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Abstract

A number of deep learning approaches have recently been proposed to improve
model performance on subgroups under-represented in the training set. However,
Menon et al. [13]] recently showed that, models with poor subgroup performance
can still learn representations which contain useful information about these sub-
groups. In this work, we explore the representations learned by various approaches
to robust learning, finding that different approaches learn very similar represen-
tations. We probe a range of post-hoc procedures for making predictions from
learned representations, showing that the distribution of the post-hoc validation set
is paramount, and that clustering-based methods may be a promising approach.

1 Introduction

Machine learning systems trained with expected risk minimization (ERM) often struggle to perform
well on under-represented subgroups in the training data [2} \5]]. For this reason, a number of learning
algorithms have been proposed to improve performance across subgroups, many taking advantage of
subgroup information [3} 4} 8, [11]. However, it has also been noted that deep models trained with
ERM can sometimes learn representations that contain sufficient information to perform well on all
subgroups [13], even when the model’s predictions yield large subgroup disparities.

In this work, we explore this apparent disconnect between representation learning and prediction in
the context of group-robust classification. We consider a three-stage procedure, where a model is
trained, then some post-hoc adaptation occurs directly on the learned representations, then tested
for performance on various subgroups. We find that ERM-learned representations can be practically
identical to those learned by more specialized methods that take advantage of subgroup information.
Given this, we explore a range of procedures for post-hoc adaptation of a model by learning a new
classifier on the representations directly, using a validation set and no subgroup information. We
show that the distribution of the validation set is extremely important to obtaining good subgroup
performance, and that clustering methods in representation space may be better than linear classifiers.
Our results suggest that learning better representations for subgroup classification is a promising
direction, and that post-hoc adaptation can be helpful for improving robustness.

2 Background

Notation. We assume a classification dataset of (input, label) pairs {(z;, y;)}7—,, withz € X,y €
Y ={1...Y}. We may also have a categorical subgroup variable {g;}? ; (9 € {1...G}):¢; = g <
example ¢ is in subgroup g. Subgroup information is assumed available at training/validation time,
but not test time. Usually, ¢ will not be distributed uniformly throughout the training set — rather,
some subgroups will be smaller, i.e. some values of ¢ will be uncommon. Our goal is to learn a
classification function f : X — Y which performs well on all subgroups. The metric by which we
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will evaluate our success is worst-group accuracy, that is, ming E[1[f(z) = y]|g; = g]. In this work,
we assume f takes the form: f = argmaxf(z); f(z) = o(w'r(x) + b). Here, o is the softmax
function, w is a matrix containing a vector of weights for each class, b is a scalar bias, and r is
a function outputting a vector representation of . The model we use throughout, satisfying this
functional form, is a Resnet-50 [7]].

Train-Adapt-Test Procedure. Since we are interested in three aspects of model training (repre-
sentation learning, post-hoc adaptation, and subgroup performance on test data), we consider a
three-stage procedure. First, we initialize a model and train it on a training set with an unbalanced
subgroup distribution; here, we learn the prediction function f and, as a byproduct, the representation
function r. Next, we focus on 7 only, and perform post-hoc adaptation, using a validation set to
learn a simple classifier on top of r. Finally, we test our adapted model (the composition of our
post-hoc classifier and ) on held-out data, and record the performance on each subgroup.

Algorithms. We discuss several training algorithms, described fully in App. Expected risk
minimization (ERM) is the usual paradigm for training ML models, where we ignore subgroup
information and minimize mean loss on the training set. We also look at two robust approaches,
which aim to take advantage of subgroup information g. The first is Group Distributionally Robust
Optimization (GDRO) [19], which aims explicitly to minimize the worst group’s average loss. The
second is Invariant Risk Minimization (IRM) [[L], uses a gradient penalty with the goal of learning a
representation such that the same predictive classifier is optimal across subgroups.

