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Abstract

A central goal of machine learning is to learn
robust representations that capture the causal rela-
tionship between inputs features and output labels.
However, minimizing empirical risk over finite or
biased datasets often results in models latching
on to spurious correlations between the training
input/output pairs that are not fundamental to the
problem at hand. In this paper, we define and
analyze robust and spurious representations us-
ing the information-theoretic concept of minimal
sufficient statistics. We prove that even when
there is only bias of the input distribution (i.e. co-
variate shift), models can still pick up spurious
features from their training data. Group distri-
butionally robust optimization (DRO) provides
an effective tool to alleviate covariate shift by
minimizing the worst-case training loss over a
set of pre-defined groups. Inspired by our anal-
ysis, we demonstrate that group DRO can fail
when groups do not directly account for various
spurious correlations that occur in the data. To
address this, we further propose to minimize the
worst-case losses over a more flexible set of dis-
tributions that are defined on the joint distribution
of groups and instances, instead of treating each
group as a whole at optimization time. Through
extensive experiments on one image and two lan-
guage tasks, we show that our model is signif-
icantly more robust than comparable baselines
under various partitions. Our code is available
at https://github.com/violet—zct/
group—conditional-DRO.

1. Introduction

Many machine learning models that minimize the average
training loss via empirical risk minimization (ERM) are
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(a) ERM
(average=93.3% robust=83.4%)

(b) Group DRO [clean]
(average=96.5% robust=95.8%)

(c) Group DRO [imperfect]
(average=93.3%, robust=83.1%)

(d) Our Method [imperfect]
(average=94.0%, robust=93.8%)

Figure 1. Consider data points 2 in R? with two classes y. The
vertical axis of x is a spurious feature that highly correlates with
y, and the horizontal axis is the robust feature. There are two
subclasses in each class, where the top-right and lower-left are
two minority subclasses. The robust accuracy is test worst-case
accuracy over the four subclasses. We train a linear classifier with
different methods. For models trained with the clean partitions,
each subclass is a group. For the imperfect partitions, dots with
the same shape is a group (best viewed in color).

trained and evaluated on randomly shuffled and split train-
ing and test sets. However, such in-distribution learning
setups can hide critical issues: models that achieve high
accuracy on average often underperform when the test dis-
tribution drifts away from the training one (Hashimoto et al.,
2018; Koenecke et al., 2020; Koh et al., 2020). Such mod-
els are often “right for the wrong reasons” due to reliance
on spurious correlations (or “dataset biases”) (Torralba &
Efros, 2011; Goyal et al., 2017; McCoy et al., 2019; Guru-
rangan et al., 2018), heuristics that hold for most training
examples but are not inherent to the task of interest, such as
strong associations between the presence of green pastures
background with the label “cows” in image classification.
Naturally, models that use such features will fail when tested
on data where the correlation does not hold.

Recent work has investigated how models trained with ERM
learn spurious features that do not generalize, from the
points of view of causality (Arjovsky et al., 2019), under-
standing model overparameterization (Sagawa et al., 2020b)



Examining and Combating Spurious Features under Distribution Shift

and information theory (Lovering et al., 2021). However,
these works have not characterized the idea of spurious fea-
tures mathematically. In this paper, we characterize spurious
features from an information-theoretic perspective. We con-
sider prediction of target random variable Y € Y from input
variable X € X" and characterize spurious features learned
under changes to the input distribution p(X) (i.e. covariate
shift).

A central goal of machine learning is to learn true causal re-
lationships between X and Y in a manner robust to spurious
factors concerning the variables. We assume that there ex-
ists an “ideal” data distribution pigea (short for pigea (X, Y")
below) which contains data from all possible experimental
conditions concerning the confounders that cause spurious
correlations, both observable and hypothetical (Lewis, 2013;
Arjovsky et al., 2019; Bellot & van der Schaar, 2020). For
example, consider the problem of classifying images of
cows and camels (Beery et al., 2018). Under the ideal con-
ditions, we assume that pictures of cows and camels on
any background can be collected, including cows in deserts
and camels in green pastures. Therefore, under pigey the
background of the image X is no longer a spurious factor
of the label Y. However, such an “ideal” distribution pjgea
is not accessible in practice (Bahng et al., 2020; Koh et al.,
2020; McCoy et al., 2019), and our training distribution
Puain (Often, in practice, an associated empirical distribu-
tion) does not match pigeo. ERM-based learning algorithms
indiscriminately fit all correlations found in pyi,, including
spurious correlations based on confounders (Tenenbaum,
2018; Lopez-Paz, 2016).

To investigate the spurious features learned under the distri-
bution shift from pjgea tO Pyain, We first characterize those
features of X which most efficiently capture all possible in-
formation needed to predict Y. We define these robust
features using the notion of minimal sufficient statistic
(MSS) (Dynkin, 2000; Cvitkovic & Koliander, 2019) un-
der pigeai- We then examine whether the features learned
under pyin contain spurious features compared to the MSS
learned under pjg.;. Through our analysis, we find that even
only with covariate shift, the features learned on py,;, can
contain spurious features or miss robust features of Pigea.

Models that fit spurious correlations in p,i, can be vulnera-
ble to groups (subpopulations of pigear/prest) Where the corre-
lation does not hold. A common approach to avoid learning
a model that suffers high worst group errors is group dis-
tributionally robust optimization (group DRO), a training
procedure that efficiently minimizes the worst expected loss
over a set of groups in the training data (Oren et al., 2019;
Sagawa et al., 2020a). The partition of groups can be defined
in several ways, such as by presence of manually identified
potentially spurious features (Sagawa et al., 2020a), data do-
mains (Koh et al., 2020), or topics of text (Oren et al., 2019).

In a typical setup, the groups of interest in the test set align
with those used to partition the training data. Under such
setups, group DRO usually outperforms ERM with respect
to the worst-group accuracy. We contend that this is because
it promotes learning robust features that perform uniformly
well across all groups. However, in many tasks, we can
not collect clean group membership of training examples
due to expensive annotation cost or privacy concerns regard-
ing e.g. demographic identities of users or other sensitive
information.

