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Abstract

Machine learning from explanations (MLX) is an approach to learning that uses
human-provided explanations of relevant or irrelevant features for each input to
ensure that model predictions are right for the right reasons. Existing MLX ap-
proaches rely on local model interpretation methods and require strong model
smoothing to align model and human explanations, leading to sub-optimal per-
formance. We recast MLX as a robustness problem, where human explanations
specify a lower dimensional manifold from which perturbations can be drawn, and
show both theoretically and empirically how this approach alleviates the need for
strong model smoothing. We consider various approaches to achieving robustness,
leading to improved performance over prior MLX methods. Finally, we show how
to combine robustness with an earlier MLX method, yielding state-of-the-art results
on both synthetic and real-world benchmarks]']

1 Introduction

Deep neural networks (DNNs) display impressive capabilities, making them strong candidates for
real-wold deployment. However, numerous challenges hinder their adoption in practice. Several
major deployment challenges have been linked to the fact that labelled data often under-specifies
the task (D’Amour et al., 2020). For example, systems trained on chest x-rays were shown to
generalise poorly because they exploited dataset-specific incidental correlations such as hospital tags
for diagnosing pneumonia (Zech et al.l 2018} |DeGrave et al.,|[2021). This phenomenon of learning
unintended feature-label relationships is referred to as shortcut learning (Geirhos et al.,[2020) and is
a critical challenge to solve for trustworthy deployment of machine learning algorithms. A common
remedy to avoid shortcut learning is to train on diverse data (Shah et al.}|2022) from multiple domains,
demographics, etc, thus minimizing the underspecification problem, but this may be impractical for
many applications such as in healthcare.

Enriching supervision through human-provided explanations of relevant and irrelevant re-
gions/features per example is an appealing direction toward reducing under-specification. For
instance, a (human-provided) explanation for chest x-ray classification may highlight scanning arti-
facts such as hospital tag as irrelevant features. Learning from such human-provided explanations
(MLX) has been shown to avoid known shortcuts (Schramowski et al., [2020)). |Ross et al.| (2017)
pioneered an MLX approach based on regularizing DNNs, which was followed by several others
(Schramowski et al.| 2020; Rieger et al.| [2020; Stammer et al.,|2021}; |Shao et al., [2021)). Broadly,
existing approaches employ a model interpretation method to obtain per-example feature saliency, and
regularize such that model and human-provided explanations align. Since saliency is unbounded for
relevant features, many approaches simply regularize the salience of irrelevant features. In the same
spirit, we focus on handling a specification of irrelevant features, which we refer to as an explanation
hereafter. We collectively refer to existing MLX methods as regularization-based.

!Code and data at this anonymous repository: https://github.com/vps-anonconfs/robust_mlx
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Regularization-based approaches suffer from a critical concern stemming from their dependence on a
local interpretation method. MLX methods based solely on local, i.e. example-specific, explanations
do not have the desired affect of reducing shortcuts globally, i.e. over the entire input domain (see
Figure[I). As we demonstrate both analytically and empirically, regularization-based MLX methods
require strong model smoothing in order to be globally effective at reducing shortcut learning.

In this work, we explore learning from explanations using various robust training methods with the
objective of training models that are robust to perturbations of irrelevant features. We start by framing
the provided human explanations as specifications of a local, lower-dimensional manifold from which
perturbations are drawn. We then notice that a model whose prediction is invariant to perturbations
drawn from the manifold ought also to be robust to irrelevant features. Our perspective yields
considerable advantages. Posing MLX as a robustness task enables us to leverage the considerable
body of prior work in robustness. Further, we show in Section[4.T] that robust training can provably
upper bound the deviation on model value when irrelevant features are perturbed without needing
to impose model smoothing. However, when the space of irrelevant features is high-dimensional,
robust-training may not fully suppress irrelevant features as explained in Section[G] Accordingly, we
explore combining both robustness-based and regularization-based methods, which achieves the best
results. We highlight the following contributions:

* We theoretically and empirically demonstrate that existing MLX methods require strong model
smoothing owing to their dependence on local model interpretation tools.

* We study learning from explanations using robust training methods. To the best of our knowledge,
we are the first to analytically and empirically evaluate robust training methods for MLX.

» We distill our insights into our final proposal of combining robustness and regularization-based
methods, which consistently out-performs the best regularization method and reduces the error rate
by 20-90%.

2 Problem Definition and Background

We assume access to a training dataset with N training examples, Dy = {(x(,y®)}N ,  with
x() € R% and y¥ label. In the MLX setting, a human expert also specifies input mask m(")
for an example x(™ where non-zero values of the mask identify irrelevant features of the input
x(™)_ An input mask is usually designed to negate a known shortcut feature that a classifier is
exploiting. Figure 2] shows some examples of masks for the datasets that we used for evaluation. For
example, a mask in the ISIC dataset highlights a patch that was found to confound with non-cancerous
images. With the added human specification, the augmented dataset contains triplets of example,
label and mask, Dy = {(x(?),y®, m®)} ¥ . The task therefore is to learn a model f(x;6) that fits
observations well while not exploiting any features that are identified by the mask m.

The method of [Ross et al.|(2017) which we call Grad-Reg (short for Gradient-Regularization), and
also other similar approaches (Shao et al.l 2021} |Schramowski et al.,[2020) employ an explanation
algorithm (E) to assign importance scores to input features: 1,5(x), which is then regularized with an
R() term such that irrelevant features are not regarded as important. Their training loss takes the
form shown in Equation [T| for an appropriately defined task-specific loss £.

IS(x) £ E(x, f(x;0)).

N
R(O) £ Y I15x"™) © m™)2,

n=1

1
0" = arg min {Ze (£6x:0),5) +AR(0) + 2/3”02} : M

We use © to denote element-wise product throughout. CDEP (Rieger et al.l 2020) is slightly different.
They instead use an explanation method that also takes the mask as an argument to estimate the
contribution of features identified by the mask, which they minimize similarly.
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3 Method

Our methodology is based on the observation that an ideal model must be robust to perturbations
to the irrelevant features. Following this observation, we reinterpret the human-provided mask as a
specification of a lower-dimensional manifold from which perturbations are drawn and optimize the
following objective.