Dataset. We use the semi-synthetic Waterbirds dataset [[19], which is created by pasting pictures
of birds from CUB [21] onto backgrounds from Places-365 [22]]. The task is to predict whether
the bird in the image is a land or water bird; it is confounded by the background, which can be
either land or water backgrounds. This yields four subgroups: land birds on land, water birds on
water, land birds on water, and water birds on land. In the training set, there is a strong correlation
between the bird and background factors: e.g. water birds are usually shown on water backgrounds.
The dataset also contains a validation set, which is much more subgroup-balanced than the training
set; the authors use the worst-subgroup accuracy on this validation set for early stopping. ERM
obtains about 60% worst-group accuracy on Waterbirds, and GDRO/IRM obtain 87-90%. While
subgroup classification may be harder on more realistic datasets, Waterbirds is a helpful tool to better
understand the properties of various approaches in a research context. Since Waterbirds is small, we
always initialize from a model pre-trained on Imagenet.

3 Feature Co-Discovery in Robust Learning

Deep learning approaches leveraging subgroup information g can improve worst-group performance
[8L 19, 1114 112, 20]. We ask here: how do the learned representations reflect these more specialized
approaches? Does using subgroup information at training time, or using more specialized algorithms,
produce richer or better-separated learned features?

Prior literature suggests that differently-performing methods may nonetheless learn similar repre-
sentations. For instance, Menon et al. [[13] note that ERM features can be used to obtain similar
subgroup performance to GDRO by learning a post-hoc linear model on a group-balanced validation
set. This suggests that the necessary information needed to improve subgroup performance is already
present in the ERM-learned representations, and that it is linearly extractible. In a meta-learning
context, Raghu et al. [16] compares the representations learned by a model at its meta-initialization
with the representations learned after performing task-specific adaptation. They find evidence of
feature re-use: that the representations before and after task-specific adapation are similar, and the
meta-initialized model and the task-adapted model differ mostly in their final classification heads.

In Fig. 2| we show the similarity of learned representations on Waterbirds across models trained
with several loss functions. “None” is an Imagenet pre-trained model (not trained on Waterbirds);
“ERM”, “GDRO”, and “IRM” use the methods from Sec. [2| initialized from the “None” model and
trained (holding the random seed constant) on Waterbirds. “ERM-2" is the same as “ERM” with
a different random seed. To compare the representations, we use SVCCA [[17]], which determines
the most-aligned dimensions between the representations produced by two layers of neurons (here,
the final layers of two different models) across some dataset (here, the Waterbirds validation set).
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(a) The y-axis shows the sum of the absolute values
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(b) The y-axis shows the absolute difference in the
transformed classifier between ERM and GDRO mod-
els. We see the features which are treated highly dif-
ferently between the two models are co-discovered.

Figure 1: Waterbirds feature co-discovery in ERM- and GDRO-learned representations. X-axis shows
SVCCA similarity score for each dimension; a feature is co-discovered if it has a score near 1.

SVCCA returns a similarity score between 0 and 1 for each pair of (aligned) dimensions describing
how “similar” they are between the two representations; these can be averaged to produce an overall
similarity score which is “a direct multidimensional analogue of Pearson correlation”, and describes
the overall similarity of the two representations. Like Pearson correlation, closer to 1 is more similar.

Fig. 2] shows that ERM, GDRO and IRM all
learn very similar representations on Waterbirds,
with SVCCA overall similarities of ~ 0.9. This

is comparable to the similarity between two dif- ERM [GDROJ TRM [ None [ERM-2
ferent seeds of ERM, suggesting that the impact ERM 21 0.891 0.97 MO 0.93

. ; GDRO| 0.89 1] 0.97] 0.72] 0.88
of these different algorithms on the represen- IRM] 0.91] 097 17 0.73| 0.9
tation is minimal here, despite methodological None| 0.71] 0.72] 0.73 1] 0.71
differences and the availability of subgroup in-  [ERM-2] 0.93] 0.88] 0.9[ 0.7T 1

formation g to GDRO and IRM. Also, these
methods are more similar to each other (~ 0.9)
than to their initialization (~ 0.7). This ex-
plains the result from Menon et al. [13]: we
can match GDRO performance using a post-
hoc linear model on ERM representations be-
cause GDRO representations and ERM repre-
sentations are roughly equal. Contrasted with
Raghu et al. [16], we show that two models, us-
ing different learning algorithms, learned similar features to each other, but fairly different features
from the initialized model; we call this feature co-discovery (rather than re-use [[16]).