Inspired by our analysis of spurious features, we demon-
strate that group DRO can fail under “imperfect” partitions
of training data that are not consistent with the test set, es-
pecially when reducing spurious correlation in one group
could exacerbate the spurious correlations in another (§4.2),
as shown in Fig. 1. This is because group DRO treats each
training group as a unit, preventing it from adjusting learning
weights differently for subgroups within each group. Recent
work has proposed to use sophisticated unsupervised cluster-
ing algorithm to search for meaningful subclasses (Sohoni
et al., 2020) and execute group DRO on the found subclasses.
To learn robust models under noisy protected groups, Wang
et al. (2020) designs robust approaches that is based on
an estimate of a noise model between the clean and noisy
groups. Instead of relying on good partitions of groups
or a not readily available noise model, we propose group-
conditional DRO (GC-DRO) that defines the uncertainty set
over the joint distribution of groups and their instances (i.e.
q(G)q(X,Y|G)). Every training example is reweighted by
both its group weight and the instance-level weight, which
offers a more flexible uncertainty set compared to group
DRO. Through extensive experiments on three tasks — fa-
cial attribute classification, natural language inference, and
toxicity detection, we show that GC-DRO significantly out-
performs both ERM and group DRO in various partitions of
training data and demonstrate the robustness of GC-DRO
against various group partitions.

2. Preliminaries on Robust Representations

To study spurious features, we need to formally define which
features or properties of the data describe spurious corre-
lations, and which features are robust features relevant to
the task at hand. In supervised learning we are interested
in finding a good representation 7'(X) of the input X'
that is useful to predict a target label Y. What charac-
terizes the optimal representations of X w.r.t. Y is much
debated, but a common assertion is that 7'(X) should be
a minimal sufficient statistic (MSS) of X for Y (Adragni
& Cook, 2009; Schwartz-Ziv & Tishby, 2017; Achille &
Soatto, 2018; Cvitkovic & Koliander, 2019), which is:

'We assume that T'(X) is a deterministic mapping of X given
neural network parameters.
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(i) T'(X) should be sufficient for Y ,ie. Ve € X, t € T,y €
Y, p(z|t,y) = p(x|t), which is equivalent to p(y|t,x) =
p(y|t). This means given the value of T'(X), the distribution
of X does not depend on the value of Y.

(ii) Given that T'(X) is sufficient, it should be minimal
w.r.t. X, i.e. for any sufficient statistic .S, there exists a deter-
ministic function f such that T' = f(.S) almost everywhere
w.r.t. X. This means for any measurable, non-invertible
function g, g(T') is no longer sufficient for Y.

In other words, the minimal sufficient statistics most effi-
ciently capture all information useful for predicting Y. The
notion of MSS has been connected to Shannon’s informa-
tion theory (Kullback & Leibler, 1951; Cover, 1999) and ex-
tended to any joint distribution P(X,Y") of X and Y in the
information bottleneck (IB) framework (Tishby et al., 2000;
Shamir et al., 2010; Kolchinsky et al., 2019), which provides
a principled way to characterize the extraction of relevant
information from X for predicting Y. Loosely speaking,
learning a MSS T is equivalent to maximizing I(T(X);Y)
(sufficiency) and minimizing I(X; 7(X)) (minimality).
Robust Features. Suppose A contains all possible com-
binations of spurious variables, both observable and hy-
pothetical, and we consider datasets D, ,) = {xl}f\r:“l“
collected under each condition of (a € A,y € )), where
each D, ,) contains examples that are i.i.d. according to
some probability distribution p(X |y, a). We define pigea as
the mixture distribution of p(X |y, a) with uniform weights
over (a,y) € A x Y. Thus, MSS learned on pjgey provide
a good candidate for robust features T'(X) (sometimes de-
noted T geqi (X)) for clarity), which most efficiently capture
the information from X necessary for predicting Y on a
distribution that is free of spurious factors.

Spurious Features. In contrast, we define representations
T’(X) that contain spurious features. Specifically, the en-
tropy of 7" (X) conditioned on 7T'(X') under p;geq is positive.

Higea(T'(X)|T(X)) >0 (1)

Because these learned features are not deterministic given
T'(X) then they contain additional information that is not
useful for predicting Y.> For example, in image classifica-
tion, knowing that the image contains a horse, we cannot
predict the background with certainty (a horse could be on a
race track or a beach). Another example in natural language
inference (NLI) task is that model learned on a biased data
set often associates negation with the label “contradiction”.
This is another spurious feature under our definition, be-
cause given the meaning of a sentence (robust features),
whether it contains negation or not is not deterministic,
e.g. “Don’t worry.” and “Be calm.” are synonymous but
only one contains negation. A classifier that uses these spuri-

“Note that it is not just the case of 7" (X) containing redundant
features, in which case H(T"(X)|T(X)) = 0.

ous features can suffer from the risk of learning the spurious
correlations between T'(X) and the labels Y.

3. Spurious Features under Covariate Shift

The training data is often marred by various abnormalities,
such as selection biases (Buolamwini & Gebru, 2018) and
confounding factors (Gururangan et al., 2018). We ask if
the MSS learned under py.in are robust features under Digeq;.
Note that we do not study how to learn MSS via ERM in this
paper, on the other hand, considering that MSS provides a
good candidate for robust representations, we want to study
if the MSS learned under py,;, contains spurious features
with respect to the MSS learned under pjgeq, Which are
universal robust features against various spurious factors.

We consider the distribution shift in p(X),? also known
as covariate shift (David et al., 2010), and we show that
the entropy of MSS learned under py,i, conditioned on the
robust features is zero in Theorem 1 with proofs in §A.

Theorem 1. Suppose that there is only covariate shift

in DPtrains ie. 3.’13‘ S Xtrain S.1. ptruin(x) 7& pideal(x) bldl‘
ptmin(YX = 37) = pideal(Y|X = 1‘), Vo € Xirqin. Let
Tirain(X) be the MSS representation learned under Dy,
then we have:

Hirain (Ttrain ($)|Tideal (:L‘)) =0. (2)

Theorem 1 tells us that Ti.qin(X) is deterministic
given Tjgeqi(X) under pumn (shown in blue to distin-
guish from Eq. 1). However, this does not imply
Higeal (Tt'r'a’in (X)|Tideal (X)) = 0 under pigea. Thus, we
cannot conclude that T},.4;,(X) contains no spurious fea-
tures. We further discuss the implications with two cases
based on the relationship between the support of input
Xirain and that of Xigeqr: (1) Xrain = Xigear and (2)
Xirain C Xidear- When the input support of pyain 1S equal
to that of pjgea1, We have the following corollary:

Corollary 1. Suppose Xirqin = Xideal in Theorem 1, then
Tirain(X) is also the MSS under pigea.

Corollary 1 corroborates the findings in Wen et al. (2014)
that the (unweighted) solution learned by ERM is also
the robust solution when only covariate shift exists and
Xirain = Xidear. In practice, however, this assumption does
not hold (because we only have datasets with limited sup-
port) and thus the representation T},q;y, (X ) learned by ERM
is not necessarily equivalent to T;geq; (X ). By Theorem 1,
Tirain(X) is deterministic given Tjgeqi(X) under piain,
which implies that the information contained in Tyqin (X)
is equal to or less than that contained in Tjgeq;(X). In the
former case, T3,qin(X) can be equivalent in representation
t0 T} 4eqr(X) but can also contain spurious features that co-
occur with the robust features in the training data. In the

31t is often assumed that p(Y|X) is invariant in supervised
learning problems (Arjovsky et al., 2019).
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latter case, T4y-qin (X ) can miss robust features in T} geq; (X).
We demonstrate these two cases with synthetic experiments
in Appendix D due to space limit.