—argmmZ{ ( (x™);9), "“) +a  max é(f(x(")+(e®m(">);9),y("))} )

€lellc <r
The above formulation uses a weighting « to trade off between the standard task loss and perturbation
loss and x > 0 is a hyperparameter that controls the strength of robustness. We can leverage the

many advances in robustness in order to approximately solve the inner maximization. We present
them below.

Avg-Ex: We can approximate the inner-max with the empirical average of loss averaged over
K samples drawn from the neighbourhood of training inputs. |Singla et al.| (2022)) adopted this
straightforward baseline for supervising using human-provided saliency maps on the Imagenet
dataset. Similar to x, we use ¢ to control the noise in perturbations as shown below.

K
0* — arg mgin; ¢ (f(x(”); 9),y(”)) + % Z Y] (f(x(") + (ej ® m(n)); 0)7y(n))

€;~N(0,021)

PGD-Ex: Optimizing for an estimate of worst perturbation through projected gradient descent
(PGD) (Madry et al.l 2017) is a popular approach from adversarial robustness. We refer to the
approach of using PGD to approximate the second term of our loss as PGD-Ex and denote by
e*(x(™ 9, m(™) the perturbation found by PGD at x("). Given the non-convexity of this problem,
however, no guarantees can be made about the quality of the approximate solution x*.

= arg mmz { ( x(™). :0), (”)) +al (f(x(n) + (e*(x(”), 97m(n))); 9)7y(”))}

IBP-Ex: Certified robustness approaches, on the other hand, minimize a certifiable upper-bound of
the second term. A class of certifiable approaches known as interval bound propagation methods
(IBP) (Mirman et al.|, [2018; |Gowal et al.,|2018) propagate input intervals to function value intervals
that are guaranteed to contain true function values for any input in the input interval.

We define an input interval for x(™) as [x(") — km(™) x(™ 4 xm(™)] where & is defined in Eqn.
We then use bound propagation techniques to obtain function value intervals for the corresponding
input interval: 10, u(™ which are ranges over class logits. Since we wish to train a model that
correctly classifies an example irrespective of the value of the irrelevant features, we wish to maximize
the minimum probability assigned to the correct class, which is obtained by combining minimum

logit for the correct class with maximum logit for incorrect class: f(x(”)7 y(”), 1) (), 0) &
1M oy +u™ @ (1 —y™) where y(™) € {0, 1}¢ denotes the one-hot transformation of the label
y(”) into a c-length vector for c classes. We refer to this version of the loss as IBP-Ex, summarized
below.

1" u™ = IBP(f(e;0),[x™ — k x m™ x(™ 4 x x m™])
F(x™ gy 100y, 9) 210 @y 4™ o1 — ™)

= arg ming Z 14 ( f(x™;0 (")) + ol (f(x("), y™ 1 u;6), y(”)> 3)

Combined robustness and regularization: PGD-Ex+Grad-Reg, IBP-Ex+Grad-Reg. We combine
robustness and regularization by simply combining their respective loss terms. We show the objective
for IBP-Ex+Grad-Reg below, PGD-Ex+Grad-Reg follows similarly.

= arg mmZE ( (n). ;0), (”)> + ol (f(x(”), y™ 1 u; 9),y(")> + AR(6). 4

AR(0) and « f are as defined in Eqn. E and Eqn. [3|respectively. In Section we demonstrate
the complementary strengths of robustness and regularization-based methods.



115

116
117
118
119
120
121
122
123
124

125

126

127

128

129

130
131

132
133
134
135

136

137
138
139
140
141
142
143
144
145
146

147
148
149

4 Theoretical Motivation

B T

(a) Toy data (b) Grad-Reg with 5=0 (c) Grad-Reg with =1 (d) IBP-Ex with =0

Figure 1: Illustration of the uneasy relationship between Grad-Reg and smoothing strength. (b)
The decision boundary is nearly vertical (zero gradient wrt to nuisance y-axis value) for all training
points and yet varies as a function of y value when Grad-Reg fitted using 5 = 0. (c) Grad-Reg
requires strong model smoothing (8 = 1) in order to translate local insensitivity to global robustness
to x-coordinate. (d) IBP-Ex fits vertical pair of lines without any model smoothing.

In this section, we motivate the merits and drawbacks of robustness-based over regularization-based
methods. Through non-parametric analysis in Theorems|[I][2] we argue that (a) regularization methods
are robust to perturbations of irrelevant features (identified by the mask) only when the underlying
model is sufficiently smoothed, thereby potentially compromising performance, (b) robust training
upper-bounds deviation in function values when irrelevant features are perturbed, which can be
further suppressed by using a more effective robust training. Although our analysis is restricted to
nonparametric models for the ease of analysis, we empirically verify our claims with parametric
neural network optimized using a gradient-based optimizer. We then highlight a limitation of
robustness-based methods when the number of irrelevant features is large through Proposition 2]

4.1 Merits of Robustness-based methods

Consider a two-dimensional regression task, i.e. x(™ € X’ and y € R. Assume that the second feature

)

is the shortcut that the model should not use for prediction, and denote by x§-7 the j*" dimension

of n*" point. We infer a regression function f from a Gaussian process prior f ~ GP(f;0, K)
1 (zi—3;)°
iz 07
two hyperparameters 60, 62, which are length scale parameters for the first and second dimensions
respectively. Further, we impose a Gamma prior over the hyperparameters: G(6; o, B ).

with a squared exponential kernel where k(x,Z) = exp(— . ). As a result, we have

Theorem 1 (Grad-Reg). We infer a regression function f from a GP prior as described above with the
additional supervision of [0f(x)/0x3]|xw =0, Vi € [1, N|. Then the function value deviations
to perturbations on irrelevant feature are lower bounded by a value proportional to the perturbation
strength § as shown below.

ot [0,87) — f(x) = 222

7@(@:3 + dxiz3) )

Full proof of Theorem|T]is in Appendix [A] we provide the proof outline below.

