100] has shown that FINETUNE may improve adversarial robustness of the target

task.

63



MULTITASK: We adopt the standard multi-task learning approach [22| where the
source model and the target model share the same feature extractor and are jointly

trained together.

Automatic de-biasing methods For the target task, we can also apply de-biasing

approaches that do not require environments. We consider the following baselines:

EIIL [30]: Based on a pre-trained ERM classifier’s prediction logits, we infer an en-
vironment assignment that maximally violates the invariant learning principle [6]. We

then apply group DRO to minimize the worst-case loss over all inferred environments.

GEORGE [108]: We use the feature representation of a pre-trained ERM classifier
to cluster the training data. We then apply group DRO to minimize the worst-case

loss over all clusters.

LFF [85]: We train a biased classifier together with a de-biased classifier. The
biased classifier amplifies its bias by minimizing the generalized cross entropy loss.
The de-biased classifier then up-weights examples that are mis-labeled by the biased

classifier during training.

M-ADA [90]: We use a Wasserstein auto-encoder to generate adversarial examples.
The de-biased classifier is trained on both the original examples and the generated

examples.

DG-MMLD [79]: We iteratively divide target examples into latent domains via

clustering, and train the domain-invariant feature extractor via adversarial learning.

ORACLE For synthetic environments, we can use the spurious feature to define
groups and train an oracle model. For example, in task SEABIRD, this oracle model
will minimize the worst-case risk over the following four groups: {seabird in water},
{seabird in land} {landbird in water}, {landbird in land}. This oracle model
helps us analyze the performance of our proposed algorithm separately from the in-

herent limitations (such as model capacity and data size).
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Table 3.2: Target task accuracy of different methods. All methods are tuned based
on a held-out validation set that follows from the same distribution as the target
training data. Bottom right: standard deviation across 5 runs. Upper right: source
task testing performance (if applicable).

SOURCE TARGET ERM REUSEy,; FINETUNEy,; MULTITASK TOFU ORACLE
& obp EVEN 123106 144709 112000 11689 69.1116  68.7100
S mvex  opD  97:00 19270 115D 101700 66.8105  67.8205

LOOK  AROMA 55.5:17 319700 537000 541080 7594 773118
Z LOOK  PALATE  46.9:0s 228000 493032 5280 73.8107 74.0:i12
E AROMA  LOOK  63.9:06 401059 652008 6400702  80.9:05 80.1x06
E AROMA  PALATE 46.9:0s 14.0059 479032 50072 73,5011 740412
® PALATE  LOOK 63906 404572 6430500 631070 81.0410  80.1:06

PALATE  AROMA 55517 231052 545080 56570 76,9115 773115
S PENE  INCL  79.3:1s 71700 793002 711 832415 84.8:10
“Nel pENE. TL6eis 641030 720830 610629 781414 78.3100
5 water  sEA  SL8was 87857 820077  88.0807  93.1s04  93.7x0s
% smA  WATER T75.1ies 94653 782030 93520 99.0104 98.9:05

Average 55.2 43.7 55.8 56.4 79.3 79.6

3.5 Results

Table 3.2 summarizes our results on synthetic environments. We observe that stan-
dard transfer methods fail to improve over the ERM baseline. On the other hand,
TOFU consistently achieves the best performance across 12 transfer settings, outper-
forming the best baseline by 22.9%. While TOFU doesn’t have access to the unstable
features, by inferring them from the source environments, it matches the oracle per-

formance with only 0.30% absolute difference.

Table 3.3 presents our results on natural environments. This task is very challeng-
ing as there are multiple latent spurious attributes in the training data. We observe
that most automatic de-biasing methods underperform the ERM baseline. With the
help of the source task, FINETUNE and MULTITASK achieve slightly better perfor-

mance than ERM. TOFU continues to shine in this real-world setting: achieving the
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Table 3.3: Worst-group and average-group accuracy on CelebA. The source task is
to predict Eyeglasses and the target task is to predict BlondHair. We use the
attribute Young to define two environments: F; = {Young = 0}, F5 = {Young = 1}.
Both environments are available in the source task. In the target task, we only have
access to Fj during training and validation.. We show the results for the first 3
attributes (alphabetical order). The right-most Average* column is computed based
on the performance across all 38 attributes. See Appendix B.4 for full results.

METHOD ArchedEyebrows Attractive BagsUnderEyes Average*
Worst  Average  Worst Average Worst Average Worst Average
ERM 75.43 88.52 75.00 88.94 70.91 87.09 61.01 85.07
REUSE, 53.71 64.05 52.13 64.85 52.50 66.88 47.58 64.14
REUSEpany 59.56 72.44 62.03 72.26 64.58 73.83 55.27 72.31
REUSEG-pann 56.02 67.07 57.78 67.90 57.50 68.33 53.22 68.56
E REUSEyup 48.91 59.80 48.46 61.51 58.74 63.11 50.61 61.27
% FINETUNEp, 71.86 87.02 72.73 87.34 62.50 84.10 63.07 85.27
2 FINETUNEp,yy ~ 65.38 83.89 63.35 84.98 56.86 81.34 50.60 80.49
FINETUNEG pany  73.85 88.90 75.61 89.39 75.86 88.14 62.03 85.57
FINETUNEy, 76.07 88.80 74.33 89.74 78.57 88.61 66.80 86.81
MULTITASK 69.66 86.91 72.73 87.44 70.00 85.21 64.37 85.21
2 EIIL 64.71 85.12 64.43 85.96 66.67 83.90 57.62 83.22
2 GEORGE 74.73 87.89 73.66 87.70 77.78 87.97 63.34 85.04
2 LFF 45.41 60.23 47.67 60.16 42.59 60.72 42.52 62.04
; M-ADA 64.61 83.33 67.33 83.59 70.34 85.34 54.55 80.77
DG-MMLD 69.51 87.38 68.42 87.50 63.41 84.78 55.69 83.51
TOFU 85.66 91.47 88.30 92.76 90.38 92.41 84.86 91.71

best worst-group and average-group performance.

Is TOFU able to identify the unstable features? Yes. For synthetic environ-
ments, we visualize the unstable feature representation produced by fz on MNIST
EVEN. Figure 3-3 demonstrates that while fz only sees source examples (ODD) dur-
ing training, it can distribute target examples based on their unstable color features.

For natural environments, we visualize the distribution of two latent attributes
(Male and ArchedEyebrows) over the generated clusters. Figure 3-4 shows that the

distribution gap of the unknown attribute Male across the generated partitions is 2%
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Figure 3-3: PCA visualization of the unstable feature representation fz for examples
in MNIST EVEN. fz is trained on MNIST ODD. TOFU identifies the hidden spurious
color feature by contrasting different source environments.
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Figure 3-4: Visualization of the unknown attribute Male on CelebA. Left: distribu-
tions of Male in the training data. Mid: partitions learned by TOFU. Right: partitions
learned by EIIL. TOFU generates partitions that are more informative of the unknown
attribute (14% vs. 2%).

for EIIL, only marginally better than random splitting (0%). By leveraging informa-
tion from the source task, TOFU learns partitions that are more informative of the

unknown attribute (14%).

How do the generated clusters compare to the oracle groups? We quan-

titatively evaluate the generated clusters based on three metrics: homogeneity (each
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Table 3.4: Quantitative evaluation of the generated clusters against the ground truth
unstable features. For comparison, the TRIPLET baseline (TRP) directly encourages
source examples with the same label to stay close to each other in the feature space,
from which we generate the clusters. For both methods, we generate two clusters for
each target label value and report the average performance across all label values. We
observe that the TRIPLET representation, while biased by the spurious correlations,
fails to recover the ground truth unstable features for some tasks. By explicitly con-
trasting the source environments, TOFU derives clusters that are highly-informative
of the unstable features.

Homogeneity Completeness  V-measure
SOURCE TARGET

TRP TOFU TRP TOFU TRP TOFU

ODD EVEN 0.42 0.68 058 0.95 0.49 0.79
EVEN ODD 0.67 0.67 093 0.99 078 0.80
LOOK AROMA 0.33 0.92 0.28 0.92 0.30 0.92
LOOK PALATE 033 0.90 0.27 0.89 0.30 0.90
AROMA LOOK 0.33 1.00 0.28 1.00 0.30 1.00
AROMA  PALATE 0.82 1.00 0.77 1.00 0.79 1.00
PALATE LOOK 0.83 0.98 077 098 080 0.98
PALATE AROMA 082 0.95 0.77 0.95 0.79 0.95

cluster contain only examples with the same unstable feature value), completeness
(examples with the same unstable feature value belong to the same cluster), and
V-measure (the harmonic mean of homogeneity and completeness). From Table 3.4,
we see that TOFU is able to derive clusters that resemble the oracle groups on BEER
REVIEW. In MNIST, since we generate two clusters for each label value and there are
five different colors, it is impossible to recover the oracle groups. However, TOFU still

achieves almost perfect completeness.

3.6 Discussion

Are biases shared across real-world tasks? In this chapter, we show that for
tasks where the biases are shared, we can effectively transfer this knowledge to obtain
a more robust model. This assumption holds in many real world applications. For

example, in natural language processing, the same gender bias exist across many
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tasks including relation extraction [42], semantic role labeling [56], abusive language
detection [87] and sentiment analysis [63|. In computer vision, the same geographical
bias exists across different object recognition benchmarks such as ImageNet, COCO
and Openlmages [31].

When a single source task does not describe all unwanted unstable features, we
can leverage multiple source tasks and compose their individual unstable features
together. We can naturally extend TOFU to accomplish this goal by learning the
unstable feature representation jointly across this collection of source tasks. We focus
on the basic setting in this thesis and leave the extension to future work.

Our approach is not applicable in situations where the biases in the source task

and the target task are completely disjoint.

What if the source task and target task are from different domains? In
this chapter, we focus on the setting where the source task and the target task are
from the same domain. If the target task is drawn from a different domain, we can
use domain-adversarial training to align the distributions of the unstable features
across the source domain and the target domain |71, 71|. Specifically, when training
the unstable feature representation f,, we can introduce an adversarial player that
tries to guess the domain label from f,. The representation f, is updated to fool this
adversarial player in addition to minimize the triplet loss in Eq (3.1). We leave this

extension to future work.

Can we apply domain-invariant representation learning (DIRL) directly
to the source environments? Domain invariant representation learning [41, 72,
71] aims to match the feature representations across domains. If we directly treat
environments as domains and apply these methods, the resulting representation may
still encode unstable features.

For example, in CelebA, the attribute Male is spuriously correlated with the target
attribute BlondHair (Women are more likely to have blond hair than men in this

dataset). Given the two environments {Young = 0} and {Young=1}, DIRL learns
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an age-invariant representation. However, if the distribution of Male is the same
across the two environments, DIRL will encode this attribute into the age-invariant
representation (since it is helpful for predicting the target BlondHair attribute). In
our approach, we realize that the the correlations between Male and BlondHair are
different in the two environments (The elderly may have more white hair). Even
though the distribution of Male may be the same, we can still identify this bias
from the classifiers’ mistakes. Empirically, Table 3.3 shows that while DIRL methods
improve over the ERM baseline, they still perform poorly on minority groups (worst

case acc 66.80% on CelebA).

What if the mistakes correspond to other factors such as label noise, dis-
tribution shifts, etc.? For ease of analysis, we do not consider label noise and
distribution shift in Theorem 3. One future direction is to model bias from the infor-
mation perspective (rather than looking at the linear correlations). This will enable us
to relax the assumption in the analyses and we can further incorporate these different
mistake factors into the modeling.

We note that we do not impose this assumption in our empirical experiments. For
example, we explicitly added label noise into the MNIST data. In CELEBA, there is
a distribution gap (from young people to the elderly) across the two environments.
We observe that our method is able to perform robustly in situations where the

assumption breaks.

Is the algorithm efficient when multiple source environments are available?
Our method can be generalized efficiently to multiple environments. Given N source
environments, we first note that the complexities of the target steps T.1 and T.2
are independent of N. For the source task, the N environment-specific classifiers
(in S.1) can be learned jointly with multi-task learning [22]. This significantly re-
duces the inference cost at S.2 as we only need to pass each input example through
the (expensive) representation backbone for one time. In S.3, we sample partitions

when minimizing the triplet loss, so there is no additional cost during training. In
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this chapter, we focus on the two-environments setup for simplicity and leave this

generalization to future work.