We explore feature co-discovery between ERM and GDRO in Fig[T](with similar ERM/IRM results
in App. [B). We use SVCCA to transform the representations from ERM and GDRO into their most
similar directions, and obtain an equivalent linear classifier in transformed space for each method,
such that the transformed representations and the transformed classifier together output the same
logits as the non-transformed model. In Fig[Ta] we plot the SVCCA similarity scores for each
dimension on the x-axis. On the y-axis, we plot the sum of the absolute values of the transformed
classifier weights from ERM and GDRO. We observe that all dimensions which are important for
classification in either model are co-discovered (i.e. have high similarity score). In Fig[Tb] we instead
plot the absolute difference between the ERM and GDRO transformed classifiers on the y-axis. We
observe that all dimensions where these two methods differ for classification are also co-discovered.
Both of these plots suggest that the improvement in subgroup disparities on Waterbirds shown by
GDRO is due to, not improvements in learned features, but a classification layer which weights the
same features differently. See more experimental details for this section and the next in App. [A]

Figure 2: SVCCA overall similarities between
learned representations on Waterbirds. None is
an Imagenet pre-trained model; ERM/GDRO/IRM
are as in Sec. |Z[, with the same seed, using None
as an initialization; ERM-2 is like ERM but with a
different seed. 1 is perfect similarity.
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Figure 3: Waterbirds post-hoc classification results. On the left, we use the representations obtained
by a a model pre-trained on Imagenet; on the right, we use the representations learned by ERM. On
the x-axis, we show (number of minority examples) / (number of majority examples) in the post-hoc
validation set. The y-axis shows the worst-group accuracy from the 4 subgroups on the test set.
“Robust” shows the performance of GDRO/IRM, and “ERM” shows the performance of ERM; both
are fully trained, starting from a pretrained Imagenet initialization. Average over 3 seeds shown.

4 Experiments: Post-hoc Classification

In Sec. [3] we show representations learned by ERM are similar to those learned by more specialized
algorithms, including those using group information g. This supports the findings of Menon et al.
[13], who show that by doing post-hoc logistic regression with a subgroup-balanced dataset, one
can match the subgroup performance of GDRO. Here, we attempt to empirically disentangle two
aspects of this finding, to determine which factor of the post-hoc learning procedure is important for
subgroup performance. First is the post-hoc classification algorithm used: training a post-hoc linear
model might induce larger disparities than a more flexible model would. Second is the distribution of
the post-hoc validation set. As discussed previously, the given Waterbirds validation set is subgroup-
balanced (P(background | label) = 0.5) — this is very different from the training set, and may encode
a lot of information about the subgroups, even if only used post-hoc.

The three adaptation algorithms we look at are logistic regression, k-NN and vector quantization
(VQ). In each, we train the post-hoc model on the representations in the validation set, and test them
on representations from a second held-out set (the test set). For our VQ classifier: we fit a k-means
model to each of the two classes on the validation set, returning two sets of k centroids, and use these
2k centroids in a 1-NN classifier for a given test point. To probe the importance of the validation
distribution, we keep only p% of the minority examples in the validation set (minority examples have
e.g. water bird on land background), and vary p. At p = 1, we have the original validation set — for
each y, the number of land and water backgrounds are the same. At p = 0, we have removed all
minority examples from the validation set. At p ~ 0.05, we have a validation set which is distributed
similarly to the training set.