We observe from Theorem [l that if we wish to infer a function that is robust to irrelevant feature
perturbations, we need to set % to a very small value. Since the expectation of gamma distributed

inverse-square length parameter is E[@’Q] = % which we wish to set very small, we are, in effect,

sampling functions with very large length scale parameter i.e. strongly smooth functions. This result
brings us to the intuitive takeaway that regularization using Grad-Reg, or any local-interpretation
methods that is closed under linear operation, applies globally only when the underlying family of
functions is sufficiently smooth. One could also argue that we can simply use different priors for
different dimensions, which would resolve the over-smoothing issue. However, we do not have access
to parameters specific to each dimension in practice and especially with DNNS, therefore only overall
smoothness may be imposed such as with parameter norm regularization in Eqn. [T}

We now look at properties of a function fitted using robustness methods and argue that they bound
deviations in function values better. In order to express the bounds, we introduce a numerical quantity
called coverage (C) to measure the effectiveness of a robust training method. We first define a notion



150
151
152
153
154

155

157

159
160

161

162

164
165
166
167
168
169
170

171

172
173
174
175
176
177
178
179
180
181
182
183
184
185

186
187
188

189

190
191
192
193
194

195
196
197
198

of inputs covered by a robust training method as X = {x | x € X, {(f(x;0),y) < ¢} C X for
a small positive threshold ¢ on loss. We define coverage as the maximum distance along second
coordinate between any point in X’ and its closest point in X', i.e. C £ maXyxex Min, 3 |x2 — Xa|.
We observe that C is small if the robust training is effective. In the extreme case when training

minimizes the loss for all points in the input domain, i.e. X=X , then C=0.
Theorem 2. When we use a robustness algorithm to regularize the network, the fitted function has
the following property.

[f(x+10,8)7) — fF(x)| < 20%5mamfmaz. 6)

Omaz and faq are maximum values of Axs and f(x) in the input domain (X)) respectively.

Full proof is in Appendix [B] The statement shows that deviations in function values are upper bounded
by a factor proportional to C', which can be dampened by employing an effective robust training
method. We can therefore control the deviations in function values without needing to regress % (i.e.

without over-smoothing).

Empirical verification with a toy dataset. For empirical verification of our results, we fit a 3-layer
feed-forward network on a two-dimensional data shown in Fi gureﬂ] (a), where color indicates the
label. We consider fitting a model that is robust to changes in the second feature shown on y-axis.
In Figures (1| (b), (c), we show the Grad-Reg fitted classifier using gradient (0 f/0x4 for our case)
regularization for two different strengths of parameter smoothing (0 and 1 respectively). With weak
smoothing, we observe that the fitted classifier is locally vertical (zero gradient along y-axis), but
curved overall (Figure|[T] (b)), which is fixed with strong smoothing (Figure[I](c)). On the other hand,
IBP-Ex fitted classifier is nearly vertical without any parameter regularization as shown in (d). This
example illustrates the need for strong model smoothing when using a regularization-based method.

5 Experiments

Class 0 Class 1 Mask
L L

We evaluate different methods on three datasets: one syn- ' L .

thetic and two real-world. The synthetic dataset is similar

to decoy-MNIST of Ross et al.[(2017) with induced short- sic | ‘ ( . ‘ l " (
cuts and is presented in Section [F.I] For evaluation on I N
practical tasks, we evaluated on a plant phenotyping (Shao

et al., |2021)) task in Section E] and skin cancer detec- Plant . . . .
tion (Rieger et al.,[2020) task presented in Section[5.3] All ~ Prerovrie

the datasets contain a known spurious feature, and were
used in the past for evaluation of MLX methods. Figure@] decoy E -
summarises the three datasets, notice that we additionally MNIST

require in the training dataset the specification of a mask ‘ . )
identifying irrelevant features of the input; the patch for Muld class

ISIC dataset, background for plant dataset, and decoy half
for Decoy-MNIST images.

Figure 2: Sample images and masks for
different datasets.

More details about experimental setup including metrics,

network architecture, datasets, data splits, computing specs, and hyperparameters can be found in

Appendix [E]
5.1 Decoy-MNIST

Decoy-MNIST dataset is similar to MNIST-CIFAR dataset of |Shah et al.|(2020) where a very simple
label-revealing color based feature (decoy) is juxtaposed with a more complex feature (MNIST
image) as shown in Figure[I] We also randomly swap the position of decoy and MNIST parts, which
makes ignoring the decoy part more challenging. We then validate and test on images where decoy
part is set to correspond with random other label.

We make the following observations from Decoy-MNIST results presented in Table [T} ERM is only
slightly better than a random classifier confirming the simplicity bias observed in the past (Shah et al.;
2020). Grad-Reg, PGD-Ex and IBP-Ex perform comprably and better than ERM, but when combined
(IBP-Ex+Grad-Reg,PGD-Ex+Grad-Reg) they far exceed their individual performances.
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Dataset— Decoy-MNIST Plant ISIC
Method| Avg Acc Wg Acc Avg Acc Wg Acc Avg Acc Wg Acc
ERM 151£13 | 105+£54 71325 ] 548+£13 | 77.3£24 | 559423
G-DRO | 64.1+0.1 | 28.1 £0.1 742 +58 | 58.0+4.6 || 66.6 =54 | 58.5£10.7
Grad-Reg | 725+ 1.7 | 462+ 1.1 724+13 | 682+14 | 764+24 ] 602+74
CDEP 145+1.8 | 10.0x£0.7 || 679£103 | 5424+247 || 734£1.0 | 609=+3.0
Avg-Ex | 295£03 | 195£14 763+03 ] 645£03 | 77.1£2.1| 552466
PGD-Ex | 67.6+1.6 | 514 +0.3 79.8+03 | 785+03 | 787 0.5 | 64.4+43
IBP-Ex | 68.1 £2.2 | 47.6£2.0 766 £35 | 73.8+£1.7 || 751 £12 | 642+£1.2
P+G 96.9 + 0.3 | 95.8 + 0.4 794+05] 76.7£28 | 796 05| 67.5+1.1
I+G 96.9 £ 0.2 | 95.0 £ 0.6 81.7+0.2 | 80.1+03 | 78405 | 652+18

Table 1: Macro-averaged (Avg) accuracy and worst group (Wg) accuracy on (a) decoy-MNIST, (b)
plant dataset, (c) ISIC dataset. Results are averaged over three runs and their standard deviation is
shown after £. I+G is short for IBP-Ex+Grad-Reg and P+G for PGD-Ex+Grad-Reg. See text for
more details.