Why does the baselines perform so poorly on MNIST? We note that the
representation backbone (a 2-layer CNN) on MNIST is trained from scratch while
we use pre-trained representations for other datasets (see Appendix B.2.2). Our
hypothesis is that models are more prune to spurious correlations when trained from

scratch.

3.7 Conclusion

Reducing model bias is a critical problem for many machine learning applications in
the real world. In this chapter, we recognize that related tasks often share similar
biases. We demonstrate that we can effectively transfer this knowledge and improve
the robustness of the target model without additional human intervention. Compared
with 15 baselines across 5 datasets, our approach consistently delivers significant
performance gain. Quantitative and qualitative analyses confirm that our method is

able to identify the hidden biases.
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Chapter 4

Learning to Split for Automatic Bias

Detection

(Classifiers are biased when trained on biased datasets. As a remedy, we propose
Learning to Split (1s), an algorithm for automatic bias detection. Given a dataset
with input-label pairs, 1s learns to split this dataset so that predictors trained on the
training split generalize poorly to the testing split. This performance gap provides a
proxy for measuring the degree of bias in the learned features and can therefore be
used to reduce biases. Identifying non-generalizable splits is challenging as we don’t
have any explicit annotations about how to split. In this work, we show that the
prediction correctness of the testing example can be used as a source of weak super-
vision: generalization performance will drop if we move examples that are predicted
correctly away from the testing split, leaving only those that are mispredicted. We
evaluate our approach on Beer Review, Tox21, Waterbirds, CelebA and MNLI. Em-
pirical results show that 1s is able to generate astonishingly challenging splits that
correlate with human-identified biases. Moreover, we demonstrate that combining
robust learning algorithms (such as group DRO) with splits identified by 1s enables
automatic de-biasing. Compared with previous state-of-the-arts, we substantially im-
proves the worst-group performance (23.4% on average) when the source of biases is

unknown during training and validation.
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4.1 Introduction

Recent work has shown great success on de-biasing when the source of bias (e.g.,
gender, race, etc.) is known a priori [92, 93, 29, 48, 78, 60]. In practice, however,
the task of bias identification itself is not only time consuming but also challenging:
it requires expert knowledge of the task and private details about the annotation
procedures [122, 96]. In this work, we study automatic bias detection. Given a
classification dataset with only input-label pairs, we would like to detect biases that

may hinder predictors’ generalization performance.

We propose Learning to Split (1s), an algorithm that simulates generalization
failure directly from the set of input-label pairs. Specifically, 1s learns to split the
dataset so that predictors trained on the training split cannot generalize to the testing
split (Figure 4-1). This performance gap provides a proxy for measuring the degree

of bias in the learned features and can therefore be used to identify unknown biases.

The problem however is that there are many trivial splits. E.g., poor generalization
can result from a train split that is much smaller than the test split (Figure 4-2b). In
binary classification, if the train split contains all the positive examples and the test
split contains all the negative examples, the model will not generalize (Figure 4-2c).
The poor generalization of these trivial solutions arise from the lack of training data

and label imbalance, and they do not reveal the hidden biases. To ensure that the

Y=samoyed L. . .. .
Training split Training split
> 7% = 4 L% s By
B Ll e T —
B ) I P NP o =g
n I
¥ > ’ | Testing split Testing split
- TN s y
¢ "li < NI e “ |-",,
Y=polar | ear 1s m 3 > M i 3 ¥ M
,«ﬂ- N\, k AT e %
An example predictor 1008 An example predictor
“ Background *
= '_.,.» is white? I 0% I .
N Y

ioi samoyed olar bear tman ges olar_bear samoyed teain BooE
Original dataset ) L o 12 - acc  acc | L w acc acc

Figure 4-1: Consider the task of classifying samoyeds vs. polar bears. Given the
set of image-label pairs, our algorithm 1s learns to split the data so that predictors
trained on the training split cannot generalize to the testing split.
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Training Testing Training Testing
(a) Predictors cannot generalize if the training split contains only (b) Predictors cannot generalize if the size of the training split
samoyeds and the the testing split contains only polar bears. is incomparable to the size of the testing split.
. J . J

Figure 4-2: Not all splits are helpful for revealing the hidden biases. (a) Predictors
cannot generalize when the label is imbalanced across training and testing. (b) Pre-
dictors cannot generalize if the amount of annotations is insufficient. 1s poses two
regularity constraints to avoid such splits: 1) the marginal distribution of the label
should be similar across the splits; 2) the training split and testing split should have
comparable sizes.

splits are meaningful, we impose two regularity constraints on the splits. First, the
size of the train split must be comparable to the size of the test split. Second, the

marginal distribution of the label should be the same across the splits.

Our algorithm 1s consists of two components, Splitter and Predictor. At each
iteration, the Splitter creates a train-test split of the dataset. Given an input-label
pair, it decides whether this example should be used for training or testing. The
Predictor then takes the training split and learns how to predict the label from the
input. Its prediction performance on the testing split is used to inform the Splitter
to generate a more challenging split (under the regularity constraints) for the next
iteration. Specifically, while we don’t have any explicit annotations for creating non-
generalizable splits, we show that the prediction correctness of each testing example
can serve as a source of weak supervision: generalization performance will drop if we
move examples that are predicted correctly away from the testing split, leaving only

those that are mispredicted.

We conduct experiments on NLP, vision and chemistry tasks. Given only the set
of input-label pairs, 1s consistently identifies splits that predictors cannot general-
ize across. For example in MNLI, the generalization performance drops from 79.4%
(random split) to 27.8% (1s) for a standard BERT-based predictor [34]. Further anal-
yses confirm that our learned splits correlate with human-identified biases. Next, we

demonstrate that combining group distributionally robust optimization (DRO) with
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splits identified by 1s enables automatic de-biasing. Compared with previous state-of-
the-arts, we substantially improves the worst-group performance (23.4% on average)

when the source of biases is completely unknown during training and validation.

4.2 Related work

De-biasing Modern datasets are often coupled with unwanted biases [21, 98, 83,
120]. If the biases have already been identified, we can use this prior knowledge to
reduce their impact [67, 54, 86, 15, 109, 29, 48, 78, 94|. The challenge arises when the
source of biases is unknown. Previous work has shown that the mistakes of a standard
ERM predictor on the training data are informative of the biases [9, 97, 85, 112, 74].
By boosting from its mistakes, we can obtain a more robust model. In addition, we can
analyze the predictor’s hidden activations to identify under-represented groups |30,
108, 2, 79]. We can also leverage the hidden representation of a generative model
to identify biases [73]. However, many other factors (such as the initialization, the
representation power, the amount of annotations, difficulty of the example, etc) can
contribute to the predictor’s mistakes.

In this work, instead of looking at the training statistics of the predictor, we
focus on its generalization gap from the training split to the testing split. This
effectively balances out those unwanted factors. Going back to the previous example,
if the training and testing splits share the same distribution, the generalization gap
will be small for predictors that under-fit. The gap will increase only when the
training and testing splits have different prediction characteristics. Moreover, instead
of committing to a fixed predictor, we iteratively refine the predictor during training

so that it faithfully measures the generalization gap given the current Splitter.

Data splitting In many applications, the annotations available are often limited
compared to the extremely diverse universe of samples that we would want to make
predictions on. In addition, instead of focusing solely on the average performance,

we care about models’ robustness on under-represented populations. To properly
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evaluate generalization, researchers have developed different heuristics for splitting
the data. In chemistry, molecules are split based on their scaffold structure and
experiment time [103, 120]. In medical imaging, patients are split according to their
hospital |7, 118]. In biology, cells are split based on their batch ID in order to
reduce the batch effects from high-throughput screening [111, 64]|. Different from
these approaches that rely on human-specified clues, our algorithm 1s learns how to
split directly from the given dataset and can therefore be applied to scenarios when

such human knowledge are not available or incomplete.

Meta learning Learning to Split (1s) naturally involves a bi-level optimization
problem [40, 106, 53|. Past work has successfully applied meta learning to learn model
initializations [39], optimizers [5], metric spaces [113, 107], network architectures |75],
instance weights |92, 57, 104], teaching policies [38]. In these methods, the inner-
loop and outer-loop models cooperate with each other. In this work, our outer-loop
Splitter plays an adversarial game [44] against the inner-loop Predictor. We learn

how to split the data so that predictors will fail to generalize.

4.3 Learning to Split

4.3.1 Motivation

Given a dataset D! with input-label pairs {(x, )}, our goal is to split this dataset
into two subsets, D" and D's'. such that predictors learned on the training split

DUain cannot generalize to the testing split DYt

Why do we have to discover such splits? Before deploying our trained models,
it is crucial to understand the extent to which these models can even generalize
within the given dataset. Standard cross-validation technique attempts to measure
generalization by randomly splitting the dataset [110, 4]. However, this measure
only reflects the average performance under the same data distribution Pptota (2, y).

There is no performance guarantee if our data distribution shifts at test time (e.g., up-
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Algorithm 1 Learning to Split (1s)
Input: dataset Dtotal
Output: data splits Dirain PDtest
1: Initialize Splitter as random splitting
2: repeat

3:  Apply Splitter to split D! into Dtrain Prest,

4:  Train Predictor from scratch on D% using empirical risk minimization.

5. Evaluate Predictor on D'*" and compute its generalization gap.

6: repeat

7: Sample a mini-batch from D! to compute the regularity constraints Q;, Q,
(Eq 4.1).

8: Sample another mini-batch from D' to compute £8P (Eq 4.2).

9: Update Splitter to minimize the overall objective £*%! (Eq 4.3).

10:  until £%*%! stops improving
11: until gap stops improving

weighting the minority group). For example, consider the task of classifying samoyeds
vs. polar bears (Figure 4-1). Models can achieve good average performance by using
spurious heuristics such as “polar bears live in snowy habitats” and “samoyeds play
on grass”. Discovering splits that models cannot generalize across helps us identify

under-represented groups (polar bears that appear on grass).

How to discover such splits? Our algorithm 1s has two components, a Splitter
that decides how to split the dataset and a Predictor that estimates the generalization
gap from the training split to the testing split.! At each iteration, the splitter uses
the feedback from the predictor to update its splitting decision. One can view this
splitting decision as a latent variable that represents the prediction characteristic of
each input. The algorithm is unsupervised in the sense that we assume no explicit
annotations about how to split the examples. To avoid degenerate solutions, we
require the Splitter to satisfy two regularity constraints that are often preserved in
common benchmarks: the size of the training split should be comparable to the size
of the testing split (Figure 4-2a); the marginal distribution of the label should be
similar across the splits (Figure 4-2b).

ITo prevent over-fitting, we held-out 1/3 of the training split for early-stopping when training
the Predictor.
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4.3.2 Splitter and Predictor

Here we describe the two key components of our algorithm, Splitter and Predictor,
in the context of classification tasks. The algorithm itself generalizes to regression

problems as well.

Splitter Given a list of input-label pairs D*%! = [(z1,15), ..., (2., yn)], the Splitter
decides how to partition this dataset into a training split D" and a testing split
Dtest. We can view its splitting decisions as a list of latent variables z = [z1,. .., 2,]
where each z; € {0,1} indicates whether example (x;,y;) is included in the training
split or not. In this work, we assume independent selections for simplicity. That is,
the Splitter takes one input-label pair (z;,y;) at a time and predicts the probability
P(z; | x;,y;) of keeping this example in the training split. We can factor the joint

probability of our splitting decisions as

n

P(z | D) = [[P(z | i, 1),
i=1
In order to obtain the splits D'® and D', we directly sample from the Splitter’s
predictions P(z; | x;,y;). Note that while the splitting decisions are independent
across different examples, the Splitter receives global feedback, dependent on the

entire dataset D! from the Predictor during training.

Predictor The Predictor takes an input x and predicts the probability of its label
P(y | ). Given the Splitter’s current splitting decisions, we initialize the Predictor
and train it to minimize the empirical risk on the training split D"*". We note that
this initialization step is critical as it ensures that the Predictor does not carry over
past information (from the previous splits) and is faithful of representing the current
generalization gap. After training, we evaluate the generalization performance of the
Predictor on the testing split D'**. The goal of this Predictor is to provide feedback

for the Splitter so that it can generate more challenging splits at the next iteration.
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4.3.3 Degenerate solutions

Many factors can impact generalization, but not all of them are of interest. For
example, the Predictor may naturally fail to generalize due to the lack of training
data or due to label imbalance across the splits (Figure 4-2). To avoid these trivial

solutions, we introduce two regularizers to shape the Splitter’s decisions:

Qy = Dk (P(2) || Bernoulli(9)),

Q2 = Drr(P(y | 2 = 1) | P(y)) + Der(P(y [ 2 = 0) [ P(y)).