Discussion. We have discussed the cases of learning spuri-
ous features when the model learns MSS under py,in. How-
ever, we normally adopt maximum likelihood estimation
(MLE) as an instantiation of ERM for classification prob-
lems. We provide the connection of MLE with learning
MSS via the information bottleneck method (Tishby et al.,
2000; Shamir et al., 2010) in the Appendix B, where under
certain assumptions, we can view MLE as an objective that
approximately learns MSS.

4. Does Group DRO Learn Robust Features?

The discussions in §3 suggest that under covariate shift,
directly learning from the empirical data distribution can
result in learning the spurious correlations satisfied by the
majority of the training data. When the spurious factors are
known, we can apply group distributionally robust optimiza-
tion (group DRO), which reweights the losses of different
groups associated with spurious factors to alleviate covariate
shift and learn robust features that generalize to both mi-
nority and majority groups. In this section, we first review
group DRO and discuss under which cases it can fail.

4.1. Group Distributionally Robust Optimization

Group DRO is an instance of distributionally robust op-
timization (Ben-Tal et al., 2013; Duchi et al., 2016) that
minimizes the worst expected loss over a set of potential
test distributions Q (the uncertainty set):

Lpro () = sup Bz yy~g [é(x,y; 0)] 3)
qeQ

This worst-case objective upper bounds the test risk for
all grest € Q, which is useful for learning under train-test
distribution shift. However, its success crucially depends
on choosing an adequate uncertainty set that encodes the
possible test distributions of interest. Choosing a general
family of distribution as the uncertainty set, such as a diver-
gence ball around the training distribution (Ben-Tal et al.,
2013; Hu & Hong, 2013; Gao & Kleywegt, 2016), encom-
passes a wide set of distribution shifts, but can also lead to a
conservative objective emphasizing implausible worst-case
distributions (Duchi et al., 2019; Oren et al., 2019).

To construct a viable uncertainty set, one can optimize
models over all meaningful subpopulations or groups g
depending on the available source information regarding the
data, such as domains, demographics, topics, etc. Group
DRO (Hu et al., 2018; Oren et al., 2019) leverages such
structural information and constructs the uncertainty set as
any mixture of these groups. Following Oren et al. (2019),
we adopt the conditional value at risk (CVaR) which is a
type of distributionally robust risk to achieve low losses on

all a-fraction subpopulations (Rockafellar et al., 2000) of
the training distribution (i.e. {p : ap(x) < Pyain(z), V2 }).
As we assume that each data point comes from some group
p(2,y|g) and pyain is @ mixture of m groups Puain(g), we
can extend the definition of CVaR to groups and construct
the uncertainty set Q as all group distributions that are a-
covered bY puain(g) (or topic CVaR (Oren et al., 2019)):

Q= {q 1q(g) < p“%"(g) Vg} C))

This upper bounds the group distribution within the uncer-
tainty set by its corresponding training distribution. The
group DRO objective then minimizes the expected loss un-
der the worst-case group distribution:

Lcpro = Sgg EgngE (e, y)~p(z,ylg) [(z,y;0)] (5)
q

Intuitively, this objective encourages uniform losses across
different groups, which allows us to learn a model that is
robust to group shifts. We adopt the efficient online greedy
algorithm developed in Oren et al. (2019) to update the
model parameters 6 and the worst-case distribution ¢ in an
interleaved manner. The greedy algorithm roughly amounts
to upweighting the sample losses by é which belong to the
a-fraction of groups that have the worst losses. We present
the detailed algorithm in Appendix C.

4.2. Group DRO Can Fail with Imperfect Partitions

As discussed earlier, we aim to learn a model that is robust to
spurious factors. For example, in toxicity detection, a robust
model should perform equally well on data from different
demographic groups. Group DRO mitigates covariate shift
by minimizing the worst-case loss under the uncertainty
set Q, consisting of mixtures of sub-group distributions.
Intuitively, given that optimizing pige, allows for learning
of robust, non-spurious features, defining a Q that covers
Pideal 18 highly advantageous from a learning perspective.

If we know all the spurious attributes of the training data A,
we can adopt the setup in Sagawa et al. (2020a) that divides
the data into |A| x || groups, where each example belongs
to one of the groups g = (a,y). We define such group-
ing strategy as “clean partitions” in which each group is
uniquely associated with one value of (a,y).* If A contains
all the spurious factors of interest, it can be seen that there
exists some mixture of groups 221:1 q(9)Puain(- | g) that
can recover Pigeal, Where ¢ € A, and A, is the (m — 1)-
dimensional probability simplex. Thus, pigea 1S contained
in Q. Such clean partitions provide a plausible environment
for group DRO to learn well in the presence of covariate
shift that causes spurious correlations in the training data.

In contrast, we define “imperfect partitions” where each
group contains samples from multiple values of (a, y) such

*Our discussions also apply to multiple spurious attributes for
which the clean partition corresponds to || x [T, |.As| groups.
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Gl G2
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Table 1. An example of imperfect partition.

that there does not exist a ¢ € A,, that recovers pjgear, in
other words, Q does not include pjge,. In this case, group
DRO can not eliminate covariate shift effectively.

To illustrate, consider a binary random variable S € {0, 1}
following a uniform distribution, and the target label Y &
{0, 1} also follows a uniform distribution and is independent
of S. Due to covariate shift, there are spurious correlations
between S = 0, Y = 0 and between S = 1, Y = 1in
the training data. We partition the training data into two
groups with an equal number of samples and the conditional
distribution of P(Y|S) is shown in Tab. 1. To prevent the
model from learning the spurious correlations between S =
1 and Y = 1, one can upweight losses of its “negative”
samples for which the spurious correlation does not hold,
i.e. samples of (S = 1,Y = 0) in Go; however, group
DRO upweights the group as a whole, which inevitably
also upweights the (S = 0,Y = 0) and causes the model
to latch on the spurious attribute S = 0 to predict Y = 0.
Therefore, there does not exist a mixture distribution of these
two groups, under which S L Y (pjgear)- Such underlying
conflicts prevent the group DRO from formulating a worst-
case distribution that can eliminate covariate shift, resulting
in a passive reliance on certain spurious correlations.