5.2 Plant Phenotyping

Plant phenotyping is a real-world task of classifying images of a plant leaf as healthy or unhealthy.
Schramowski et al.| (2020) discovered that standard models exploited unrelated features from the
nutritional solution in the background in which the leaf is placed, thereby performing poorly when
evaluated outside of the laboratory setting. Thus, we aim to regulate the model not to focus on the
background of the leaf using binary specification masks indicating where the background is located.

More detailed analysis of the dataset can be found in|Schramowski et al.[ (2020).

Table [I] contrasts different algorithms on the plant dataset. We
visualize the interpretations of models obtained using Smooth-
Grad (Smilkov et al., 2017)) trained with five different methods for
three sample images from the train split in Figure[3] IBP-Ex draws
features from a wider region and has more diverse pattern of active
pixels, leading to higher Wg and Avg.

5.3 ISIC: Skin Cancer Detection

ISIC is a dataset of skin lesion images, which are to be classified
cancerous or non-cancerous. Since half the non-cancerous images in
the dataset contains a colorful patch as shown in Figure 2] standard
DNN models depend on the presence of a patch for classification
while compromising the accuracy on non-cancerous images without
a patch (Codella et al.,|2019; Tschandl et al., |[2018]).

We observe that Avg-Ex performed no better than ERM whereas
PGD-Ex, IBP-Ex, IBP-Ex+Grad-Reg, and PGD-Ex+Grad-Reg sig-
nificantly improved Wg accuracy over other baselines. The reduced
accuracy gap between NPNC and C when using combined methods
is indicative of reduced dependence on patch. Detailed results with
error bars are shown in Table @ of Appendix [F}

6 Conclusions

By casting MLX as a robustness problem and using human expla-
nations to specify the manifold of perturbations, we have shown that
it is possible to alleviate the need for strong parameter smoothing
of earlier approaches. Borrowing from the well-studied topic of ro-
bustness, we evaluated two strong approaches, one from adversarial
robustness (PGD-Ex) and one from certified robustness (IBP-Ex).

X IBP-Ex  IBP-EX-+RRR

Figure 3: Visual heatmap of
salient features for different al-
gorithms on Plant data using
SmoothGrad (Smilkov et al.,
2017).

Method NPNC PNC C
ERM 559 965 79.6
Grad-Reg 67.1 99.0 632
CDEP 72.1 989 622
Avg-Ex 623 978 71.0
PGD-Ex 654 99.0 71.7
IBP-Ex 684 985 67.7
I+G 66.6 99.6 689
P+G 69.6 988 704

Table 2: Per-group accuracies
on ISIC. Non-cancerous im-
ages without patch (NCNP)
and with patch (NCP), and
cancerous images (C).

Limitations. Detecting and specifying irrelevant regions per-example by humans is a laborious and
non-trivial task. Hence, it is interesting to see the effects of learning from incomplete explanations ,
which we leave for future work.
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Supporting material for "Use Perturbations when
Learning from Explanations”

A Proof of Theorem 1

We restate the result of Theorem 1 for clarity.

The posterior mean of the function estimates marginalised over hyperparameters with Gamma prior
has the following closed form.

f(z) £ Eglmy] ://mxg(ﬂl_z;a,B)Q(GQQ;a,B)d0f2d952

[e3% [e3

(n)

N
1 1 ~(n (x2 — Zg ) n
fx)=>" - - 7™ 4+ 57() (n+N)
n=1 \ 1+ d(z1,2,7) 1+ % 1+ %
@ a+1
20« 1 1
Fx+10,8T]) — f(x) > = 3 Ficen =

(n) (n)

o — _

o gy [ 0 )
B+ d(za,z5")

Proof. We first derive the augmented set of observations (y) and K explained in the main section.

J=[y1,y2, -, yn, 0f (x1) /022, 0 f (xP) /0s, ..., 0 f (xN)) JOxo] "

(2l —2)? o
exp(—3 Zk 1 07?) when i, j <N
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(@ ) (@ g2
,QT exp(ffzk 1 T)
(3)y2
+9—1§exp( iy 1972)) wheni,j>N

These results follow directly from the results on covariance between observations of f and its partial
derivative below (Hennig et al., 2022).

cov(7(a), T2 )> - ko)
T 2k(x, %
ot 1, S

The posterior value of the function at an arbitrary point x would then be of the form p(f(x) |
D) ~ N(f(x); my, k) where m,, and k, are have the following closed form for Gaussian prior and
Gaussian likelihood in our case.

= k(z, X)Kxx9
k;w = k(z,z) — k(z, X)K x5 k(X, x)

Since m,, k., are functions of the parameters 01, 65, we obtain the closed form for posterior mean by
imposing a Gamma prior over the two parameters. For brevity, we denote by d(z, %) = (z — ¥)?/2

and §* is the () component of IA(;(&Q
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307 Overall, we have the following result.
N “ “ (n)
1 1 Gl —wyY)
fa)=2, da1,2y) a0 . dzaag) N
= \1+ & 1 dezrt) 14 Az
308 We now derive the sensitivity to perturbations on the second dimension for Ax = [0,4]7T.
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ste  We restate the result of Theorem 2 for clarity.
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When we use an adversarial robustness algorithm to regularize the network, the fitted function has
the following property.

[f(x+[0,0]T) - f(x)| < %amaxfmazc

where C' = max min |xs — Xa|
xXEX geX

Omaz and fiq, are maximum value of Axs and f(x) in the input domain (X') respectively. X
denotes the subset of inputs covered by the robustness method. C therefore captures the maximum
gap in coverage of the robustness method.

Proof. We begin by estimating the Lipschitz constant of a GP with squared exponential kernel.

f(x) = KoxKxyy
0f(x) _ 0KoxKyyy _ -

Oz Oz - ﬂcXK)_é(y
where [K,x], = % exp(— (1 — xgn))z;z(m - xén))Q))
= _W[sz]n

= 85? oy W[Kﬂmmy

n=1
We denote with d,,,4, the maximum deviation of any input from the training points, i.e. we define

Omaz 8S MaXxex minne[ N |z — x(Q") |. Also, we denote by f,,q. the maximum function value in

the input domain, i.e. fqz £ maxxey f(x). We can then bound the partial derivative wrt second
dimension as follows.

8f(X) < (Sma:rf(x) < 6maa:fmam
Oxy — 02 - 62
For any arbitrary point x, the maximum function deviation is upper bounded by the product of

maximum slope and maximum distance from the closest point covered by the adversarial distance
method.