(4.1)

The first term Q; ensures that we have sufficient training examples in D3,

Specifically, the marginal distribution P(z) = 3" P(z; = z | x;,1;) represents

what percentages of D! is splitted into D"*" and D'**. We penalize the Splitter

if it moves too far away from the prior distribution Bernoulli(d). [23] suggest that

minority groups usually constitute 25% of the entire population. In this work, we fix
= 0.75 in all experiments so that E[|D'st|/|Dto%!|] = 0.25.

The second term €25 aims to reduce label imbalance across the splits. It achieves
this goal by pushing the label marginals in the training split P(y | z = 1) and the
testing split P(y | z = 0) to be close to the original label marginal P(y) in D'l We
can apply Bayes’ rule to compute these conditional label marginals directly from the
Splitter’s decisions:

_ 2 Ly wa)Pzi = 1| @, ) _ 2 Ly wi)P(zi = 0 | @i, i)

Pulz=1)= YouPzi=1 2 y) Plulz=0)= 2 P(zi = 0 [ i, i)

4.3.4 Training strategy

The only question that remains is how to learn the Splitter. Our goal is to produce
difficult and non-trivial splits so that the Predictor cannot generalize. However, the
challenge is that we don’t have any explicit annotations for the splitting decisions.
There are a few options to address this challenge. From the meta learning per-
spective, we can back-propagate the Predictor’s loss on the testing split directly to

the Splitter. This process is expensive as it involves higher order gradients from the
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Predictor’s training. While one can apply episodic-training [113] to reduce the com-
putation cost, the Splitter’s decision will be biased by the size of the learning episodes
(since the Predictor only operates on the sampled episode). From the reinforcement
learning viewpoint, we can cast our objectives, maximizing the generalization gap
while maintaining the regularity constraints, into a reward function [69]. However
based on our preliminary experiments, the learning signal from this scalar reward is

too sparse for the Splitter to learn meaningful splits.

In this work, we take a simple yet effective approach to learn the Splitter. Our
intuition is that the Predictor’s generalization performance will drop if we move ex-
amples that are predicted correctly away from the testing split, leaving only those that
are mispredicted. In other words, we can view the prediction correctness of the testing
example as a direct supervision for the Splitter. Formally, let y; be the Predictor’s
prediction for input x;: ¢; = argmax, P(y | ;). We minimize the cross entropy loss
between the Splitter’s decision and the Predictor’s prediction correctness over the

testing split:

Lo = ST LRy | ), 1, (61) (4.2)

T 2
Combining with the aforementioned regularity constraints, the overall objective for
the Splitter is
Lol = £8P 1 O+ Qy, (4.3)

One can also explore different weighting schemes for the three loss terms [27].
In this work, we found that the simple summation in Eq (4.3) works well out-of-
the-box across all our experiments. Algorithm 1 presents the pseudo-code of our
algorithm. At each outer-loop (line 2-11), we start by using the current Splitter to
partition D! into D" and D', We train the Predictor from scratch on Dtrain
and evaluate its generalization performance on D', For computation efficiency, we
sample mini-batches in the inner-loop (line 6-10) and update the Splitter based on
Eq (4.3).
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4.4 Experiments

There are two main questions to be answered:

e Can 1s identify splits that are not generalizable? (Section 4.4.2)

e Can we use the splits identified by 1s to reduce unknown biases? (Section 4.4.3)

We conduct experiments over multiple modalities (Section 4.4.1). For lack of space

we defer our dataset and implementation details to Appendix C.1.

4.4.1 Dataset

Beer review We use the BeerAdvocate review dataset introduced by previous
work [82]. Each review describes multiple aspects of a beer and is written by a
website user. Following previous work [69], we consider three aspect-level sentiment
classification tasks: look, aroma and palate. There are 2,500 positive reviews and
2,500 negative reviews for each task. The average word count per review is 128.5. We

apply 1s to identify spurious splits for each task.

Tox21 We consider the molecular property prediction benchmark Tox21 [55]. There
are 12707 chemical compounds in the dataset. Each compound is annotated with 12
binary properties which represent the outcomes of different toxicological experiments.

We apply Is to identify spurious splits for each property.

Waterbirds [93] created this dataset by combining bird images from the Caltech-
UCSD Birds-200-2011 (CUB) dataset [114]| with backgrounds from the Places dataset [125].
The task is to predict waterbirds vs. landbirds. The challenge is that waterbirds
(landbirds), by construction, appear more frequently with a water (land) background.

As a result, machine learning models may utilize this spurious correlation to make
their predictions. We combine the official training data and validation data (5994
examples in total) and apply 1s to identify spurious splits.

'For fair comparison, all methods share the same hyper-parameter search space and repre-
sentation backbone (resnet-50 for Waterbirds and CelebA, bert-base-uncased for MNLI). See
Appendix C.2 for details.
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Figure 4-3: Given a set of input-label pairs, 1s identifies splits that predictors cannot
generalize across. These generated splits share similar label distributions (shown on
the top). For comparison, predictors achieve similar training and testing performance
on random splits (random). In both methods, to prevent memorization, we held-out
1/3 of the training split for early stopping.

CelebA CelebA is an image classification dataset where each input image (face) is
paired with multiple human-annotated attributes [76]. Following previous work [93],
we treat the hair color attribute (y € {blond,not_blond}) as our prediction target.
The label is spuriously correlated with the gender attribute ({male, female}).

apply 1s to identify spurious splits over the official training data (162,770 examples).

MNLI MNLI is a crowd-sourced collection of 433k sentence pairs annotated with
textual entailment information [115]. The task is to classify the relationship between
a pair of sentences: entailment, neutral or contradiction. Due to the artifacts of the
data collection process, contradiction examples often include negation words [83]. We

apply 1s to identify spurious splits over the official training data (206,175 examples).
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Figure 4-4: Our method can also be applied to the chemistry domain (Tox21). Similar
to Figure 4-3, 1s identifies non-trivial splits that predictors cannot generalize for all
12 molecular property prediction tasks.

Waterbirds Inputs with land backgrounds CelebA Inputs with male=True MNLI Inputs with negation words
train train train
& o

o
:

M Contradiction

D
:

B Waterbirds

o
:

Landbirds M Blond_hair No_blond_hair Entailment & Neutral

Figure 4-5: The splits learned by 1s are correlated with human-identified biases. For
example in Waterbirds (left), 1s learns to amplify the spurious correlation between
landbirds and land background in the training split D", As a result, predictors will
over-fit the background features and fail to generalize at test time (D'') when the
spurious correlation is reduced.

4.4.2 Identifying non-generalizable splits

Figure 4-3 and Figure 4-4 present the splits identified by our algorithm 1s. Compared
to random splitting, 1s achieves astonishingly higher generalization gaps across all
tasks. Moreover, we observe that the learned splits are not degenerative: the training
split D" and testing split D'*! share similar label distributions. This confirms the

effectiveness of our regularity objectives.
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Figure 4-6: Learning curve of 1ls. X-axis: number of outer-loop iterations. Y-axis:
generalization gap from D" to D't Error bar represents the standard deviation
across b random seeds.

Why are the learrned splits so challenging for predictors to generalize
across? While 1s only has access to the set of input-label pairs, Figure 4-5 and
Table 4.1 show that the learned splits are informative of human-identified biases. For
example, in the generated training split of MNLI, inputs with negation words are
mostly labeled as contradiction. This encourages predictors to leverage the presence
of negation words to make their predictions. These biased predictors cannot generalize
to the testing split, where inputs with negation words are mostly labeled as entailment

or neutral.

Convergence and time-efficiency 1s requires learning a new Predictor for each
outer-loop iteration. While this makes 1s more time-consuming than training a reg-
ular ERM model, this procedure guarantees that the Predictor faithfully measures
the generalization gap based on the current Splitter. Figure 4-6 shows the learning
curve of 1s. We observe that the generalization gap steadily increases as we refine the

Splitter and the learning procedure usually converges within 50 outer-loop iterations.

4.4.3 Automatic de-biasing

Once 1s has identified the spurious splits, we can apply robust learning algorithms
to learn models that are robust across the splits [93, 9]. Here we consider group
distributionally robust optimization (group DRO) and study three well-established
benchmarks: Waterbirds, CelebA and MNLI.
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Table 4.1: The splits learned by 1s on property NR. AR correlates with other properties
that are not given to the algorithm. Specifically, 1s allocates 58.3% of the actives into
the training split and 41.2% of the actives into the testing split (top row). However,
if we focus on the subset with SR.ATADS active, this distribution shifts drastically to
17.1% vs. 82.9%.

#NR.AR active in D"

#NR. AR active in D"

#NR.AR active

#NR.AR active

All examples 58.3% 41.6%
Subset with NR.AhR active 13.0% 87.0%
Subset with NR.AR.LBD active 82.3% 17.7%
Subset with NR.Aromatas active 62.5% 37.5%
Subset with NR.ER active 64.0% 36.0%
Subset with NR.ER.LBD active 75.3% 24.7%
Subset with NR.PPAR.gam active 40.0% 60.0%
Subset with SR.ARE active 45.5% 54.6%
Subset with SR.ATAD5 active 17.1% 82.9%
Subset with SR.HSE active 66.7% 33.3%
Subset with SR.MMP active 53.6% 46.4%
Subset with SR.p53 active 45.2% 54.8%

Group DRO Group DRO has shown strong performance when biases are an-
notated for training [93]. For example in CelebA where gender constitutes as a
bias for predicting blond hair, group DRO uses the bias annotations to partition
the training data into four groups: {blond_hair, male}, {blond_hair, female},

{no_blond_hair, male}, {no_blond_hair, female}. By minimizing the worst-group

loss during training, it regularizes the impact of the unwanted gender bias.

Group DRO with bias predictor Recent work consider a more challenging set-
ting where bias annotations are not provided at train time |70, 85, 30, 74|. However,
they still access bias annotations on the validation data for model selection. With
thousands of validation examples (1199 for Waterbirds, 19867 for CelebA, 82462 for
MNLI), a simple baseline was overlooked by the community: learning a bias pre-

dictor over the validation data (where bias annotations are available) and using the

predicted bias attributes on the training data to define groups for group DRO.
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Table 4.2: Average and worst-group test accuracy for de-biasing.? Previous work
improve the worst-group performances when the bias annotations are provided for
the validation data. However, they still underperform the simple group DRO baseline
that was overlooked. When bias annotations are not available for model selection,
the performances of previous methods quickly drop to that of ERM. In contrast,
applying group DRO with splits identified by 1s substantially improves the worst-
group performance. { denotes numbers reported by previous work.

Method Biirzlist f;ﬁ(/)“s;;‘igd Waterbirds CelebA MNLI

Avg. Worst Avg. Worst Avg. Worst
Group DRO [93] N4 93.5%" 91.4%" 92.9%" 88.9%" 81.4%" T77.7%!
ERM XV 97.3%"  72.6%"  95.6%" 47.2%" 82.4%' 67.9%"
CVaR DRO [70] X\ 96.0%"  75.9%"  82.5%" 64.4%" 82.0%'  68.0%"
LfF [85] ) 94 91.2%"  78.0%" 85.1%" 77.2%" 80.8%'  70.2%T
EIIL [30] X/ 96.9%"  78.7%T 89.5%  T7.8%  79.4%  70.0%
JTT [74] X/ 93.3%"  86.7%" 88.0%" 8L.1%' 78.6%" 72.6%'
Group DRO
(with predicted groups) X/v 91.4% 88.2% 91.4% 88.9% T79.9% T7.7%
ERM X/X 90.7%  64.8%  95.8%  41.1%  81.9%  60.4%
CVaR DRO |[70] X/ X — 62.0%!" — 36.1%"  81.8%  61.8%
L{F [85] X/X — 44.1%* — 24.4%"  81.1%  62.2%
EIIL [30] X/X 90.8%  64.5%  95.7%  41.7% = 80.3%  64.7%
JTT [74] X/X — 62.5%" — 40.6%"  81.3%  64.4%
Group DRO
(with 1s) X/X 91.2% 86.1% 87.2% 83.3% 8.7% 72.1%

Group DRO with 1s We consider the general setting where biases are not known
during both training and validation. To obtain a robust model, we take the splits
identified by 1s (Section 4.4.2) and apply group DRO to minimize the worst-split
loss for each class. Similarly for model selection, we apply the learned Splitter to
split the validation data and measure the worst-split accuracy for each class (see Ap-
pendix C.2.1 for details). We report the average accuracy and worst-group accuracy

(defined by the bias annotations) on the standard test set.