Imperfect partitions of training data are common in practice,
as it can be expensive or infeasible to acquire the labels of
spurious attributes for each training instance. For example,
we may only have rough partitions based on the data sources
or the outputs from (unsupervised) clustering algorithms.
Our analysis shows that under these practical settings, the
group DRO algorithm can not effectively alleviate covariate
shift due to the rigid treatment of group losses.

S. Proposed Method: Group-conditional DRO

Since group DRO can be problematic with imperfect parti-
tions, we propose a more flexible uncertainty set over the
joint distribution of (x,y, g), i.e. ¢(9)q(x,y|g), using fine-
grained weights over instances within each group instead
of treating the entire group as a whole. We extend the
a-covered distribution to both the group-level (¢(g)) and
conditional instance-level (g(x, y|g)) distributions to define
the uncertainty set Q. At training time, a sample is weighted
by both its group weight induced from ¢(g) as well as the
instance-level weight induced from ¢(z, y|g). Specifically,
the new uncertainty set is

Algorithm 1: Online greedy algorithm for GC-DRO.

Input: «; 8; m: #groups; n;: #samples of group i

Initialize historical average group losses L) historical
estimate of group probabilities 5*"(?), historical
average instance losses f/éo) and ¢ (z,y|g) = 17
forg e {1,---,m}

fort=1,--- ,Tdo

Sample a mini-batch (x,y, g) from Piy.qin

Perform online greedy updates for ¢(*) (Alg.2)

> Update model parameters 0

C_ nig®(gi)a' (z,ylgi) v plt=1)
d; = ) Vf(Xm}’z,@ )

pirain(d (g;

60 = 90D — i 52 dy

if reached inner update criterion then

> Update 4" (z, y|g)

forg=1,--- ,mdo

Sort instances in group ¢ in the decreasing
order of £(z, y; 6%); denote the sorted
index 79

cutoff =

N*TL,;

q(t)((%y)wg(jﬂg) = %,Vl < j < cutoff
D (2, y)re(jy|g) = %,Vj > cutoff

end
end

end

0" = {at@)ite.via) : alg) < =22,

1 Puain(Z, Y]9) ©
~ < < train 3

~ S a(z,ylg) < 3 ,Vm,y,g},
where N is the number of training examples and o, 5 €
(0,1]. Denote n; the number of samples in group i, then

p'" ™ (z,ylg = i) = L. The second constraint of Eq. 6

can be rewritten as < ¢(z,y|g) < 5. Compared

with the -covered distribution, we add a lower bound
q(z,ylg) > % to compensate for imbalanced group sizes.
With a plain S-covered distribution for ¢(z, y|g), the DRO
objective roughly upweights a S-fraction of instance losses
of each group. However, we only want to emphasize a
small subset of examples that perform badly in the major-
ity groups. Thus, we add this lower bound to ¢(z, y|g) in
Eq. 6 to directly “punish” larger groups. To see this, the
percentage of examples that are upweighted by % in group
1 is roughly If/V:n"ﬁ B, which is monotonically decreasing
function w.r.t. n;. Therefore, the larger the group size n; is,
the smaller fraction of instances in group ¢ are upweighted.

Online Optimization Algorithm. Similarly to the online
greedy algorithm for group DRO (Oren et al., 2019) (details
in Appendix C), we interleave the updates between model
parameters 6 and the worst-case distribution ¢(g)q(z, y|g).
The greedy algorithm involves sorting losses of all the vari-
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ables when updating the worst-case distribution defined
by the a-covered distribution. However, frequently updat-
ing q(z,y|g) over large-scale training data (e.g millions of
samples) can be costly and unstable. Therefore, we only
update ¢(g) at every iteration, while performing updates on
q(z,y|g) lazily once every epoch or when the robust accu-
racy on the validation set drops (inner update criterion). We
present the pseudo code for the training process in Alg. 1.

Discussions. Another potential approach to circumvent-
ing the purely group-level loss is constructing an instance-
level uncertainty set (Ben-Tal et al., 2013; Husain, 2020;
Michel et al., 2021), however, the resulting Q can be too
pessimistic (Hu et al., 2018; Duchi et al., 2019) or difficult
to optimize (Michel et al., 2021). Instead, we leverage the
structural information of data partitions and expand the flex-
ibility of uncertainty set by incorporating the conditional
probabilities of instances. Furthermore, this allows us to
execute the min-max optimization in an efficient manner.

6. Experiments

In this section, we evaluate the proposed group-conditional
DRO on one image classification task and two language
tasks — natural language inference and toxicity detection.
To demonstrate the effectiveness of our method under var-
ious partitions of data, we first introduce the clean (group
number m = |A| x |Y|) and imperfect data partitions of
each task. As we discussed at the end of §4.2, there are vari-
ous cases where the partitions of training data are imperfect
such that each group is not purely associated with examples
from one pair of (a,y). In this section, we inspect several
cases reflecting diverse properties of partitions to evaluate
our method. First, on the image and NLI tasks, we man-
ually design adversarial partitions of data such that there
are explicit conflicts between groups and purely reweighing
over groups cannot eliminate covariate shift (§6.1). Second,
we use the attributes provided by a supervised classifier
to create the imperfect partitions of the toxicity data set
(§6.1). Third, we also perform unsupervised clustering on
the toxicity data set to obtain imperfect partitions in §6.4.

6.1. Data and Tasks

Object Recognition. We use the CelebA dataset (Liu et al.,
2015) which has 162,770 training examples of celebrity
faces. We classify the hair color from ) = {blond, dark}
following the set up in Sagawa et al. (2020a). In this task,
labels are spuriously correlated with the demographic infor-
mation — gender of the input A = {female, male}, which
together with ) results in 4 clean groups. The statistics of
groups in the imperfect partition are presented in Tab. 2a
(separated by “/””), each of which consists of data from mul-
tiple values of (a,y). Concretely, we create an imperfect
partition of 2 groups with two explicit spurious correlations:

| male female
dark 65,487 /1,387 22,880/48,749
blonde 0/1,387 22,880/0

(a) The imperfect partitions for the CelebA dataset (G1/G2).

|  noneg neg 1 neg 2
contradiction | 57,605/0/0 0/1,406/0 0/0/9,897
entailment 67,335/0/0 0/0/215 0/1,318/0
neutral 66,401/0/0 0/0/251 0/1,747/0

(b) The imperfect partitions for the MNLI dataset (G1/G2/G3).

‘ White-aligned AAE Hispanic Others
abusive 11,281 7,392 6,707 1,770
spam 8,147 1,041 541 4,301
normal 41,756 2,562 2,638 6,895
hateful 2,696 1,420 509 340

(c) Statistics of each group in the clean partition of the hate speech
dataset. Data of each dialect attribute (column) corresponds one
group in the imperfect partition.