~ 5mam fmax . A 5max fmaz
T T _
£l za]") = f(r, )] < S iy — ] = SO

Therefore,

7+ 10,617 — fo0)] < 2°medmez

Marginalising #~2 with the Gamma prior leads to the final form below.

1f(x+1[0,6]T) = f(x)] < 2c%awfm

C Proof of Proposition

We restate the result here for clarity.

Consider a regression task with D + 1-dimensional inputs X where the first D dimensions are
irrelevant, and assume they are vq = vy, d € [1, D] while xpy1 ~ N (y,1/K). The MAP estimate

of linear regression parameters f(x) = ZdD:Jrll wqryq when fitted using Avg-Ex are as follows:
wg=1/(D+K), de[l,D]andwpy1 = K/(K + D).
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Proof. Without loss of generality, we assume o, 02 parameters of Avg-Ex are set to 1. In effect, our
objective is to fit parameters that predict well for inputs sampled using standard normal perturbations,
ie. x(™ +me Vn € [1,N],e ~N(0,1),m = [1,1,...,1,0]” € {0,1} P+, The original problem

therefore is equivalent to fitting on transformed input X such that x( "N (y,02) where 02 = 1 for
alli < Dandis 1/K wheni= D + 1.

Likelihood of observations for the equivalent problem is obtained as follows.

D+1 D+1
P(y | 21,82,...,8p41) = H P(y | #;) o« H P(&i [ y)P(y)

= HN(ii;y,af) o exp(— Z (9_7572))

%

1 & &2
—exp{y%z EERRT I TED> 20_2}

7 % ? 7 ?

Ts
mN(y;Z?R P)
_ 1
Zi 1/‘72'2

Substituting, the value of o; defined as above, we have P=D+K and the MLE estimate for the linear
regression parameters are as shown in the statement. The MAP estimate also remains the same since
we do not impose any informative prior on the regression weights. [

where P =

D Parametric Model Analysis

In this section we show that a similar result to what is shown for non-parametric models also holds
for parametric models. We will analyse the results for a two-layer neural networks with ReLU
activations. We consider a more general case of D dimensional input where the first d dimensions
identify the spurious features. We wish to fit a function f : R” — R such that f(x) is robust to
perturbations to the spurious features. We have the following bound when training a model using
gradient regularization of Ross et al.[(2017)).

Proposition 1. We assume that the model is parameterised as a two-layer network with ReLU
activations such that f(x) = 32, B;¢(3_; wjix; + b;) where 3 € RE 5 € REXP b e RE are the
parameters, and ¢(z) = max(z,0) is the ReLU activation. For any function such that gradients
wrt to the first d features is exactly zero, i.e. 3—f| m = 0 Vie[l,d,n € [1,N], we have the
following bound on the function value deviations for input perturbations from a training instance x:
I—x=Ax=[Ax{,07,p]"

1£(@) = ()| = OB + @] 7) ]| Ax]) (12)

For a two-layer network trained to regularize gradients wrt first d dimensions on training data, the
function value deviation from an arbitrary point X from a training point x such that X — x = Ax =
[Ax{,;, 0%, ,.5]" is bounded as follows.

(@) = f(@)] = OB + 1d] )] Ax]))

Proof. Recall that the function is parameterised using parameters w, g, B such that f(x) =
325 Bid(32; wjiwi + bj) where § € RF 1 € RFXP b € R are the parameters, and ¢(z) =
max(z,0) is the ReLU activation.

Since we train such that 8f (x) =0, i€ [l,d], we have that 2
where ¢(a) = max(m, 0).

Z 6] (Zz Wi T; + bi)wij
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We now bound the variation in the function value for changes in the input when moving from x — x
where x is an instance from the training data. We define four groups of neurons based on the sign of
> wiix; +bjand Y, wyiE; + bj. g1 is both positive, go is negative and positive, g3 is positive and
negative, g4 is both negative. By defining groups, we can omit the ReLU activations as below.

f(x) = f(x) = ZﬂjéﬂZ w;i&; +b;) — Z @-d)(Z wjxi + bj)
= Z B; iji(fi —zi) + Z ﬁj(zwjz’fi +b;) — Z @(Z wjiz; + bj)

J€g1 i J€g2 i J€gs3 i
d D D
=D By wi@ —w)+ Y B (O wudi+b;) = > (Y wyewi +by)
JEg1 i=1 JEQg2 =1 J€g3 =1
Since we have that 3 ;. Bjwi; = 0,Vi € [1,d], we have
d d D D
= DB Y wiidi+ Y B0 wiidi+ Y wiiwi +0;) = Y Bi( Y wyiwi +b;)
JE€EG1 =1 J€Eg2 =1 i=d+1 J€Eg3 i=d+1
d d
= 28D wiwi = Y 8w
i i=l i€gs  i=1

—\d . A=
=im1 % Zjem Ugs Bjw;i=0

d D D
= D By wugi+ Yy Bi( Y wumi+b) =Y Bi( D wyiw +by)

Jj€g1Ug2 1=1 J€g2 i=d+1 J€g3 i=d+1

retaining only the terms that depend on Az = & — z, the expression is further simplified as a term
that grows with Ax and a constant term that depends on the value of x

d

- Z Bj Z w;; Ax; + constant

J€g1Ug2  i=1
= = O(||8||||W||r||Ax|]) Cauchy-Schwartz inequality
= o((I81” + @1 % )l Ax])

E Further Experiment Details

E.1 Setup
E.1.1 Baselines

We denote by ERM the simple minimization of cross-entropy loss (using only the first loss term of
Equation E]) We also compare with G-DRO(Sagawa et al., [2019), which also has the objective of
avoiding to learn known irrelevant features but is supervised through group label (see Section 2?).
Although the comparison is unfair toward G-DRO because MLX methods use richer supervision of
per-example masks, it serves as a baseline that can be slightly better than ERM in some cases.

Regulaization-based methods. Grad-Reg and CDEP, which were discussed in Section ‘We omit
comparison with [Shao et al.|(2021]) because their code is not publicly available and is non-trivial to
implement the influence-function based regularization.