2For fair comparison, all methods share the same hyper-parameter search space and repre-
sentation backbone (resnet-50 for Waterbirds and CelebA, bert-base-uncased for MNLI). See
Appendix C.2 for details.
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Figure 4-7: The spurious splits identified by 1s provide a surrogate metric for model
selection when biases are unknown. X-axis: worst-split accuracy defined by 1s. Y-
axis: worst-group accuracy defined by the oracle bias annotations.

Results Table 4.2 presents our results on de-biasing. We first see that when the
bias annotations are available in the validation data, the missing baseline Group
DRO (with supervised bias predictor) outperforms all previous de-biasing methods
(4.8% on average). This result is not surprising given the fact that the bias attribute
predictor is able to achieve 94.8% accuracy in Waterbirds (predicting the spurious
background), 97.7% accuracy in CelebA (predicting the spurious gender attribute)
and 99.9% in MNLI (predicting the prescence of negation words).

In reality where biases are unknown during both training and validation, previous
de-biasing methods fail to improve over the ERM baseline. This confirms the findings
of [74]. On the other hand, applying group DRO with splits identified by 1s con-
sistently achieves the best worst-group accuracy, outperforming previous methods by
23.4% on average. While we no longer have access to the worst-group validation ac-
curacy for model selection (as it requires bias annotations), Figure 4-7 demonstrates

that the worst-split performance on the validation set can be used as a surrogate.

4.5 Conclusion

We present Learning to Split (1s), an algorithm that learns to split the data so that
predictors trained on the training split cannot generalize to the testing split. Our
algorithm only requires access to the set of input-label pairs and is applicable to
general datasets. Experiments across multiple modalities confirm that 1s is able to

identify challenging splits that correlates with human-identified biases.
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Chapter 5

Conclusion

Deep neural networks have proved themselves as universal approximators [52|. How-
ever in practice, the datasets from which we train our neural networks are never
guaranteed to be perfect. In the presence of dataset biases, neural networks fail.

In this thesis, I have explored algorithms that identify under-represented groups
without explicit bias annotations. Such frameworks are attractive as human experts
can understand the potential biases by simply looking at the characteristics of the
identified groups. To deliver robustness, we enforce models to perform well across
all groups. Our proposed algorithms are model-agnostic and can be applied to many

applications.

e First, we consider the scenario where our dataset is accompanied with the en-
vironment information. In the medical text classification dataset ASK2ME,
we demonstrated that by explicitly contrasting the data environments, our al-
gorithm significantly improves the worst-case performance (74.1% vs. 54.8%)

when evaluated against biases that are unknown during training.

e Second, we look at the situation where we don’t have multiple environments
in our target task of interest. In the face image classification dataset CelebA,
we showed that by transferring the knowledge of biases across tasks (from pre-
dicting glass wearing to predicting hair color), our model generalizes robustly

towards a different testing environment (84.9% vs. 61.0%).
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e Finally, we showed how to identify biases when we are only given a set of input-
label pairs, the standard supervised learning setting. Our algorithm learns to
split the dataset so that predictors cannot generalize from the training split
to the testing split. Empirical analysis show that the learned splits capture
human-identified biases in natural language understanding, image classification
and molecular property prediction. By learning to perform robustly across the
splits, our model significantly outperforms state-of-the-art de-biasing techniques

(72.1% vs. 64.4% on MNLI).

Together, these methods enable efficient and robust machine learning.

Future directions

We now provide some future directions of research that follow from this thesis:

e Multiple bias sources. Our algorithm 1s learns to create a single partition of
the dataset. However in many applications, biases can be high-dimensional. For
example, we may have both gender bias and racial bias, and these two biases
are independent to each other. Identifying and disentangling multiple sources

of biases is an important but unexplored area.

e Generalization beyond supervised learning. In this thesis, we focus on the su-
pervised learning setting where bias features are defined based on the given
task. Generalizing the notion of biases to unsupervised or self-supervised learn-

ing [35, 26] is another interesting future direction.

Current representation learning methods generate a single vector that summa-
rizes all the features of a given input. When applied to a downstream task, those
bias features will be exploited by the model. We would like to learn a mapping
such that given a specific type of bias (such as gender), the mapping can remove
the corresponding bias features from the input representation. Such generaliza-
tion can significantly benefit low-resource tasks or tasks with long-tailed input

distributions.
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Appendix A

Predict then Interpolate: A Simple
Algorithm to Learn Stable Classifiers

A.1 A toy example

We would like to show that the optimal solution that minimize the worst-case risk
across B} and FE;* is to predict Y only using X;. Consider any classifier f(Y |
X1, X3) and its marginal

f(Y | Xl) X f(Xl,XQ = O,Y) + f(Xl,XQ = 17Y)

For any input (z1,72) € EX, based on our construction, the distribution Py¥ (X, =
71, X3 = T, Y) only has mass on one label value y € {0,1}. Thus P3¥(Y =y | X; =
x1, Xo = x9) = 1. We can then write the log risk of the classifier f(Y | X, X5) as

f(xhxz,y)
[y, xa,y) + f(21, 22,1 —y)

—log
The log risk of the marginal classifier f(Y | X;) is defined as

—log <(f(x1,:c2,y) + fz1, 1 — 29,9))

/(f(a:l,xg,y)+f(x1,1—xg,y)—|—f(x1,x2,1—y)—i—f(xl,l—xg,l—y))).
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Now suppose f(Y | X1, X3) achieves a lower risk than f(Y | X;). This implies

f(xl,xQ,y)f(xl,xg,y) + f(xlam% - y)f(l‘l,l’g,y)
+ f(xbx%y)f(xl: 1 - l’g,y) + f(‘rhx% I y)f(xb 1- x27y>
< f(@1,22,9) [ (21, 22, y) + 21, 22, y) (21, 72,1 — )

+ f(zr, 22,y) f(21, 1 — 22, 9) + f21,22,9) f (21,1 — 22,1 — ).

Note that the first three terms on both side cancel out. We have

f(l'h.?j'z, 11— y)f(xla 11— x27y) < f(x17$27y)f($17 11— Ta, 1-— y)

Now let’s consider an input (1,1 — x3) € Ey*. Based on our construction of the
partitions, we have P}¥ (1, z9,y) = Py (x1,1 — 29,%). The log risk of the marginal
classifier on Py~ is still the same, but the log risk of the classifier f(Y | X, X5) now

becomes
f(xh 1-— X2, y)

f(xh]- _$27y)+f($1a1 —.1:2,1 _y>
We claim that the log risk of f(Y | X;, X5) is higher than f(Y | X;) on Py*. Suppose
for contradiction that the log risk of f(Y | Xi, X3) is lower, then we have

— log

f(xh 1- I’g,y)f(l'l,l‘g,y) + f(xlv 1 - T2, - y)f(ml,mg,y)
+ f(xla 1- x27y)f(x17 1 - Jfg,y) + f(‘rh 1— L2, I y)f(‘rhl - l’g,y)
< flon, 1 =22, y) f(zr, 2, y) + f(21,1 — 22,9) f(21, 1 — 22,9)

+ f(o1, 1 =20, y) (21, 22, 1 — ) + f21, 1 — 22, 9) f(21,1 — 12,1 — y).

Canceling out the terms, we obtain

f(xh 1— X2, 1— y)f<xl7x27y) < f(xh 1— $27y)f(x1,x27 1— y)

Contradiction!

Thus the marginal f(Y | X;) will always reach a better worst-group risk compare
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to the original classifier f(Y | X1, X5). As aresult, the optimal classifier f(Y | X7, X»)
should satisfy f(Y | X1, X2) = f(Y | X1), i.e., it will only use X; to predict Y.

A.2 Theoretical analysis

Proposition 1. For a pair of environments E; and E;, assuming that the classifier f;
is able to learn the true conditional P;(Y | X1, Xs2), we can write the joint distribution

Pj of E; as the mizture of P;/ and P;X
Pj(r1,72,y) = O‘;Pji\/(xla To,y) + (1 — O‘;>P;X (1, 22,9),

where 043' = Pj(z1,29,y) - Pi(y | 71, 72) and

Z1,22,Y

P;/(Q?hﬂ?my) o Pj(wy, 20, y) - Pi(y | 21, 22),

P;X(iﬁl,l’?%y) X Pj(xlvaay) : Pz(l -y ‘ $1,$2)-

Proof. For ease of notation, let i = 1, j = 2. For an input (z1,x2), let’s first consider
the conditional probability Py *(y | 21, z2) and Ps¥ (y | 21, 22). Since the input is in
E,, the probability that it has label y is given by Py(y | x1,22). Since f; matches
Pi(y | x1,x2), the likelihood that the prediction is wrong is given by Pi(1—1y | 1, x2)
and the likelihood that the prediction is correct is givn by Pi(y | 1, x2). Thus, we

have P b
P21><(y|l,17x2>_ 1( —y|$1,$2) 2(y|9€1,$2)

Xy Pl =y [ a,a0) Py | @1, w0)
Pi(y | 21, 22) Py | 21, 22)

P (y |z, @) = - ’ .

2 W] o) >y Py |21, 22) Py | @1, 22)

Now let’s think about the marginal of (21, x5) if it is in the set of mistakes E,*.
Again, since the input is in Ey, the probability that it exists is given by the marginal
in Ey: Py(x1,25). This input has two possibilities to be partitioned into E;*: 1) the
label is y and f; predicts it as 1 — y; 2) the label is 1 — y and f; predicts it as y.
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Marginalizing over all (x1, z3), we have

Py(z1,22) >, PL(1—ylz1,@2) Pa(yle,@2)
>y Pr(l—ylz1,22) P2 (ylz1,22)+Pr1 (yle1,z2) Pa(yle1,@2)
Py(x,25) 32, Pr(1—ylzy,@5) P (yley @)
wy,xhy 3o, Pr(1—ylz),xh) P (ylah ah)+ Pr(yla) @) Pa (yla] ah)

 Pa(wan) 3o, Pi(L—y | xy,00) Py | @, 20)
Zz’l,x’Q PQ(‘TII’:L‘Q) Zy Pl(l -y | I'/1,5E12)P2(y | xllvl‘é)

Py*(zy,22) =

Similarly, we have

Py(z1, 72) Zy Pi(y | w1, 22) Pa(y | 21, 72)

Pl‘/ T1,T9) =
2 (0 m) = e B ) S, Pily | 74, ) Paly | 24, )

Combining these all together using the Bayes’ theorem, we have

Pi(1 =y |21, 22) Po(y | w1, 22) Po(1, 72)
oy P2(@,25) 30, PL(1 =y | 2, 25) Py | o, @)
_ Pi(1 —y | @y, 20) Py(21, 72, 9)
B fol,xfz,yf Py(ah, 2,y )PL(L — o' | 27, 25)’

X P1(1 -y | .TI,J,’Q)PQ(ZEl,.TQ,y),

PQIX(xluxQJy) = Z

Pi(y | 21, 22) Pa(y | 21, 22) Po(w1, 72)
o P2 (@1, 05) 30, Py’ | @, 25) Py’ | o, @)
_ Pi(y | o1, 22) Po(1, 22, y)
a Zx’l,x’z,y’ Py(zl, zh,y )Py | ), o)’

x Pi(y | x1,22) Py(x1, 9, Y).

P21/<I1,$2,y) = Z

Finally, it is straightforward to show that for ol = > Py(z1,29,9)Pi(y | 1, 22),

T1,22,Y

we have

Py (w1, 22,y) + (1 — a3) Py

= Pi(y | 21, 22) Po(21, 22, y) + PL(1 — y | 21, 22) Pa (21, T2, y) = Pa(1, 22, 7).

O

From now on, we assume that the marginal distribution of Y is uniform in all

joint distributions, i.e., f; performs equally well on different labels.
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Theorem 2. Suppose Xy is independent of X, giwven Y. For any environment pair
E; and Ej, if 37, Pi(ze | y) = >, Pj(x2 | y) for any w3, then Cov(Xy,Y; F) >
Cov(Xa, Y P;) implies Cov(Xa, Y3 Pi*) < 0 and Cov(Xs,Y; P/*) > 0.