In Fig. 3] we show the effects of these two factors for the representations at the Imagenet pre-trained
initialization, and the representations after ERM training on Waterbirds. We note that the distribution
of the validation set is important, with a large difference in worst-group accuracy between the training
set’s proportion (p = 0.05) and the given validation set (p = 1). Indeed, post-hoc adaptation on the
given validation set, using only a pre-trained model (which never sees any Waterbirds training data)
matches the performance of specialized robust methods, which trains on the full Waterbirds training
set as well as subgroup information, and might be considered an upper bound for post-hoc approaches.
Secondly, the difference between the methods is smaller but noteworthy, and the difference between
adaptation and the original model (horizontal line labelled “ERM”) is large. Using the current
validation set, VQ achieves the best performance, and this advantage is robust to perturbations in p:
e.g. even at p = 0.05, VQ improves significantly over both the original model and linear adaptation.

Conclusion. We draw attention to the similarity of representations learned by robust approaches to
those learned by ERM — this suggests that robust approaches which improve representation learning
are potentially promising. On the other hand, the utility of post-hoc adaptation here stresses the
richness of ERM representations, and it may be better to find methods which harness that richness
through adaptation, rather than learning different ones.
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A Experimental Details

A.1 Model Training

We train (where not otherwise indicated) using SGD with learning rate of 1e-4, momentum of 0.9,
L2 weight regularization of le-4, and batch size 128. We used early stopping with patience 20
for all models, using an early stopping metric of worst-group accuracy on the validation set for all
models except those for the coloured lines in Fig. [3] which use reweighted validation loss as an early
stopping metric (i.e. validation loss where the subgroup losses are reweighted to match the training
distribution’s subgroup distribution). We used K = 5 for GDRO and A = 3 for IRM. We train all
models in Pytorch [14]] using their Imagenet-pretrained initialization [[18].

A.2 Algorithms

We define here a number of different sueprvised classification algorithms of interest. We let ¢ be
example-wise cross-entropy. Let the number of examples in a group g be n4, and let the following

shorthand describe the average loss for a group g: {4(f) = % S l(f (i), vi)1{g: = g}

Expected Risk Minimization Expected risk minimization (ERM) is the usual paradigm for
training ML models. In ERM, we minimize the mean loss ¢ on the training set: Lrry (f) =

LSS (), ma)-

Group DRO. Group Distributionally Robust Optimization (GDRO) [19] was proposed specifically
for subgroup-based learning, and takes advantage of the subgroup information g. This loss aims
to ensure that no group’s loss is that bad, and the group adjustment term (with hyperparameter
K) ensures greater focus on smaller groups, which may otherwise be ignored: Lopro(f) =

K
gel{nl%j.(c}{gg(f) + \/W}

IRM. Invariant risk minimization (IRM) [1]] is another method that uses subgroup information.
The intuition for this is somewhat involved [1]]; the overarching motivation is that each environment
should learn a representation such that the same predictive classifier is optimal across environments.
The second term below is a gradient penalty on the output of f, w is a constant multiplier on the

output of f, and X is a hyperparameter: £z (f) = S Lo(f) + M| Vaw=1€g(w - f)]l

g=1
A.3 Post-hoc Training

We used the implementations of k-NN and k-Means implemented in the faiss package [[10]. We
used the implementation of logistic regression implemented in the scikit-learn package [15]
with the “Ibfgs” solver. For each method, we searched over 5 hyperparameter values and chose the
best one (by worst-group error on the test set) for each value reported, as suggested by Gulrajani
and Lopez-Paz [6]. For VQ and k-NN, we loop over the values of £ = 1,2, 4, 8,16. For logistic
regression, we loop over the L2-regularization value C' = 0.1,0.2,0.5, 1.0, 2.0.
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Figure 4: Waterbirds feature co-discovery analysis on ERM- and IRM-learned representations. The
x-axis shows the SVCCA similarity score for each dimension in both plots; a feature is co-discovered
if it has a score near 1.

B Feature Co-Discovery in ERM and IRM

In Fig. [T} we show evidence of feature co-discovery between ERM and GDRO. Since GDRO and
IRM have very similar representations (as shown in Fig. [2)), we would expect a similar pattern to
hold in IRM’s representations. For completeness, we show the analogous results for ERM and IRM

in Fig.
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