Robustness-based methods. Avg-Ex, PGD-Ex, IBP-Ex along with combined robustness and
regularization methods. IBP-Ex+Grad-Reg, PGD-Ex+Grad-Reg that are described in Section
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E.1.2 Maetrics

We report performance using two metrics that indicate if the model is using irrelevant features (Wg
Acc) without compromising the average accuracy (Avg Acc).

Avg Acc. Since the two real-world datasets contain imbalanced class populations, we only report
accuracy macro-averaged over labels, simply denoted as “Avg Acc”.

Wg Acc. Worst accuracy among groups where groups are appropriately defined. Different labels
define the groups for decoy-MNIST and plant dataset, which therefore have ten and two groups
respectively. In ISIC dataset, different groups are defined by the cross-product of label and presence
or absence of the patch. We denote this metric as “Wg Acc”, which is a standard metric when
evaluating on datasets with shortcut features (Sagawa et al.| 2019; Piratla et al., [2021).

E.1.3 Training and Implementation details

Choice of the best model. We picked the best model using the held-out validation data. We then report
the performance on test data averaged over three seeds corresponding to the best hyperparameter.

Network details. We use four-layer CNN followed by three-fully connected layers for binary
classification on ISIC and plant dataset following the setting in|Zhang et al.|(2019)), and three-fully
connected layers for multi classification on decoy-MNIST dataset.

E.2 Hyperparameters.

We picked the learning rate, optimizer, weight decay, and initialization for best performance with
ERM baseline on validation data, which are not further tuned for other baselines unless stated
otherwise. We picked the best A for Grad-Reg and CDEP from [1, 10, 100, 1000]. Additionally, we
also tuned 3 (weight decay) for Grad-Reg from [le-4, 1e-2, 1, 10]. For Avg-Ex, perturbations were
drawn from 0 mean and o variance Gaussian noise, where o was chosen from [0.03, 0.3, 1, 1.5, 2].
In PGD-Ex, the worst perturbation was optimized from ¢, norm e-ball through seven PGD iterations,
where the best € is picked from the range 0.03-5. We did not see much gains when increasing PGD
iterations beyond 7, Appendix |F| contains some results when the number of iterations is varied. In
IBP-Ex, we follow the standard procedure of |Gowal et al.|(2018) to linearly dampen the value of «
from 1 to 0.5 and linearly increase the value of € from 0 to €,,,42, Where €,,4, 1s picked from 0.01 to 2.
We usually just picked the maximum possible value for €,,,, that converges. For IBP-Ex+Grad-Reg,
we have the additional hyperparameter A (Eqn.[d), which we found to be relatively stable and we set
it to 1 for all experiments.

E.3 Data splits

We randomly split available labelled data in to training, validation, and test sets in the ratio of (0.75,
0.1, 0.15) for ISIC and (0.65, 0.1, 0.25) for Plant (similar to|Schramowski et al.| (2020)). We use the
standard train-test splits on MNIST.

E.4 Datasets

ISIC dataset The ISIC dataset consists of 2,282 cancerous (C) and 19,372 non-cancerous (NC) skin
cancer images of 299 by 299 size, each with a ground-truth diagnostic label. We follow the standard
setup and dataset released by |Rieger et al.| (2020), which included masks with patch segmentations. In
half of the NC images, there is a spurious correlation in which colorful patches are only attached next
to the lesion. This group is referred to as patch non-cancerous (PNC) and the other half is referred
to as not-patched non-cancerous (NPNC)|Codella et al.| (2019). Since trained models tend to learn
easy-to-learn and useful features, they tend to take a shortcut by learning spurious features instead of
understanding the desired diagnostic phenomena. Therefore, our goal is to make the model invariant
to such colorful patches by providing a human specification mask indicating where they are.

decoy-MNIST dataset The MNIST dataset consists of 70,000 images of handwriting digit from 0 to
9. Each class has about 7,000 images of 28 by 28 size. We use three-fully connected layers for multi
classification with 512 hidden dimension and 3 channels.
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E.5 Computing

Run time and memory usage Table 3| presents the computation costs, including run time and memory
usage, for each method using GTX 1080 Ti. It is worth noting that IBP-Ex has significantly less run
time and memory usage compared to PGD-Ex, with a 10-fold reduction in run time and a 2.5-fold
reduction in memory usage. Considering that PGD-Ex and IBP-Ex have similar performance in terms
of worst group accuracy, as shown in Table 4 IBP-Ex+Grad-Reg appears to be comparably effective
and efficient for model modification. Additionally, the combined method IBP-Ex+Grad-Reg, which
presents the best performance in terms of averaged and worst group accuracy compared to PGD-Ex,
also has a 3-fold reduction in run time and a 2-fold reduction in memory usage compared to PGD-Ex.

| Grad-Reg | PGD-Ex | IBP-Ex | IBP-Ex+Grad-Reg | PGD-Ex+Grad-Reg |
| x23 | x49 | x22 ] x3.5 \ x 7.0 \
Table 3: Running time in comparison to ERM on the ISIC dataset

E.6 Network Architecture

Model architecture on the decoy-MNIST dataset

Sequential (
(0): Conv2d(3, 32, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))
(1) : ReLUQ)
(2): Conv2d(32, 32, kernel_size=(4, 4), stride=(2, 2), padding=(1, 1))
(3): ReLU()
(4): Conv2d(32, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))
(5): ReLUQ)
(6): Conv2d(64, 64, kernel_size=(4, 4), stride=(2, 2), padding=(1, 1))
(7): ReLUQ)

(8): Flatten(start_dim=1, end_dim=-1)

(9): Linear(in_features=200704, out_features=1024, bias=True)
(10) : ReLUQ

(11): Linear(in_features=1024, out_features=1024, bias=True)
(12): ReLUQ)

(13) : Linear(in_features=1024, out_features=2, bias=True)

)
Model architecture on the ISIC dataset
Sequential (

(0): Flatten(start_dim=1, end_dim=-1)
(1) : Linear(in_features=2352, out_features=512, bias=True)

(2): ReLUQ)
(3): Linear(in_features=512, out_features=512, bias=True)
(4): ReLUQ)
(5): Linear(in_features=512, out_features=512, bias=True)
(6): ReLUQ)

(7): Linear(in_features=512, out_features=10, bias=True)

)