Proof. By definition, we have

Cov(Xa,Y; PX) = E[X,Y; P¥] — E[Xy; PX|E[Y; P¥]

= Z $2P}X($1,$2, 1) - Z xzpfx(-’%@,y) Z P;X(ifl,xml)

T1,T2 T1,T2,Y 1,2
_ i X i X / / / 7 X i X / /
= E z2 P; ($1,$271)Pj (@), 25, 9') — E T2 P; (Ihx%y)Pj (2, 75, 1)
x1,%2,%] 25,y x1,L2,Y,2] 2k

Expanding the distributions of sz . it suffices to show that

> (wPien, w2 VPO | 2,22 Py(eh, 2,y ) PO -y | 24, 2))

’oo
21,{[2,{21,{22,1//

< 3 (PR -y ee) P, e VPO | ,2))

’oo
T1,22,Y,%1,To

Note that when y = ¢ = 1, two terms cancel out. Thus we need to show

S° (P a2 PO | w1, 2) Pyl 25, 0)P(1 | 21,25))

’oo
X1,22,T7,Ly

< Y (wBer o 0P w1, w) Py, a5, PO | 2l,))

’oo
T1,L2,L7,Ly

Based on the assumption that the marginal distribution in E;X is uniform, we have

Z PJ(xll’x,% 1 | ZE17.T2 Z P x17x27 (0 | Ill’xIQ)

! !
T1,To A

Thus we can simplify our goal as

Z x2]3j<x17x27 ) 0 ’ x17$2 Z :UZP x17$27 ) 2(1 ’ $17$2)

T1,T2 Z1,T2
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Similarly, we can simplify the condition Cov(Xs,Y; P;) > Cov(Xs,Y; P;) as

> ao(Py(wr, w2, 1) — Pi(w1,72,1)) < Y 22(Pj(w1,22,0) — Py(w1,22,0))

zl,x2 xl,x2

Since x5 is independent of x; given y, we have

Y wa(Pieny =P |y = 1) = Pa1,y = 1)Pi(ws | y = 1))

zl,x2

< 29’?2 (21, =0)Pj(x2 | y = 0) — Pi(z1,y = 0)Pi(z2 [ y = 0))

zl,x2

Since x is the stable feature and the label marginal is the same across environments,

we have Pj(x1,y = 1) = Pi(x1,y = 1) and Pj(z1,y = 0) = P;(x1,y = 0). This implies

ZP xr1,y =1) Z@ (22 |y=1)— P2 |y =1))
<ZP x1,y =0) ng (22 |y=0)— P(zy | y=0))

Again, by uniform label marginals, we have
Zfz (x2 |y =1) = Fi(z2 [y =1)) Z@ (@2 |y =0)— F(z2 [y =0).

For binary x5 € {0,1}, this implies Pj(zo =1 |y =1)+FP(z2=1|y =0) < Pj(xy =
1ly=0)+P(za=1]y=1). Since Pj(zg |y =1)+ Pj(zg |y =0) = Pi(z2 | y =
1)+ Pi(x2 | y =0), we have

Pj(xy |y = 1)Pj(x2 [y =0) < Pj(wa |y = 0)Pj(z2 |y = 1). (A1)
We can expand our goal in the same way:

Z‘IQP ‘/L‘th) (0 | xl,I'Q)

1,22

- ZP x1,y = 1)Pi(z1,y =0) - Z xoPj(2 | 2%1311)1;2():@ |y =0)

T2
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> wsPy(an, @5, 0)Pi(1 | @y, 2)

Z1,T2

2oPj(xe | y=0)P(z2 |y =1
_ZP 21,y = 0)Pi(z1,y = 1) - Z Zhil p(xl)yc;)2| ),

x2
Plug in Eq (A.1) and we complete the proof. The other inequality follows by symme-
try. O

Extension to multi-class classification: In Theorem 1, we focus on binary clas-
sification for simplicity. For multi-class classification, we can convert it into a binary
problem by defining Y, as a binary indicator of whether class c¢ is present or absent.
Our strong empirical performance on MNIST (10-class classification) also confirms

that our results generalize to the multi-class setting.

Theorem 3. For any environment pair E; and E;, Cov(Xs,Y; P;) > Cov(Xy, Y; P))

implies

ix A N s iv
Cov(Xy,Y; Pi™) < —Cov(Xy,Y; P/Y) — —iCov(Xg,Y; P*)

1 _
Cov(Xy,Y; PI*) > — Cov(Xg,Y Py — — COV(XQ,Y P
o o

where P{Y is the distribution of the correct predictions when applying f; on E;.

Proof. From the proof in Theorem 1, we can write the condition Cov(Xs,Y; P;) >
Cov(X,,Y; P;) as

> oa(Pi(wr, @, 1) = Py(wr,@,1)) < ) @5(Py(a1,25,0) = Pi(y, 25,0))

zl,xo xl,x9

Using P;(0 | x1,22) + Pi(1 | 21, 29) = 1,
Z I’Q(Pj(ﬂ?l,l‘g, 1) - -Pi(x17x27 1))(3(0 | x17x2) + Pz(l | leIQ))

< Z 22 (Pj(x1,22,0) — P21, 2,0))(Fi(0 | 21, 22) + Fi(1 | 21, 22))
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Since Pj(x1,x9,1)P;(0 | z1,22) and Pi(xy,x2,0)P;(1 | x1,x2) cancel out with each
other. We have

> wa(Py(wr, w2, )P0 | 21, w2) — Py, 22, 0)Pi(1 | 21, 72))

xl,x9
< Z 2o (Pi(w1, 22, 1) (1 | 21, 22) — P21, 22,0)P(0 | 21, 22))
xl,x2
- Z 2o (Pj(a1, w2, 1) (1 | w1, 32) — P21, 22,0)F(0 | 21, 72))
zl,x2

From the derivations in Theorem 1, we know that

1
2(1 — o)

= Z xz( (21,29, 1) Pi(0 | 21, 29) — Pj(21,22,0) F(1 | $171’2)>

xl,x2

Cov(Xs,Y; PI¥)

. piv
(X5, Y5 Py

2a
= Z :Bz( (@1, 22, 1) P5(1 | @1, 22) Pj (21, 22,0) F5(0 | xl,:ﬂz)>

xl,x9

5 (X, Y; PY)

= Z $2< (21,22, 1) Pi(1 | 21, 22) — Py(21,22,0)P;(0 | 901%2))-

xl,x2

Combining these, we have

al . 1—af .
—Cov(Xs,Y; P/) — ——2Cov(Xs,Y; P;/)
al o

Cov(X,,Y; P¥) <

Similarly, by using P;(0 | 1, 22) + P;(1 | 21, 22) = 1, we can get

1—al :
Y Cov(Xs, Y5 PIY)

- O‘g 4
; COV(XQ, Y, Pj ) — ;

Cov(X,,Y; P77 >
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A.3 Experimental setup

A.3.1 Datasets and models
MNIST

Data We use the official train-test split of MNIST. Training environments are con-
structed from training split, with 14995 examples per environment. Validation data
and testing data is constructed based on the testing split, with 2497 examples each.
Following [6], We convert each grey scale image into a 10 x 28 x 28 tensor, where the

first dimension corresponds to the spurious color feature.

Model: The input image is passed to a CNN with 2 convolution layers and 2 fully
connected layers. We use the architecture from PyTorch’s MNIST example!.

Beer Review

Data We use the data processed by [69]. Reviews shorter than 10 tokens or longer
than 300 tokens are filtered out. For each aspect, we sample training /validation /testing
data randomly from the dataset and maintain the marginal distribution of the label to
be uniform. Each training environment contains 4998 examples. The validation data
contains 4998 examples and the testing data contains 5000 examples. The vocabulary
sizes for the three aspects (look, aroma, palate) are: 10218, 10154 and 10086. The

processed data will be publicly available.

Model We use a standard CNN text classifier [61]. Each input is first encoded by
pre-trained FastText embeddings [84]. Then it is passed into a 1D convolution layer
followed by max pooling and ReLLU activation. The convolution layer uses filter size

3,4,5. Finally we attach a linear layer with Softmax to predict the label.

Thttps://github.com /pytorch/examples/blob/master /mnist /main.py
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CelebA

Data We use the official train/val/test split of CelebA [76]. The training envi-
ronment {female} contains 94509 examples and the training environment {male}
contains 68261 examples. The validation set has 19867 examples and the test set has
19962 examples.

Model We use the Pytorch torchvision implementation of the ResNet50 model,
starting from pretrained weights. We re-initalize the final layer to predict the target

attribute hair color.

ASK2ME

Data Since the original data doesn’t have a standard train/val/test split, we ran-
domly split the data and use 50% for training, 20% for validation, 30%for testing.
There are 2227 examples in the training environment {breast_cancer=0}, 1394 ex-
amples in the training environment {breast_cancer=1}. The validation set contains
1448 examples and the test set contains 2173 examples. The vocabulary size is 16310.
The processed data will be publicly available.

Model The model architecture is the same as the one for Beer review.

A.3.2 Implementation details

For all methods: We use batch size 50 and evaluate the validation performance
every 100 batch. We apply early stopping once the validation performance hasn’t
improved in the past 20 evaluations. We use Adam [62] to optimize the parameters
and tune the learning rate € {1073,107%,107°}. For simplicity, we train all methods
without data augmentation. Following [93|, we apply strong regularizations to avoid
over-fitting. Specifically, we tune the dropout rate € {0.1,0.3,0.5} for text classifi-
cation datasets (Beer review and ASK2ME) and tune the weight decay parameters

€ {1079,1071,1072, 1073} for image datasets (MNIST and CelebA).
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TIME Train Val Test

ERM 2 MIN 58 SEC ~ 83.61 81.21 15.65
IRM 3 MIN 37 SEC 8342 8041 12.89
RGM 3 MIN 7 SEC 82.60 81.41 13.97
DRO 17 MIN 19 SEC  79.44 80.65 16.05

OURS 11 MIN 58 SEC 65.04 71.16 71.56
ORACLE 14 MIN 31 SEC 68.96 72.28 70.04

Table A.1: Running time and model performance on MNIST. Here the validation
data is sampled from the training environments. Our algorithm requires training
additional environment-specific classifiers. However, it converges faster than DRO in
the third stage (50 epochs vs. 72 epochs) and generalizes much better.

DRO and Ours We directly optimize the min — max objective. Specifically, at
each step, we sample a batch of example from each group, and minimize the worst-
group loss. We found the training process to be pretty stable when using the Adam
optimizer. On CelebA, we are able to match the performance reported by [93].

IRM We implement the gradient penalty based on the official implementation of
IRM?2. The gradient penalty is applied to the last hidden layer of the network. We
tune the weight of the penalty term € {1072, 107, 10°, 10, 102, 10, 10*} and the
annealing iterations € {10,102 10%}.

RGM For the per-environment classifier in RGM, we use a MLP with one hidden
layer. This MLP takes the last layer of the model as input and predicts the label. Sim-
ilar to IRM, we tune the weight of the regret € {1072, 1071, 10°, 10, 10%, 103, 10*}
and the annealing iterations € {10, 10%,10%}.

A.3.3 Computing infrastructure and running time analysis

We have used the following graphics cards for our experiments: Tesla V100-32GB,
GeForce RTX 2080 Ti and A100-40G.

We conducted our running time analysis on MNIST and ASK2ME using GeForce
RTX 2080 Ti. Table A.1 and A.2 shows the results. We observe that due to the direct

optimization of the min max objective, the running time of DRO, PI and Oracle is

Zhttps://github.com /facebookresearch /InvariantRiskMinimization

103



TIME Train Val Test

ERM 3 MIN 35 SEC ~ 99.44 66.01 59.04
IRM 3 MIN 21 SEC 9870 63.10 57.85
RGM 5 MIN 36 SEC ~ 99.78  64.07 59.99
DRO 16 MIN 40 SEC  86.77 77.66 67.34
PI (Ours) 18 MIN 97.09 78.64 74.14

Table A.2: Running time and model performance on ASK2ME. Here the validation
accuracy is computed based on the breast_cancer attribute. The test accuracy is
the average worst-group accuracy across all 17 attributes. Our algorithm’s running
time is similar to DRO.

method input example

ERM _ gold color with almost a surprisingly tiny head .
DRO _ gold color with almost a surprisingly tiny head .
IRM _ gold color with almost a surprisingly tiny head .
RGM _ gold color with almost a surprisingly tiny head .

PI <art_positive> gold color - almost a _ - head .