Table 2. Statistics of data in different groups partitioned by at-
tributes (row) and labels (column).

i) in group (1 (dark, male) are spuriously correlated since
we put all their counterparts (blonde, male) in group G'z; ii)
similarly, (dark, female) in G5 are spuriously correlated.

Natural Language Inference (NLI). NLI is the task of
determining whether a hypothesis is true (entailment), false
(contradiction) or undetermined (neutral) given a premise.
We use the MultiNLI dataset (Williams et al., 2018) and
follow the train/dev/test split in Sagawa et al. (2020a), which
results in 206,175 training examples. Gururangan et al.
(2018) have shown that there is spurious correlation between
the label of contradiction and the presence of negation words
(nobody, nothing, no, never) due to annotation artifacts.
We further split the negation words into two groups: set 1
(nobody, nothing) and set 2 (no, never) to have more variety
in the attributes, i.e. A = {no negation, negation 1, negation
2}, which together with labels forms 9 groups in the clean
partition. We create 3 groups in the imperfect partition as
shown in Tab. 2b, where G; only contains examples from
a =no negation, while G5 and G5 contain data from both
a =negation 1 and a =negation 2. This causes a dilemma
when upweighting either of the groups.

Toxicity Detection. This task aims to identity various forms
of toxic languages (e.g. abusive speech, hate speech), an
application with practical and important real-world con-
sequences. Sap et al. (2019) have shown that there is a
strong correlation between certain surface markers of En-
glish spoken by minority groups and the labels of toxicity.
And such biases can be acquired and propagated by mod-
els trained on these corpora. We perform experiments on
the FDCL18 (Fortuna & Nunes, 2018) dataset, a corpus of
100k tweets annotated with four labels: ) = {hateful, spam,
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Datasets | Methods |

Clean Partition

| Imperfect Partition

| | Robust Acc  Average Acc | Robust Acc  Average Acc

ERM 40.14 £ 099 9592 £0.05 | 40.14 £0.99 9592 £+ 0.05

resampling 86.81 £1.26 92.72£0.28 | 44.17 £ 1.15 9558 +0.03

Celeb-A | group DRO (EG) 86.11 £1.96 9233 £0.65 | 4292+ 091 95.82+0.07
group DRO (greedy) | 88.19 £2.31 92.65+0.20 | 4597 +1.73 95.81 &+ 0.09

| GC-DRO | 88.75 +0.82 9292+ 0.16 | 82.85+1.54 89.32 +£2.21

ERM 70.84 +2.47 86.18 £ 0.18 | 70.84 =247 86.18 £+ 0.18

resampling 67.02+243 85.724+0.37 | 67.26 £1.63 8522 £0.58

MNLI group DRO (EG) 7788 = 1.36 85.16 =044 | 69.66 = 1.98 84.96 £ 0.56
group DRO (greedy) | 75.14 £3.96 85.82 £0.24 | 70.34 £2.19 86.02 + 0.25

| GC-DRO | 7782+ 145 85.04 +£0.67 | 75.32 £ 093 84.82 £0.74

ERM 3430+ 1.83  79.70 = 1.05 | 3430+ 1.83 79.70 £ 1.05

resampling 55.44+4.69 72.04+199 | 26.10£4.11 80.66 £ 0.52

FDCL18 | group DRO (EG) 5598 £1.67 70.06 +£3.06 | 35.20 £2.24 79.58 £0.95
group DRO (greedy) | 56.83 £2.94 70.52 +£1.99 | 36.24 +3.80 79.40 &+ 1.12

| GC-DRO | 57.28 +£2.71 70.26 +£0.94 | 48.42 + 6.72 72.02 £ 2.96

Table 3. Robust and average test accuracy and standard deviation on the three tasks.
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Figure 2. Under the imperfect partition of the MNLI dataset, the aggregated average training weights of instance losses in each group

divided by attributes and labels (top: group DRO; bottom: GC-DRO).

abusive and normal}. Since the dataset does not contain the
dialect information, we follow Sap et al. (2019) and use an-
notations predicted by the dialect classifier in Blodgett et al.
(2016) to label each example as one of four English varieties:
A = {White-aligned, African American (AAE), Hispanic,
and Other}. As noted in Sap et al. (2019), these automat-
ically obtained labels correlate highly with self-reported
race and provide an accurate proxy for the dialect labels.
These dialect attributes and toxicity labels together divide
the dataset into 16 groups in the clean partition. To con-
struct the imperfect partitions, we investigate a natural set-
ting where data is divided by the dialect attributes, therefore
we have 4 groups in the imperfect partition. The test set
of FDCL18 contains some groups that are severely under-
represented. In order to make the robust accuracy reliable
yet still representative of the under-represented groups, we
follow Michel et al. (2021) and combine groups that contain
less than 100 samples into a single group to compute robust
test accuracies.

6.2. Experimental Setup

We fine-tune pretrained models for object recognition
and NLP tasks that achieve high average test accuracies,
specifically ResNetl18 (He et al., 2016) on CelebA and
RoBERTa (Liu et al., 2019) on the MultiNLI and FDCL18
datasets. We select hyperparameters by the robust validation
accuracy. For the clean partitions, we set « = 0.2, 3 = 0.5
for all the three tasks. For the imperfect partitions, we set
a relatively lower value of /5 to highlight badly performed
instances within groups. Specifically, for NLP tasks we set
a = 0.5, 8 = 0.2 and 0.25 for NLI and toxicity detection re-
spectively, and for the image task, we set o = 0.2, 3 = 0.1.
For more training details, see Appendix E. We measure
both the average accuracy over all the test data as well
as the robust accuracy (worst accuracy across all groups).
Even though different partitions (clean/imperfect) are used
at training time, we always evaluate the model’s robust ac-
curacy across groups of the clean partitions of the test data.

We compare with ERM, which minimizes the average train-
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ing loss on the empirical training distribution, formally
Lerm(0) = Ew gy Prrain (02, 43 0)] ™

We also compare with two variants of group DRO
with different objective and optimization procedures: a
greedy (Oren et al., 2019) algorithm for CVaR-group DRO
and a exponentiated-gradient (EG) (Sagawa et al., 2020a)
procedure with full simplex . Note that while previous
work (Sagawa et al., 2020a) has found the greedy algorithm
is unstable and underperforms EG, we did not observe this
issue with our implementation where we took a slight dif-
ferent approach to compute the worst expected loss and
we detail this difference in Appendix E.2. In addition, we
compare with the resampling method, which optimizes
on minibatches sampled from uniform group frequencies,
which is often used for imbalanced datasets.