Model architecture on the Plant phenotyping dataset

Sequential (
(0): Conv2d(3, 32, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))
(1): ReLUQ)
(2): Conv2d(32, 32, kernel_size=(4, 4), stride=(2, 2), padding=(1, 1))
(3): ReLUQ)
(4): Conv2d(32, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))
(5): ReLUQ)

(6): Conv2d(64, 64, kernel_size=(4, 4), stride=(2, 2), padding=(1, 1))
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(7): ReLU()

(8): Flatten(start_dim=1, end_dim=-1)

(9): Linear(in_features=200704, out_features=1024, bias=True)
(10) : ReLUQ)

(11) : Linear(in_features=1024, out_features=1024, bias=True)
(12): ReLUQ)

(13): Linear(in_features=1024, out_features=2, bias=True)

F Addition Results

Method NPNC PNC C Avg Wg
ERM 559423 96.5+24 796+66 | 77.3£24 559+£23
G-DRO 724+£40 63241438 64.1 £56 | 66.6+54 585+10.7
Grad-Reg | 67.1 4.8 9.0+1.0 632+£113 | 764+24 602+74
CDEP 72.1£54  989+0.7 622+47 | 734+£10 609+3.0
Avg-Ex 623 £ 11.7 978 £0.8 71.0+£16.7 | 77.1 £2.1 552 £6.6
PGD-Ex 654+54 99.0+03 71.7+6.7 | 787+£05  644+43

IBP-Ex 68.4 + 3.4 985+ 1.0 67.7+48 | 751 £1.2 642+ 1.2
P+G 69.6 £2.8 98.84 +0.6 704 £4.1 | 79.6 £ 0.5 67.5+1.1
I+G 66.6 = 3.1 99.6 £ 0.2 689+47 | 784+ 0.5 65.2 £1.8

Table 4: Macro-averaged (Avg) accuracy and worst group (Wg) accuracy on ISIC dataset. Also
shown are the average precision scores for each of the three groups. All the results are averaged over
three runs and their standard deviation is shown after &=. Note that the worst group for each run can
be different

F.1 Decoy-MNIST

Decoy-MNIST dataset is similar to MNIST-CIFAR dataset of |Shah et al.|(2020) where a very simple
label-revealing color based feature (decoy) is juxtaposed with a more complex feature (MNIST
image) as shown in Figure|l| We also randomly swap the position of decoy and MNIST parts, which
makes ignoring the decoy part more challenging. We then validate and test on images where decoy
part is set to correspond with random other label.

We make the following observations from Decoy-MNIST results presented in Table[T} ERM is only
slightly better than a random classifier confirming the simplicity bias observed in the past (Shah et al.|
2020). Grad-Reg, PGD-Ex and IBP-Ex perform comprably and better than ERM, but when combined
(IBP-Ex+Grad-Reg,PGD-Ex+Grad-Reg) they far exceed their individual performances.

In order to understand the surprising gains when combining regularization and robust-
ness methods, we draw insights from gradient explanations on images from train split

for Grad-Reg and IBP-Ex. We looked at s; = M{ m() x 8{;5:?:;))“} and s, =
M H m(™ x ag:((,:)) H/H(l —m™) x a’(;(;:i:)) ‘H, where M e] is the median function. For an

effective algorithm, we expect both s1, s to be close to zero. However, the values of sq, so is 2.3e-3,
0.26 for the best model fitted using Grad-Reg and 6.7, 0.05 for IBP-Ex. We observe that Grad-Reg
has lower s; while IBP-Ex has lower s5, which shows that Grad-Reg is good at dampening the
contribution of decoy part but also dampened contribution of non-decoy likely due to over-smoothing.
IBP-Ex improves the contribution of the non-decoy part but did not fully dampen the decoy part
likely because high dimensional space of irrelevant features, i.e. half the image is irrelevant and each
pixel is indicative of the label. When combined, IBP-Ex+Grad-Reg has low s1, so, which explains
the increased performance when they are combined.

F.2 Plant Phenotyping
Plant phenotyping is a real-world task of classifying images of a plant leaf as healthy or unhealthy.

About half of leaf images are infected with a Cercospora Leaf Spot (CLS), which are the black
spots on leaves as shown in the first image in the second row of Figure Schramowski et al.
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(2020) discovered that standard models exploited unrelated features from the nutritional solution
in the background in which the leaf is placed, thereby performing poorly when evaluated outside
of the laboratory setting. Thus, we aim to regulate the model not to focus on the background of
the leaf using binary specification masks indicating where the background is located. Due to lack
of out-of-distribution test set, we evaluate with in-domain test images but with background pixels
replaced by a constant pixel value, which is obtained by averaging over all pixels and images in the
training set. We replace with an average pixel value in order to avoid any undesired confounding from
shifts in pixel value distribution. More detailed analysis of the dataset can be found in|Schramowski
et al.[(2020).

Table[T| contrasts different algorithms on the plant dataset. All the algorithms except CDEP improve
over ERM, which is unsurprising given our test data construction; any algorithm that can divert
focus from the background pixels can perform well. Wg accuracy of robustness (except Avg-Ex) and
combined methods far exceed any other method by 5-12% over the next best baseline and by 19-26%
accuracy point over ERM. Surprisingly, even Avg-Ex has significantly improved the performance
over ERM likely because spurious features in the background are spiky or unstable, which vanish
under normal perturbation.

We visualize the interpretations of models obtained using SmoothGrad (Smilkov et al., 2017) trained
with five different methods for three sample images from the train split in Figure[3| As expected, ERM
has strong dependence on non-leaf background features. Although Grad-Reg features are all on the
leaf, they appear to be localized to a small region on the leaf, which is likely due to over-smoothing
effect of its loss. IBP-Ex, IBP-Ex+Grad-Reg on the other hand draws features from a wider region
and has more diverse pattern of active pixels.

F.3 ISIC skin cancer dataset

ISIC is a dataset of skin lesion images, which are to be classified cancerous or non-cancerous. Since
half the non-cancerous images in the dataset contains a colorful patch as shown in Figure 2] standard
DNN models depend on the presence of a patch for classification while compromising the accuracy
on non-cancerous images without a patch (Codella et al., 2019} [Tschandl et al., 2018). We follow the
standard setup and dataset released by [Rieger et al.| (2020), which include masks highlighting the
patch.