Oracle  <art_positive> gold color with - a surprisingly - head .

Figure A-1: Visualizing word importance on Beer Look. Only PI and Oracle ignore
the artificial token and correctly predict the input as negative. We will add more
examples in the update.

roughly 4 times comparing to other methods (proportional to the number of groups).
Also, while our model needs to train additional environment-specific classifiers (com-
paring to DRO), its running time is very similar to DRO across the two datasets.
We believe by using the online learning algorithm proposed by [93], we can further

reduce the running time of our algorithm.

A.4 Additional results

What features does pi look at? To understand what features different methods
rely on, we plot the word importance on Beer Look in Figure A-1. For the given
input example, we evaluate the prediction change as we mask out each input token.

We observe that only PI and Oracle ignore the spurious feature and predict the label
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ERM DRO IRM RGM Ours
Accuracy Worst  Avg  Worst Avg Worst Avg Worst Avg Worst Avg

Adenocarcinoma 33.3 729 772 792 555 784 555 781 80.2 84.7
Polyp syndrom 444 746 772 787 555 763 66.6 787 69.2 81.2
Brain cancer 55.5 785 77.1 780 555 785 67.5 823 799 879
Breast cancer 66.4 804 75.0 78.8 66.8 80.5 64.3 79.8 80.3 83.1
Colorectal cancer 66.5 80.5 69.3 77.9 64.9 81.2 66.9 80.3 76.2 81.7
Endometrial cancer 66.9 80.6 76.1 80.2 66.0 82.6 66.9 81.7 80.3 83.2

Gastric cancer 629 799 769 81.6 629 80.0 59.2 788 794 859
Hepatobiliary cancer 444  73.0 60.0 73.8 555 771 555 76.2 60.0 78.9
Kidney cancer 166 666 500 687 333 730 333 713 50.0 747
Lung cancer 444 747 625 745 388 742 500 v47  70.3 78.8
Melanoma 66.6 80.5 66.6 788 66.6 833 66.6 79.6 80.0 86.6
Neoplasia 50.0 759 333 69.1 333 719 500 751 70.0 80.0
Ovarian cancer 65.3 80.1 77.2 793 66.8 80.6 66.3 79.5 734 82.7

Pancreatic cancer 67.1 80.9 75.8 78.7 63.6 79.6 63.6 79.6 80.0 84.3
Prostate cancer 63.9 85.7 51.0 77.4 64.2 85.2 65.5 83.9 78.9 86.7

Rectal cancer 66.6 787 641 80.3 66.6 788 675 80.8 71.7 84.5
Thyroid cancer 50.0 771 75.0 83.0 66.8 84.0 67.7 825 802 878
Average 54.8 7.7 673 775 578 791 60.8 79.0 741 831

Table A.3: Full results. Worst-group and average-group accuracy across 17 attributes
on ASK2ME.

correctly. Comparing to ERM, IRM and RGM focus more on the causal feature such

as ‘tiny’. However, they still heavily rely on the spurious feature.
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ERM DRO IRM RGM Ours
Worst Avg Worst Avg Worst Avg Worst Avg Worst Avg

5 o Clock Shadow 53.3 81.5 90.0 920 80.0 859 66.6 872 833 89.6
Arched Eyebrows 72.1 871 904 926 844 878 889 926 90.5 923

Attractive 67.2 858 90.7 922 825 872 86.6 919 89.9 918
Bags Under Eyes 724 86.1 90.5 92.0 81.3 86.8 885 92.1 §89.1 921
Bald 75.9 912 91.7 930 71.3 822 915 948 91.6 934
Bangs 73.8 878 90.8 929 817 873 88.0 922 90.2 923
Big Lips 734 871 90.5 925 84.1 87.8 895 92.6 905 92.1
Big Nose 714 860 915 929 849 884 91.2 93.7 91.3 9238
Black Hair 75.9 909 89.6 93.7 786 89.1 90.6 94.0 881 93.3
Blurry 51.2 81.0 86.5 90.1 793 857 79.0 89.7 85.6 89.3
Brown Hair 43.6 79.1 643 857 781 833 724 873 59.7 83.8
Bushy Eyebrows 727 865 727 888 81.8 875 81.8 91.2 81.8 90.7
Chubby 952 706 619 846 76.1 829 476 823 714 86.5
Double Chin 50.0 80.7 906 91.7 785 86.3 91.5 92.7 90.2 924
Eyeglasses 58.0 828 903 920 804 8.7 774 893 887 911
Goatee 00 682 00 70.0 848 90.8 915 956 91.6 945
Gray Hair 60.7 825 69.0 877 426 762 857 895 682 881
Heavy Makeup 66.0 856 89.6 922 84.1 872 844 914 90.0 918
High Cheekbones 733 86.6 90.7 922 844 871 89.0 922 90.3 91.7
Gender. 46.6 80.1 855 90.8 744 839 70.0 87.7 90.5 915
Mouth _Slightly Open74.2 87.0 91.2 923 84.5 874 91.0 925 91.7 91.8
Mustache 50.0 80.8 91.7 953 50.0 785 915 959 91.6 949
Narrow Eyes 69.2 855 90.0 918 829 870 884 918 91.6 919
No_Beard 39.3 781 84.8 909 727 83.8 57.5 85.0 84.8 904
Oval Face 75.1 87.2 90.7 924 842 877 91.2 92.7 90.3 919
Pale Skin 754 879 903 915 816 8.9 91.3 924 89.5 920
Pointy Nose 73.3 871 91.1 924 848 876 89.2 925 91.0 92.0
Receding Hairline 66.6 84.7 909 91.8 80.5 84.3 833 91.1 879 90.9
Rosy Cheeks 749 88.1 914 933 848 885 90.5 93.0 914 927
Sideburns 384 778 846 906 769 841 769 89.7 91.3 93.7
Smiling 75.9 86.8 91.5 923 84.1 872 91.1 924 915 918
Straight Hair 740 86.6 902 920 843 874 883 923 915 919
Wavy Hair 742 868 914 924 841 874 888 922 91.6 918
Wearing Earrings 75.3 86.7 91.6 92.6 84.7 87.7 90.8 92,5 915 92.1
Wearing Hat 76 703 46.1 822 46.1 773 61.5 86.2 53.8 845

Wearing_Lipstick 59.3 836 894 91.8 825 86.0 79.3 90.1 903 915
Wearing Necklace 745 872 91.0 924 822 874 895 921 90.7 922
Wearing Necktie 25.0 745 90.0 915 80.0 843 350 793 914 925
Young 71.6 860 89.1 91.6 762 85.9 90.1 920 872 915

Average 60.0 836 842 908 785 857 825 909 87.0 914

Table A.4: Full results. Worst-group and average-group accuracy for hair color pre-
diction on CelebA.
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Appendix B

Learning Stable Classifiers by

Transferring Unstable Features

B.1 Theoretical analysis

B.1.1 Partitions reveal the unstable correlation

We start by reviewing the results in the previous chapter which shows that the gener-
ated partitions reveal the unstable correlation. We consider binary classification tasks
where ) € {0,1}. For a given input x, we use C(z) to represent its stable (causal)
feature and Z(x) to represent its unstable feature. In order to ease the notation, if
no confusion arises, we omit the dependency on x. We use lowercase letters ¢, z,y to

denote the specific values of C, Z, V.

Proposition 1. For a pair of environments F; and E;, assuming that the classifier
fi is able to learn the true conditional Pi(Y | C, Z), we can write the joint distribution
P; of E; as the mizture of P}* and PJ’><

Pi(c,z,y) = aéP;/(c, z,y) + (1 — Oz;)P;X(c, 2,Y),
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where o =37, . Pi(c,2,y) - Pi(y | ¢, 2) and

P;/(C,z,y) o Pj(c,z,y) - Fi(y | ¢,2),

P (2,2,y) o< Py(e,2,9) - Bi(l =y | ¢,2).

Proposition 1 tells us that if f; is powerful enough to capture the true conditional
in F;, partitioning the environment F; is equivalent to scaling its joint distribution
based on the conditional on F;.

Now suppose that the marginal distribution of ) is uniform in all joint distribu-
tions, i.e., f; performs equally well on different labels. [9] shows that the unstable
correlations will have different signs in the subset of correct predictions and in the

subset of incorrect predictions.

Proposition 2. Suppose Z is independent of C given Y. For any environment pair E;
and E;, inyB(z ly) = Zij(z | y) for any z, then Cov(Z,Y; FP;) > Cov(Z,Y; P;)
implies

Cov(Z,Y; PI*) <0, and Cov(Z,Y;P)>0.
Proof. See [9]. O

Proposition 2 implies that no matter whether the spurious correlation is positive
or negative, by interpolating P}¥, P/, P?¥' | P we can obtain an oracle distribution
where the spurious correlation between Z and ) vanishes. Since the oracle interpo-
lation coefficients are not available in practice, [9] propose to optimize the worst-case

risk across all interpolations of the partitions.

B.1.2 Partitions reveal the unstable feature

Proposition 2 shows that the partitions E}“,E;X,Eg/,Ef * are informative of the
biases. However these partitions are not transferable as they are coupled with task-
specific information, i.e., the label ). To untangle this dependency, we look at differ-

ent label values and obtain the following result.
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Corollary 1. Under the same assumption as Proposition 2, if Cov(Z,Y;P;) >
Cov(Z,Y; P;) > 0 and Z follows a uniform distribution within each partition, then

DR (Z=2Y=1)>} 2P (2=2Y=1),

ZZP;X(Z:Z,))ZO) < Zsz‘/(Z:z,y:O).

Proof. By definition of the covariance, we have

Cov(Z,)) = ZzyP(Z =2)Y=y) — (Z 2P(Z = Z)) <Z yP(Y = y))

Since we assume the marginal distribution of the label is uniform, we have 3 yP(Y =

y) = 0.5. Then we have
Cov(Z,Y) =) 2P(Z2=2Y=1)-05) 2P(Z=2z).
Using P(Z=2)=P(Z=2)Y=0)+ P(Z=2)Y=1), we obtain
Cov(Z,Y)=05> zP(Z2=2Y=1)-05) z2P(Z=2Y=0). (B.1)
From Proposition 2, we have Cov(Z, ); P;X) < 0. Note that this implies Cov(Z, Y; P]”) >

0 since Cov(Z,Y; P;) > 0 and P; = o, P/ + (1 — a})P;*. Combining with Eq (B.1),

we have

Y PX(Z2=2Y=1)<) 2P (2=2Y=0),

Y P(Z2=2Y=1)>) 2PV (Z2=2Y=0). (B.2)

Since we assume the marginal distribution of the unstable feature Z is uniform, we
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have

ZZP;X(Z:Z,JJ: 1)—1—22]3;)((2:2,)7:0) :ZZP;X(ZZZ) = 0.5,

z z

2PV (Z2=2Y=1)+) 2P (Z2=2Y=0)=) 2P’(Z=2)=05 (B.3)

z

Plugging Eq (B.3) into Eq (B.3), we have

Y 2PH(Z2=2Y=1)<025<> 2P(Z=2Y=0),

Y 2P (2=2Y=1)>02>) 2P (Z=2Y=0).

Combining the two inequalities finishes the proof. O

Corollary 1 shows that if we look at examples within the same label value, then
expectation of the unstable feature Z within the set of correct predictions will diverge
from the one within the set of incorrect predictions. In order to learn a metric space
that corresponds to the values of Z, we sample different batches from the partitions

and prove the following theorem.

Theorem 3. (Full version) Suppose Z is independent of C given ). We assume that
Y and Z both follow a uniform distribution within each partition.
Consider examples in E; with label value y. Let Xy, Xy denote two batches of

examples that f; predicted correctly, and let X3 denote a batch of incorrect predictions.

If Cov(Z,Y; P;) > Cov(Z,Y; P;) >0, we have
IZ(XY) = Z(X)]2 < IZ2(XY) = Z(X3)]2

almost surely for large enough batch size.

Proof. Without loss of generality, we consider y = 0. Let n denote the batch size of

XY, Xy and Xy . By the law of large numbers, we have

?(X{%?(X{) 22 EP]?‘/(ZD/) [Z2|Y=0] and g(X:aX) = EP;X(ZDJ) 2|y =0],
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as n — 0o. Note that Corollary 1 tells us
EP;X(ZW) 2|y =0]< Epic(zy) 2]y =0].