6.3. Main Results

We present the robust and average test accuracies of all
three tasks under different partitions in Tab. 3. Models are
selected based on the worst-performing accuracy of group
(of the clean partition) in the validation set. All the re-
sults are averaged over 5 runs with different random seeds.
Except for ERM, all the models leverage the group infor-
mation at training time. First, as expected, ERM models
attain high average test accuracies across all the datasets
but perform poorly on the worst-case group. Second, we
observe that under the clean partition, group DRO models
always significantly outperform ERM on the worst-group
test accuracy with modest drop in the average test accuracy.
And we also note that group DRO optimized with the greedy
algorithm performs on par with that optimized by the EG
based algorithm. By contrast, the resampling method can
not consistently perform well on the worst test groups on all
datasets. Furthermore, our method performs similarly to or
slightly better than group DRO on all three datasets under
the clean partition. Third, under the imperfect partition,
neither group DRO nor resampling can perform well in the
worst test groups and achieves similar performance to that of
ERM models. On the other hand, our method performs sig-
nificantly better in terms of the robust accuracy on all three
datasets, with 5-37 points in improvement over group DRO
models. Although the results are worse compared to those
under the clean partition, we demonstrate that our method
is much more agnostic to the underlying data partitions.

6.4. Analysis

Why does GC-DRO perform well on robust accuracy?
In this section, we investigate why group-conditional DRO
works well under imperfect partitions. To do this, we first

(9:)q'"(x,ylg:)
ptrain(t) (9¢)
plied to each instance (z;, y;) at every step ¢ for group DRO

and our method respectively. The groups in imperfect parti-

o
compute the actual weight (™4 in Alg. 1) ap-

Robust Acc  Average Acc
ERM 3430£1.83 79.7+1.05
resampling 3420+236 794+ 1.24
group DRO (EG) 3284 +£2.72  80.5+0.59
group DRO (greedy) 34.48 £4.69 79.62 £ 0.59
GC-DRO (ours) 45.06 £6.77  70.7 £ 4.81

Table 4. Average and robust test accuracies of FDCL18 under the
partitions via unsupervised clustering.

tions contain instances from different values of (a,y) and
to study the effects of learning weights on the test groups,
we aggregate the weights of instances on each group (a, y)
(i.e. the clean partition) by taking average over all steps
in each epoch. In Fig. 2, we plot the dynamic aggregated
weights over the training course learned with the imperfect
partition (3 groups, see Tab. 2b) of the MNLI dataset. We ob-
serve that GC-DRO can assign higher weights to instances
that belong to groups of (@ =negation, y # contradiction),
which helps prevent the model from learning the spurious
correlations between a = negation and y =contradiction.
On the contrary, group DRO can not accomplish this goal
because it can not handle these subgroups inside groups in
a fine-grained way.

weights (group DRO) weights (GC-DRO)

Cc E [ &
Oo,,ed‘ %,,% ey %//%
Tor 3 e N

7 %
S, Ut 2.0
18
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no neg -| no neg -
eg 9 16
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14
neg1- 12
0.6 .
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neg 1-

0.4 0.6

£ 0.4
Figure 3. The heatmap of summarized learning weights for differ-

ent groups from group DRO and our method.

To make this trend more clear, we summarize the weights
across all the epochs for each group of (a, y) and present the
heat map in Fig. 3. We can see that group DRO focuses on
learning from the large group that does not contain negation
words but pays less attention to those minority groups. On
the contrary, our method encourages the model to learn from
minority groups that can help combat spurious features.

On groups produced by unsupervised clustering. We
study a more realistic setting where no group information is
available and we use an unsupervised clustering algorithm
to produce the partitions. Specifically, we first embed the
training sentences of the FDCL18 dataset with Sentence-
BERT (Reimers et al., 2019), a well-performing semantic
sentence embedder, then we use K-means to obtain 8 clus-
ters. In Tab. 4, we show the robust and average accuracy on
the test set of the toxicity detection task. Our method once
again significantly outperforms other baseline methods on
the robust test accuracy, which demonstrates the robustness
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of GC-DRO under different partitions.

80 79
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3

Figure 4. Ablation studies on « and 3 on the MNLI datasets.

Ablation studies on o and 5. We perform ablation studies
on the two important hyperparameters « and 3 used in our
method. In Fig 4, we fix one value and vary the other
and plot the robust test accuracies over 5 random runs (the
variance of average test accuracies is very small) on the NLI
task. We observe that GC-DRO is less sensitive to different
combinations of « and S under the imperfect partitions.
However, for the clean partitions, a larger 5 and a smaller
« tends to yield better performance, as GC-DRO behaves
more close to the plain group DRO.

7. Conclusion

Through a mathematical characterization of features used in
prediction, we have demonstrated that under covariate shift
ERM models can pick up spurious features or miss robust
features. The GC-DRO algorithm resulting from this analy-
sis allows for a more flexible uncertainty set that performs
consistently well in the worst test group under different par-
titions. This new understanding of features opens up new
avenues in both redesigning our distributionally robust algo-
rithms, and further characterizing possible spurious factors
that may influence model robustness, for example through
unsupervised learning.
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A. Proofs of Theorem 1
Lemma 1. If T is sufficient statistics, we have p(Y, X|T) = p(Y'|T) - p(X|T).
Lemma 2. If T is sufficient statistics, we have p(Y|T(X)) = p(Y|X).

Proof. Find T'(X), s.t. S(x) = (T(X),T'(X)) is an invertible mapping of X, thus p(Y|X) = p(Y|S(X)) =
p(Y|T(X), T'(X)). We have,

p(Y. T(X), T'(X)|T (X)) = p(Y|T"(X), T(X))p(T"(X)|T(X)) (®)

From Lemma 1, we have
p(YV,T(X),T'(X)|T (X)) = p(Y|T(X))p(T'(X)|T(X)) ©)
By (8) and (9), we obtain p(Y|7T"(X), T(X)) = p(Y|T(X)) = p(Y|X). O

Theorem 1. Suppose that there is only covariate shift in Pygin, i.€. 3T € Xipain -t Dirain(T) 7 Pidear(T) but Dyain (VX =
2) = Pigear(Y|X = 2), V& € Xirain. Let Tyain(X) be the MSS representation learned under pyg,, then we have:
Hirain (Ttrain ($)|Tideal (-T)) =0. 2)

Proof. Since there is covariate shift between pigeas and piain, We have puain(Y|X) = Digea(Y|X), V2 € Xirain-
Since Tirqin(X) is MSS 0of puain and by Lemma 2, we have puain(Y|Ttrain(X)) = Prain(Y1X) = Didea(Y]X) =
pideal(Y|T’ideal (X))7vx S Xtruin' Then Vx S Xtrai’ru Y S y,

ptrain(y|Tideal(I)) = Z Ptrain (y|x/)ptrain (I/|T(JC))