Thus we have

IZ(X7) = Z(X5)ll2 < IZ2(XY) — Z(X59) Iz
almost surely as n — oo. O

We note that while we focus our theoretical analysis on binary tasks, empirically,
our method is able to correctly identify the hidden bias for multi-dimensional unstable

features and multi-dimensional label values.

B.2 Experimental setup

B.2.1 Datasets and models
MNIST

Data We extend [6]’s approach for generating spurious correlations and define two
multi-class classification tasks: EVEN (5-way classification among digits 0,2,4,6,8)
and ODD (5-way classification among digits 1,3,5,7,9). For each image, we first map
its numeric digit value y¥&* into its class id within the task: yc@sal = | yd&it /2| This
class id serves as the causal feature for the given task. We then sample the observed

causal

label y, which equals to y with probability 0.75 and a uniformly random other
label value with the remaining probability. With this noisy label, we now sample the
spurious color feature: the color value equals y with n probability and a uniformly
other value with the remaining probability. We note that since there are five different
digits for each task, we have five different colors. Finally, we color the image according
to the generated color value. For the training environments, we set 1 to 0.8 in Firan
and 0.9 in B We set n = 0.1 in the testing environment E*.

We use the official train-test split of MNIST. Training environments are con-

structed from training split, with 7370 examples per environment for EVEN and 7625
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examples per environment for ODD. Validation data and testing data is constructed
based on the testing split. For EVEN, both validation data and testing data have 1230
examples. For ODD, the number is 1267. Following [6], We convert each grey scale
image into a 5 X 28 x 28 tensor, where the first dimension corresponds to the spurious

color feature.

Representation backbone We follow the architecture from PyTorch’s MNIST
example!. Specifically, each input image is passed to a CNN with 2 convolution

layers followed by 2 fully connected layers.
License The dataset is freely available at http://yann.lecun.com/exdb/mnist/.

Beer Review

Data We consider the transfer among three binary aspect-level sentiment classi-
fication tasks: LOOK, AROMA and PALATE [69]. For each review, we follow 9] and
append a pseudo token (art_pos or art_neg) based on the the sentiment of the given
aspect (pos or neg). The probability that this pseudo token agrees with the sentiment
label is 0.8 in E{™™ and 0.9 in Ef®". In the testing environment, this probability
reduces to 0.1. Unlike MNIST, there is no label noise added to the data.

We use the script created by [9] to generate spurious features for each aspect.
Specifically, for each aspect, we randomly sample training/validation/testing data
from the dataset. Since our focus in this paper is to measure whether the algorithm
is able to remove biases (rather than label imbalance), we maintain the marginal
distribution of the label to be uniform. FEach training environment contains 4998
examples. The validation data contains 4998 examples and the testing data contains

5000 examples. The vocabulary sizes for the three aspects (look, aroma, palate) are:

10218, 10154 and 10086.

Representation backbone We use a 1D CNN [61], with filter size 3,4, 5, to obtain

the feature representation. Specifically, each input is first encoded by pre-trained

Thttps://github.com /pytorch/examples/blob/master /mnist /main.py
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FastText embeddings [84]. Then it is passed into a convolution layer followed by max

pooling and ReLLU activation.

License This dataset was originally downloaded from https://snap.stanford.
edu/data/web-BeerAdvocate.html. As per request from BeerAdvocate the data is

no longer publicly available.

ASK2ME

Data ASK2ME [12] is a text classification dataset where the inputs are paper ab-
stracts from PubMed. We study the transfer between two binary classification tasks:
PENETRANCE (identifying whether the abstract is informative about the risk of can-
cer for gene mutation carriers) and INCIDENCE (identifying whether the abstract is
informative about proportion of gene mutation carriers in the general population). By
definition, both tasks are causally-independent of the diseases that have been studied
in the abstract. However, due to the bias in the data collection process, [33] found
that the performance varies (by 12%) when we evaluate based on different cancers.
To assess whether we can remove such bias, we define two training environments for
each task based on the correlations between the task label and the breast_cancer
attribute (indicating the presence of breast cancer in the abstract). Script for gen-
erating the environments is available in the supplemental materials. Note that the
model doesn’t have access to the breast_cancer attribute during training.

Following [93], we evaluate the performance on a balanced test environment where
there is no spurious correlation between breast_cancer and the task label. This helps
us understand the overall generalization performance across different input distribu-
tions.

We randomly split the data and use 50% for PENETRANCE and 50% for INCI-
DENCE. For PENETRANCE, there are 948 examples in E¥® and E¥2! 816 examples
in E{in and 268 examples in E**. For INCIDENCE, there are 879 examples in E2n
and EV& 773 examples in E{@" and 548 examples in £, The processed data will

be publicly available.
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Representationi backbone The model architecture is the same as the one for

Beer review.

License MIT License.

Waterbird

Data Waterbird is an image classification dataset where each image is labeled based
on its bird class [114] and the background attribute (water vs. land). Following [93],
we group different bird classes together and consider two binary classification tasks:
SEABIRD (classifying 36 seabirds against 36 landbirds) and WATERFOWL (classifying 9
waterfowl against 9 different landbirds). Similar to ASK2ME, we define two training
environments for each task based on the correlations between the task label and
the background attribute. Script for generating the environments is available in the
supplemental materials. At test time, we measure the generalization performance on
a balanced test environment.

Following [76], we group different classes of birds together to form binary classifi-
cation tasks.

In WATERFOWL, the task is to identify 9 different waterfowls (Red breasted Mer-
ganser, Pigeon Guillemot, Horned Grebe, Eared Grebe, Mallard, Western Grebe,
Gadwall, Hooded Merganser, Pied billed Grebe) against 9 different landbirds (Mourn-
ing Warbler, Whip poor Will, Brewer Blackbird, Tennessee Warbler, Winter Wren,
Loggerhead Shrike, Blue winged Warbler, White crowned Sparrow, Yellow bellied
Flycatche). The training environment E{™" contains 298 examples and the training
environment EY#" contains 250 examples. The validation set has 300 examples and
the test set has 216 examples.

In SEABIRD, the task is to identify 36 different seabirds (Heermann Gull, Red
legged Kittiwake, Rhinoceros Auklet, White Pelican, Parakeet Auklet, Western Gull,
Slaty backed Gull, Frigatebird, Western Meadowlark, Long tailed Jaeger, Red faced
Cormorant, Pelagic Cormorant, Brandt Cormorant, Black footed Albatross, West-

ern Wood Pewee, Forsters Tern, Glaucous winged Gull, Pomarine Jaeger, Sooty Al-
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batross, Artic Tern, California Gull, Horned Puffin, Crested Auklet, Elegant Tern,
Common Tern, Least Auklet, Northern Fulmar, Ring billed Gull, Ivory Gull, Laysan
Albatross, Least Tern, Black Tern, Caspian Tern, Brown Pelican, Herring Gull,
Eastern Towhee) against 36 different landbirds (Prairie Warbler, Ringed Kingfisher,
Warbling Vireo, American Goldfinch, Black and white Warbler, Marsh Wren, Aca-
dian Flycatcher, Philadelphia Vireo, Henslow Sparrow, Scissor tailed Flycatcher,
Evening Grosbeak, Green Violetear, Indigo Bunting, Gray Catbird, House Sparrow,
Black capped Vireo, Yellow Warbler, Common Raven, Pine Warbler, Vesper Spar-
row, Pileated Woodpecker, Bohemian Waxwing, Bronzed Cowbird, American Three
toed Woodpecker, Northern Waterthrush, White breasted Kingfisher, Olive sided Fly-
catcher, Song Sparrow, Le Conte Sparrow, Geococcyx, Blue Grosbeak, Red cockaded
Woodpecker, Green tailed Towhee, Sayornis, Field Sparrow, Worm eating Warbler).
The training environment Ei™" contains 1176 examples and the training environment
Efrain contains 998 examples. The validation set has 1179 examples and the test set

has 844 examples.

Representation backbone We use the Pytorch torchvision implementation of the
ResNeth0 model, starting from pretrained weights. We re-initalize the final layer to

predict the label.

License This dataset is publicly available at https://nlp.stanford.edu/data/

dro/waterbird_complete95_forest2water2.tar.gz

CelebA

Data CelebA [76] is an image classification dataset where each image is annotated
with 40 binary attributes. We consider Eyeglasses as the source task and BlondHair
as the target task. We split the official train / val / test set into two parts (uniformly
at random) for each task. We use the attribute Young to create two environments:
E; = {Young = 0}, £y = {Young = 1}. For the target task, the model only has access

to F; during training and validation. Table B.1 summarizes the data statistics.
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Table B.1: Data statistics of CelebA. The model has access to both E; and E5 on the
source task. For the target task, only FE; is available during training and validation.

source task: Eyeglasses target task: BlondHair

E; : {Young=0} F5:{Young=1} FE;:{Young=0} FE,: {Young=1}

Train 17955 63430 17973 63412
Val 2494 7442 2453 7480
Test 2452 7597 2444 7537

License The CelebA dataset is available for non-commercial research purposes only.

It is publicly available at https://mmlab.ie.cuhk.edu.hk/projects/CelebA.html.

Representation backbone We use the Pytorch torchvision implementation of the
ResNet50 model, starting from pretrained weights. We re-initalize the final layer to
predict the label.

B.2.2 Implementation details

For all methods: We use batch size 50 and evaluate the validation performance
every 100 batch. We apply early stopping once the validation performance hasn’t
improved in the past 20 evaluations. We use Adam [62] to optimize the parame-
ters and tune the learning rate € {1073,107%}. For simplicity, we train all methods
without data augmentation. Following [93|, we apply strong regularizations to avoid
over-fitting. Specifically, we tune the dropout rate € {0.1,0.3,0.5} for text classifi-
cation datasets (Beer review and ASK2ME) and tune the weight decay parameters
€ {1071,1072,1073} for image datasets (MNIST, Waterbird and CelebA).

DANN, C-DANN For the domain adversarial network, we use a MLP with 2
hidden ReLU layer with 300 neurons for each layer. The representation backbone
is updated via a gradient reversal layer. We tune the weight of the adversarial loss
€ {0.01,0.1,1}.

MMD We match the mean and covariance of the features across the two source en-
vironments. We use the implementation from https://github.com/facebookresearch/

DomainBed/blob/main/domainbed/algorithms.py. We tune the weight of the MMD
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loss € {0.01,0.1,1}.

MULTITASK For the source task, we first partition the source data into subsets
with opposite spurious correlations [9]. During multi-task training, we minimize the
worst-case risk over all these subsets for the source task and minimize the average
empirical risk for the target task. MULTITASK is more flexible than REUSE since we
tune feature extractor to fit the target data. Compared to FINETUNE, MULTITASK is
more constrained as the source model prevents over-utilization of unstable features
during joint training.

Ours We fix § = 0.3 in all our experiments. Based on our preliminary experiments
(Figure B-1), we fix the number of clusters to be 2 for all our experiments in Table 3.2
and Table 3.3. For the target classifier, we directly optimize the min — max objective.
Specifically, at each step, we sample a batch of example from each group, and minimize
the worst-group loss. We found the training process to be pretty stable when using
the Adam optimizer.

Validation criteria For ERM, REUSE, FINETUNE and MULTITASK, since we don’t
have any additional information (such as environments) for the target data, we apply
early stopping and hyper-parameter selection based on the average accuracy on the
validation data.

For TOFU, since we have already learned an unstable feature representation fz on
the source task, we can also use it to cluster the validation data into groups where
the unstable features within each group are different. We measure the worst-group
accuracy and use it as our validation criteria.

For ORACLE, as we assume access to the oracle unstable features for the target
data, we can use them to define groups on the validation data as well. We use the
worst-group accuracy as our validation criteria.

We also note that when we transfer from LOOK to AROMA in Table 3.2, both TOFU
and ORACLE are able to achieve 75 accuracy on E'*S*. This number is higher than
the performance of training on AROMA with two data environments ( 68 accuracy in
Table 3.2). This result makes sense since in the latter case, we only have in-domain

validation set and we use the average accuracy as our hyper-parameter selection
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metric. However, in both TOFU and ORACLE, we create (either automatically or
manually) groups over the validation data and measure the worst-group performance.

This ensures that the chosen model will not over-fit to the unstable correlations.

Computational resources: We use our internal clusters (24 NVIDIA RTX A6000
and 16 Tesla V100-PCIE-32GB) for the experiments. It took around a week to
generate all the results in Table 3.2 and Table 3.3.