" Tideal (') =Tideal (T)

- > Pideal (Y]%") Pain (2| T ()

" Tideal (') =Tideal (T)

= Z pideal(y‘T(l’»plrain(x/|T(x))

z":Tigeal (Il):Tideal, (:E)

= Pideal (Y| Tideal () (10)

Then we have

Htrain (Y|Ttrain(X)> = Z Ptrain (l’, y) [7 log plrain(y|Ttrain(z))]
Y

= > Pusain(2, ) [~ 108 pigear (| Tideat ()]
Y

= Zptrain<x7 y) [_ IOg ptrain(y|Tideal (37))]

z,y
= Hirain(Y[Tideat(X)) 1D
From equation 11 and the definition of sufficient statistics, we have
Lirain(Yi Ttrain(X)) = Itrain (Y5 X) = Itrain (Y Tidear (X)) (12)
Thus, T;4eq:(X) is the sufficient statistics of X about Y under py.,. By definition, we have

Htrain (Ttrain (X) |Tideal (X)) =0. (13)

Corollary 1. Suppose Xirain = Xidear in Theorem 1, then Tyyqin(X) is also the MSS under pigeq.

Proof. Since Xirqin = Xigear = X, with the similar derivation of equation 10, we have Vo € X,y € Y

pideal(y|Tideal(x)) = pideal(y‘zrtrain (IL’)) (14)

Together with Theorem 1, we have T4, () is also the MSS under p;gear. O
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B. Connections between MLE and Learning Minimal Sufficient Statistics
B.1. Information Bottleneck (IB) Method

The information bottleneck (IB) method (Tishby et al., 2000) is an information theoretic principle introduced to extract
relevant information that an input X € X contains about an output random variable Y € ). Defined on a joint distribution
of X and Y, IB learns a mapping function 7'(X) by optimizing the trade-off between the mutual information I(X;7T') and
I(Y;T) such that T'(X) is a compressed representation of X (quantified by I(X;T')) that is most informative about ¥’
(quantified by I(Y'; T)). Let T' be parameterized by 6, the objective of IB optimizes the trade-off between I(Y; Tp(X)) and
10X Ty(X)):

mein—I(KTe(X))+ﬁI(X;Tg(X)) (15)
where (3 is a positive Lagrange multiplier.

Schwartz-Ziv & Tishby (2017) casts finding of minimal sufficient statistics (MSS) T'(X) as a constrained optimization
problem using data-processing inequality (Cover, 1999):

in I(T(X): X
min (T'(X); X)

st I(T(X);Y)=I(X;Y) (16)
This corresponds to the IB method (Eq. 15) which extends the notion of relevance between functions of samples and
parameters in conventional MSS to any joint distribution of X and Y. The IB method provides a computational framework

for finding approximate MSS in a soft manner by trading off the sufficiency for Y (I(Y; T(X))) and the minimality of the
statistic (I(X,T(X))) with the Lagrange multiplier 5 (Schwartz-Ziv & Tishby, 2017; Shamir et al., 2010).

B.2. Connections between MLE and IB

Given that the IB objective is approximately learning MSS in a soft manner, we next build the connections between the
popularly adopted maximum likelihood estimation (MLE) in supervised learning and the IB objective. We show that under
certain assumptions, MLE is approximating the IB objective defined on the joint distribution of py,i (X, Y).

To facilitate the discussions, we decompose the model parameters into € and ¢ that denote the parameters of the feature
extractor Ty(x) and the classifier respectively. MLE minimizes the expected negative log probability under py,in (X, Y):

Iglgl ]Ew7prlmm(X7Y) [7 log p9’¢ (I7 y)} (17)
<= Wiy g, (x,) [~ 108 Po(y]Th () — log po ()] (18)

Usually, we only model the conditional distribution pg (Y| X') and assume that pg(X) = pain(X) which is independent
from 6. With the assumption that py () o< p?(Ty(x))), B > 0, (18) can be rewritten as:

0 By s (x.) [~ 108 Po (U] T6 ()] + BB () [~ T0g P(Th (7)) (19)

Assume that the neural network parameterized by ¢ is a universal function approximator, then we can replace ming ¢ with
ming and (19) can be written as:

min H(Y |Tp(X)) + BH (Ty(X)) (20)
)

by (1) I(Y;Ty(X)) = H(Y) — H(Y[Ty(X))
(2) H(Tp(X)) = I(X;To(X)) + H(Tp(X)|X) = I(X; Tp(X))
— mein—I(Y;Te(X))+5[(X;T9(X)) 21

We can see that under the assumption of pg() o< p?(Tp(x))), the MLE objective can be converted into the same form as the
IB objective. In practice, we usually do not model py,in(X) and only optimize the first term I(Y'; Tp(X)) in (21). However,
previous work (Schwartz-Ziv & Tishby, 2017; Geiger, 2020) has shown that deep neural networks (DNNs) are implicitly
minimizing I(X;Tp(X)) with a wide range of activation functions and architectures, which are manifested as a second
compression phase during learning with SGD. Thus, we can presumably consider MLE as approximating the IB objective,
which is equivalent to learning the MSS on the train distribution pi,i,(X,Y).
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C. Details of the Online Greedy Algorithm for Group DRO

Algorithm 2: Online greedy algorithm for group DRO (Oren et al., 2019)

Input :a; m: total number of groups

Initialize historical average group losses L) historical estimate of group probabilities p"*"™(9); learning rate 7
fort=1,---,T do

Sample a mini-batch batch B = (x,y, g) uniformly from py,in

> Update the historical vectors of L) and p"*™ ") for each group g € {1,--- ,m}

£9(g)  EMA({£(xs,y:: 00 D) : g = g}, LED(g))

ptrain(t) « EMA (#samples of each group in B, ptrein(t=1))

> Update the worst-case distribution q*)

Sort p"en(*) in the order of decreasing L(*) and denote the sorted group indexes 7
»train(t)(gﬂ_i i—1 f,tmin(’ﬁ)(g_’r]_)

¢ : )
¢ (gr,) = min{*—— 21 = 37—
> Update model parameters 6

o) :e(tfl)_%sz\ 7 (i) Vi(xi,yi; 00 D)

i=1 ptrain() (g;)

end

EMA refers to exponential weighted moving average such that EMA (vy, v2) = yv1 + (1 — 7)va, where v € (0, 1).

D. Synthetic Experiments: on Investigation Spurious Features under Covariate Shift

{yzz%m:zJ
e
o +
S ——— ——>
8 | abcd | 5 3 | efidl | 6 2 | tesla | 9

Figure 5. An illustrative example of the synthetic task.

Synthetic Experiments We design synthetic experiments where data is generated based on the ground-truth rules and
different biases are injected. We show that even in the presence of necessary information to learn the rules, the ERM model
(specifically, we examine MLE) can still learn spurious features or miss robust features under covariate shift. The synthetic
task aims to predict an integer y € {0, - - - ,9} conditioned on a sequence x as shown in Fig. 5. Concretely, x is composed
of m chunks, where each chunk ¢; has |¢;| characters that are randomly sampled from an alphabet V. We prepend an integer
c} and append an integer ¢? to each chunk c;, and both ¢} and ¢? are uniformly sampled from [1, 10]. The target integer y is
predicted following the rules: each triple of (c}, ¢;, ¢?) produces an indicator value d;; d; = ¢ — ¢} if ¢Z > ¢}, otherwise
di =0;theny = (3}~ , d;) mod 10. Weset 3 < m < 6,3 < |¢;| < 5and |V| = 26,. We use a one-layer bidirectional
LSTM (Hochreiter & Schmidhuber, 1997) to model the input sequence and use the final hidden states of the LSTM to
predict the target value. We create training data following the the above description and design two settings that introduce
covariate shift to examine if the model can learn the rules with ERM.

(a) Setting 1 — ERM-trained models can miss robust features under covariate shift: We create the training data by
imposing ¢2, > ¢!, on the last chunk c,, of all the training samples. When we create the training data, the rules applied to
each chunk are the same as described above, which means that the model does not need to learn additional rules for the last
chunk. We are interested in examining whether the model trained with ERM will apply the rules learned from other chunks
to the last one or it will miss the robust features of the last chunk. At test time, we evaluate on two groups of test sets: D¢
where cfn < c}n, different from the training data, and D;,, where c?n > c}n, consistent with the training data. From Tab. 5,
we see that the test accuracy on D, is much lower that that on D;,,. This demonstrates that the model only learns robust
features from chunks ¢"~! but misses the robust features of the last chunk c,,,. We conjecture that the model trained with
ERM learns in a lazy way where it tries to minimize the entropy of learned features by memorizing patterns and taking
shortcuts as discussed further in Appendix B.2.

(b) Setting 2 — ERM-trained models can learn spurious features under covariate shift: In the second setting, we
inject spurious patterns into the training data that co-occur with the rules we aim to learn. As both robust rules and spurious
patterns co-exist in the training data, we would like to see whether the model picks up the spurious ones or the robust
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‘ Dzn Dout

Setting 1 | 99.93+0.02 14.68 £+ 2.60
Setting 2 | 100.00 £0.00 10.26 £ 0.25

Table 5. Test accuracy of the synthetic task.

ones. Specifically, each training input sequence has a chunk c; that includes a special segment of characters, e.g. a b. The
remainder of d; = c? — cjl and the sum of all indicators Y. ; d; mod by 10 are the same such that the target label y is
always the same as the indicator d;. Similarly, we test on two cases: i) D;,, where every sequence includes a special chunk
as in the training set; ii) D, where characters in each chunk are uniformly sampled. We can see from Tab. 5 that the model

learns to use the spurious patterns to predict the target label instead of the general rules.

E. Experimental Details
E.1. Models and Training Details

Model Specific Settings In our method, we adopt two criterions in GC-DRO to determine when to update g(x, y|g) for
each groups: (1) update when the robust validation accuracy drops (2) update at every epoch. With (2), ¢(x, y|g) is updated
more frequently. For MNLI and Celeb-A, we use the second criterion. For FDCL18, we use the first criterion, because
this is a relatively smaller dataset and updating ¢(z, y|g) less frequently makes training more stable. Every time ¢(z, y|g)
is updates, we clear the historical losses in EMA that is used for updating ¢(g). We use exponentially weighted moving
average (EMA) to compute the historical losses for both ¢(g) and ¢(z, y|g), for which we denote EMAg and and EMA g
respectively. As shown above, we use 7y to denote the coefficient for current value in EMA, thus 1 — -y is used to the historical
value. We found that the value of ~y is an important hyperparameter in some cases to achieve better performance, since the
final ¢ distribution is computed through sorting the losses accumulated via EMA. Basically, a higher v pays more attention
to the current value. We search over {0.1,0.5} for both v used in EMAg and EMAcg respectively. Through the robust
accuracy on the validation set, we set both s to be 0.5 for the NLP tasks except that for the imperfect partition of toxicity
detection we set v used in EMAg to be 0.1. For the image task, we set both «’s to be 0.1. For the 7y used in accumulating
the historical fractions of groups, we always use a small value 0.01.

Training Details For the NLP tasks, we finetune a base Roberta model (Liu et al., 2019; Ott et al., 2019) and we segment
the input text into the sub-word tokens using the tokenization described in (Liu et al., 2019). During training, we sample
minibatches that contain at most 4400 tokens. We train MNLI using Adam (Kingma & Ba, 2014) with an intitial learnig rate
of 1e — 5 for 35 epochs and FDCL18 for 45 epochs, and we linearly decay the learning rate at every step until the end of
training. For the image task, we fine-tune a ResNet-18 (He et al., 2016) for 50 epochs with batch size of 256. We use SGD
with learning rate of 1e — 4. At the end of every epoch, we evaluate the robust accuracy on the validation set. We train on
one Volta-16G GPU and it takes around 2 - 5 hours to finish one experiments for different datasets.

E.2. Implementation of the Group DRO Loss

We referred to the implementation of greedy group DRO in Sagawa et al. (2020a), where they use the exact formulation
in Eq. 5 to compute the expected loss, which leads to inferior performance compared to the exponentiated-gradient based
optimization as reported in Sagawa et al. (2020a). The implementation computed the final loss by first computing the
average loss over instances for each group (MC for the inner expectation), then compute the full expected value over the
averaged group loss, as shown below:

(03,20 =Y a@ie) =S ag)~ 3 fxyi0), (22)

g g Co {i,vei=g}
where (x,y,g) is a mini-batch and Cj is the number of samples that belong to group g in the mini-batch. We can
see that instances that belong to different groups are weighted correspondingly by the number of group size in a
mini-batch. This causes that instances in large group get unfairly lower weights, especially when its probability in
the ¢ distribution is low. We fix this by directly computing the expected loss over the joint distribution of ¢(z,y, g),

i.e. E(uys.00)~au.0) L(@ir Yir 955 0) = E(ws s 90)~pean (2.3,9) %5(%7 Yi, ;). Specifically, we do this by summing

over all the importance weighted instance losses using corresponding group weights and taking average. This allows us to
obtain unbiased gradient estimates of 6.
1 q(gi)
~ ) —  ~Uxiyi; 0 (23)
N i DPtrain (gz) ( )