B.3 Additional analysis

Why do the baselines behave so differently across different datasets? As
[13] pointed out, the transferability of the low-level features is very different in image
classification and in text classification. For example, the keywords for identifying the
sentiment of LOOK are very different from the ones for PALATE. Thus, fine-tuning the
feature extractor is crucial. This explains why REUSE underperforms other baselines
on text data. Conversely, in image classification, the low-level patterns (such as
edges) are more transferable across tasks. Directly reusing the feature extractor
helps improve model stability against spurious correlations. Finally, we note that
since TOFU transfers the unstable features instead of the task-specific causal features,

it performs robustly across all the settings.

How many clusters to generate? We study the effect of the number of clusters on
ASK2ME. Figure B-1 shows that while generating more clusters in the unstable feature
space fz reduces the variance, it doesn’t improve the performance by much. This is
not very surprising as the training data is primarily biased by a single breast_cancer
attribute. We expect that having more clusters will be beneficial for tasks with more

sophisticated underlying biases.

How do we select the hyper-parameter for TOFU? We cluster the validation
data based on the learned unstable feature representation fz and use the worst-group

loss as our early stopping and hyper-parameter selection criteria. Figure B-2 shows

118



86 80

w
85 79
84 79
82 78
Source: PENETRANCE Source: INCIDENCE
A Target: INCIDENCE Target: PENETRANCE
81 77
2 3 4 5 2 3 4 5

Figure B-1: Accuracy of TOFU on ASK2ME as we vary the number of clusters n,
generated for each label value. Empirically, we see that while having more clusters
doesn’t improve the performance, it helps reduce the variance.

learning rate learning rate

0.001 0.0001 0.001 0.0001

0.1 0.4001 0.1 78.03
0.01 0.4294 0.3789 0.01 80.63 84.86
0.001 0.4478 0.001 74.32

worst-group loss on the generated
partitions of the validation set

weight decay
weight decay

worst-group accuracy on the test set

Figure B-2: Hyper-parameter selection for TOFU on CelebA (averaged across 5 runs).
We use our learned unstable feature representation fz to partition the validation
set and use the worst-group validation loss as our hyper-parameter selection criteria.
Empirically, we observe that this criteria correlates well with the model robustness

on the testing data.

our hyper-parameter search space. We observe that our validation criteria correlates

well with the robustness of the model on the testing data.

B.4 Full results on CelebA
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Appendix C

Learning to Split for Automatic Bias

Detection

C.1 Datasets and model architectures

C.1.1 Beer Review

Data We use the BeerAdvocate review dataset [82] and consider three binary aspect-
level sentiment classification tasks: LOOK, AROMA and PALATE. This dataset was
originally downloaded from https://snap.stanford.edu/data/web-BeerAdvocate.
html.

[69] points out that there exist strong correlations between the ratings of different
aspects. In fact, the average correlation between two different aspects is 0.635. These
correlations constitute as a source of biases when we apply predictors to examples
with conflicting aspect ratings (e.g. beers that looks great but smells terrible).

We randomly sample 2500 positive examples and 2500 negative examples for each
task. We apply 1s to identify non-generalizable splits across these 5000 examples.

The average word count per review is 128.5.

Representation backbone Following previous work [9], we use a simple text CNN

for this dataset. Specifically, each input review is encoded by pre-trained FastText
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embeddings [84]. We employ 1D convolutions (with filter sizes 3,4, 5) to extract the
features [61]. We use 50 filters for each filter size. We apply max pooling to obtain

the final representation (€ R'®?) for the input.

Predictor The Predictor applies a multi-layer perceopton on top of the previous
input representation to predict the binary label. We consider a simple MLP with one
hidden layer (150 hidden units). We apply ReLU activations and dropout (with rate
0.1) to the hidden units.

Splitter The Splitter concatenates the CNN representation with the binary input
label. Similar to the Predictor, we use a MLP with one hidden layer (150 ReLU
units, dropout 0.1) to predict the splitting decision P(z; | z;,y;). We note that the
representation backbones of the Splitter and the Predictor are not shared during

training.

C.1.2 Tox21

Data The dataset contains 12,707 chemical compounds. Each example is annotated
with two types of properties: Nuclear Receptor Signaling Panel (AR, AhR, AR-
LBD, ER, ER-LBD, aromatase, PPAR-gamma) and Stress Response Panel (ARE,
ATADS5, HSE, MMP, p53). The dataset is publicly available at http://bioinf. jku.

at/research/DeepTox/tox21.html.

Representation backbone Following [80], we encode each input molecule by its
dense features (such as molecular weight, solubility or surface area) and sparse features
(chemical substructures). There are 801 dense features and 272,776 sparse features.
We concatenate these features and standardize them by removing the mean and

scaling to unit variance.

Predictor The Predictor is a multi-layer perceptron with three hidden layers (each
with 1024 units). We apply ReLU activations and dropout (with rate 0.3) to the
hidden units.

124



Splitter The Splitter concatenates the molecule features with the binary input
label. Similar to the Predictor, we is a multi-layer perceptron with three hidden
layers (each with 1024 units). We apply ReLU activations and dropout (with rate
0.3) to the hidden units.

C.1.3 Waterbird

Data This dataset is constructed from the CUB bird dataset [114] and the Places
dataset [124]. [93] use the provided pixel-level segmentation information to crop
each bird out from the its original background in CUB. The resulting birds are then
placed onto different backgrounds obtained from Places. They consider two types of
backgrounds: water (ocean or natural lake) and land (bamboo forest or broadleaf for-
est). There are 4795/1199 /5794 examples in the training/validation /testing set. This
dataset is publicly available at https://nlp.stanford.edu/data/dro/waterbird_
complete95_forest2water2.tar.gz

By construction, 95% of all waterbirds in the training set have water backgrounds.
Similarly, 95% of all landbirds in the training set have land backgrounds. As a
result, predictors trained on this training data will overfit to the spurious background
information when making their predictions. In the validation and testing sets, [93]
place landbirds and waterbirds equally to land and water backgrounds.

For identifying non-generalizable splits, we apply 1s on the training set and the
validation set. For automatic de-biasing, we report the average accuracy and worst-
group accuracy on the official test set. To compute the worst-group accuracy, we
use the background attribute to partition the test set into four groups: waterbirds
with water backgrounds, waterbirds with land backgrounds, landbirds with water

backgrounds, landbirds with land backgrounds.

Representation backbone Following previous work [93, 74|, we fine-tune torchvi-
sion’s resnet-50, pretrained on ImageNet [32], to represent each input image. This

results into a 2048 dimensional feature vector for each image.
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Predictor The Predictor takes the resnet representation and applies a linear layer
(2048 by 2) followed by Softmax to predict the label ({waterbirds, landbirds}) of

each image.

Splitter The Splitter first concatenates the resnet representation with the binary
image label. It then applies a linear layer with Softmax to predict the splitting
decision P(z; | ;,y;). The resnet encoders for the Splitter and the Predictor are not

shared during training.

C.1.4 CelebA

Data CelebA [76] is a large-scale face attributes dataset, where each image is an-
notated with 40 binary attributes. Following previous work [93, 74|, we consider our
task as predicting the blond hair attribute (€ {blond_hair,no_blond_hair}). The
CelebA dataset is available for non-commercial research purposes only. It is publicly
available at https://mmlab.ie.cuhk.edu.hk/projects/CelebA.html.

While there are lots of annotated examples in the training set (162,770), the task is
challenging due to the spurious correlation between the target blond hair attribute and
the gender attribute (€ {male, female}). Specifically, only 0.85% of the training data
are blond-haired males. As a result, predictors learn to utilize male as a predictive
feature for no_blond_hair when we directly minimizing their empirical risk.

For identifying non-generalizable splits, we apply 1s on the official training set
and validation set. For automatic de-biasing, we report the average and worst-group
performance on the official test set. To compute the worst-group accuracy, we use the
gender attribute to partition the test set into four groups: blond_hair with male,

blond_hair with female, no_blond_hair with male, no_blond_hair with female.

Representation backbone Following previous work [93, 74|, we fine-tune torchvi-
sion’s resnet-50, pretrained on ImageNet [32], to represent each input image. This

results into a 2048 dimensional feature vector for each image.
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Predictor The Predictor takes the resnet representation and applies a linear layer
(2048 by 2) followed by Softmax to predict the label ({blond_hair, no_blond_hair})

of each image.

Splitter The Splitter concatenates the resnet representation with the binary image
label. It then applies a linear layer with Softmax to predict the splitting decision
P(z; | i, y;). The resnet encoders for the Splitter and the Predictor are not shared

during training.

C.1.5 MNLI

Data The MultiNLI corpus contains 433k sentence pairs [115]. Given a sentence
pair, the task is to predict the entailment relationship (entailment, contradiction,
neutral) between the two sentences. The original corpus splits allocate most exam-
ples to the training set, with another 5% for validation and the last 5% for test-
ing. In order to accurately measure the performance on rare groups, [93] com-
bine the training and validation set and randomly shuffle them into a 50/20/30
training /validation /testing split. The dataset and splits are publicly available at
https://github.com/kohpangwei/group_DRO.

Previous work [47, 83] have shown that this crowd-sourced dataset has significant
annotation artifacts: negation words (nobody, no, never and nothing) often appears
in contradiction examples; sentence pairs with high lexical overlap are likely to be
entailment. As a result, predictors may over-fit to these spurious shortcuts during
training.

For identifying non-generalizable splits, we apply 1s on the training set and vali-
dation set. For automatic de-biasing, we report the average and worst-group perfor-
mance on the testing set. To compute the worst-group accuracy, we partition the test
set based on whether the input example contains negation words or not: entailment
with negation words, entailment without negation words, contradiction with nega-
tion words, contradiction without negation words, neutral with negation words,

neutral without negation words.

127



Representation backbone Following previous work |93, 74|, we fine-tune Hugging

Face’s bert-base-uncased model, starting with pre-trained weights [34].

Predictor The Predictor takes the representation of the [CLS] token (at the final
layer of bert-base-uncased) and applies a linear layer with Softmax activations to

predict the final label (entailment, contradictions, neutral).

Splitter The Splitter concatenates the representation of the [CLS] token with the
one-hot label embedding (€ {0,1}?). It then applies a linear layer with Softmax
activations to predict the splitting decision P(z; | x;,v;). The bert-base-uncased

encoders for the Splitter and Predictor are not shared during training.

C.2 Implementation details

C.2.1 Identifying non-generalizable splits using 1s

Optimization For Beer Review, Tox21, Waterbirds and CelebA, we update the
Splitter and Predictor with the Adam optimizer [62]. In Beer Review and Tox21, the
learning rate is set to 1072 with no weight decay (as we already have dropout in the
MLP to prevent over-fitting). We use a batch size of 200. In Waterbirds and CelebA,
since we start with pre-trained weights, we adopt a smaller learning rate 10~* [93]
and set weight decay to 1073. We use a batch size of 100. For MNLI, we use the
default setting for fine-tuning BERT" a fixed linearly-decaying learning rate starting
at 0.0002, AdamW optimizer [77]|, dropout, and no weight decay. We use a batch size
of 100.

Stopping criteria For the Predictor’s training, we held out a random 1/3 subset
of D' for validation. We train the Predictor on the rest of D" and apply early-
stopping when the validation accuracy stops improving in the past 5 epochs. For the
Splitter’s training, we compare the average loss £%*%! of the current epoch and the

average loss across the past 5 epochs. We stop training if the improvement is less
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than 1073,

C.2.2 Automatic de-biasing

Method details We use the Splitter learned by 1s to create groups that are in-
formative of the biases. Specifically, for each example (x;,y;), we first sample its
splitting decision from the Splitter Z; ~ P(z; | z;,y;). As we have seen in Figure 4-5,
these splitting decisions reveal human-identified biases. Similar to the typical group
DRO setup [93], we use these information together with the target labels to partition
the training and validation data into different groups. For example in Waterbirds,
we have four groups: {y = waterbirds,z = 0},{y = waterbirds,z = 1},{y =
landbirds, z = 0}, {y = landbirds, z = 1}. We minimize the worst-group loss dur-
ing training and measure the worst-group accuracy on the validation data for model
selection. Specifically, we stop training if the validation metric hasn’t improved in

the past 10 epochs.

Optimization Modern neural networks are highly over-parameterized. As a result,
they can easily memorize the training data and over-fit the majority groups even when
we minimize the worst-group loss during training. Following [93], we apply strong
regularization to combat memorization and over-fitting. We grid-search over the

weight decay parameter (10°,1071,1072,1073,0).
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