We identify three groups in the dataset, non-cancerous images without patch (NCNP) and with
patch (NCP), and cancerous images (C). In Table[2} we report on per-group accuracies for different
algorithms. Detailed results with error bars are shown in Table ] of Appendix [F] The Wg accuracy
(of Table[I)) may not match with the worst of the average group accuracies in Table [2| because we
report average of worst accuracies. We now make the following observations. ERM performs the
worst on the NPNC group confirming that predictions made by a standard model depend on the patch.
The accuracy on the PNC group is high overall perhaps because PNC group images are at a lower
scale (see middle column of Figure 2] for an example) are systematically more easier to classify even
when the patch is not used for classification. Although human-explanations for this dataset, which
only identifies the patch if present, do not full specify all spurious correlations, we still saw gains
when learning from them. Grad-Reg and CDEP improved NPNC accuracy at the expense of C’s
accuracy while still performing relatively poor on Wg accuracy. Avg-Ex performed no better than
ERM whereas PGD-Ex, IBP-Ex, IBP-Ex+Grad-Reg, and PGD-Ex+Grad-Reg significantly improved
Wg accuracy over other baselines. The reduced accuracy gap between NPNC and C when using
combined methods is indicative of reduced dependence on patch.

F.4 Overall results

Among the regularization-based methods, Grad-Reg performed the best while also being simple
and intuitive. CDEP surprisingly performed worse than ERM on Decoy-MNIST and Plant datasets
despite our best efforts, which are elaborated in Appendix [H]

Robustness-based methods except Avg-Ex are consistently and effortlessly better or comparable to
regularization-based methods on all the benchmarks with an improvement to Wg accuracy by 3-10%
on the two real-world datasets. Combined methods are better than their constituents on all the datasets
readily without much hyperparameter tuning.
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Comparison of PGD-Ex and IBP-Ex It is difficult to compare the worst group accuracy of IBP-Ex
(64.2) and PGD-Ex (64.4) due to the comparably high standard deviation of PGD-Ex (4.3). Therefore,
we additionally compare the accuracy drop when colorful patches are removed from images in the
PNC group in Table[5] We replace the colorful patch of the image with its mean value, making it looks
like a background skin color. Note that we evaluate the robustness to concept-level perturbations
rather than pixel-level perturbations, as our focus is on avoiding spurious concept features rather than
robustness to adversarial attacks. Interestingly, the accuracy drops about 17% and 37% in IBP-Ex
and PGD-EXx, respectively, showing that IBP-Ex is more robust to concept perturbations. This can be
explained by the effectiveness of robustness methods in covering the epsilon ball with the center of
each input point defined in a low-dimensional manifold annotated in the human specification mask.
IBP guarantees robustness on any possible pixel combination within the epsilon ball while PGD only
considers the worst case in the epsilon ball. When the inner maximization to find the PGD attack
is non-convex, an inappropriate local worst case is found instead of the global one. Thus, IBP-Ex
shows better robustness when spurious concepts are removed, which involves large perturbations on
irrelevant parts within the defined epsilon ball. The combined method IBP-Ex+Grad-Reg, where
Grad-Reg compensates for the practical limitations of the training procedure of IBP-Ex, shows about
1% higher worst group accuracy than IBP-Ex alone.

Method PNC PNC (Remove patch)
PGD-Ex 99.0 £ 0.3 62.2 +17.0
IBP-Ex 98.5+ 1.0 81.6 £16.5
IBP-Ex+Grad-Reg | 99.6 + 0.2 825+95

Table 5: Comparison between robustness based methods. Macro-averaged accuracy and regval loss
before and after removing color patch part of images in PNC group on ISIC dataset.

Results of PGD-Ex with different epsilon and iteration number. We experimented with different
values of epsilon and iteration numbers on the ISIC and Plant phenotyping datasets. The epsilon
values tested were 0.03, 0.3, 1, 3, and 5, and the iteration numbers were 7 and 25. In Figure the
results on the ISIC dataset showed that using an iteration of 7 with different epsilon values resulted in
stable results, but using an iteration of 25 resulted in unstable worst group accuracy. However, in
the Plant phenotyping dataset, we found that both average and worst group accuracy were similar
regardless of the epsilon and iteration values used.

PGD-Ex on the ISIC dataset PGD-Ex on the Plant phenotyping dataset
= avg_iter7 = wg_iter7 == avg iter23 == wg_iter2s == avg_iter7 e« wg_iter7 == avg iter23 s = wg_iter23

1.00 1.00

Accuracy
Accuracy

0.03 0.3 1 3 5 0.03 0.3 1 3 5
Epsilon Epsilon
(a) PGD-Ex on the ISIC data (b) PGD-Ex on the Plant phenotying data

Figure 4: PGD-Ex results on the ISIC and Plant phenotyping dataset with different epsilon and
iteration numbers in (a) and (b), respectively.

G Drawbacks of Robustness-based methods

Although robust training is appealing in low dimensions, their merits do not transfer well when the
space of irrelevant features is high-dimensional owing to difficulty in solving the inner maximization
of Eqn. 2] Sub-par estimation of the maximization term may learn parameters that still depend on the
irrelevant features. We demonstrate this below with a simple exercise.

Proposition 2. Consider a regression task with D + 1-dimensional inputs x where the first D
dimensions are irrelevant, and assume they are xq = y,d € [1, D] while xp+1 ~ N(y,1/K). The
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MAP estimate of linear regression parameters f(x) = Zf:ll wqxq when fitted using Avg-Ex are as
follows: wg =1/(D+ K), de][l,Dlandwpy; = K/(K + D).

We present the proof in Appendix [C] We observe that as D increases, the weight of the only relevant

feature (zp41) diminishes. On the other hand, the weight of the average feature: % ZdDzl x4 ,
which is D/(D + K) approaches 1 as D increases. This simple exercise demonstrates curse of
dimensionality for robustness-based methods. For this reason, we saw major empirical gains when
combining robustness methods with a regularization method especially when the number of irrelevant
features is large such as in the case of Decoy-MNIST dataset, which is described in the next section.

Further remarks on sources of over-smoothing in regularization-based methods. We empiri-
cally observed that the term R(6) (of Eqn. |1)), which supervises explanations, also has a smoothing
effect on the model when the importance scores (IS) are not well normalized, which is often the case.
This is because reducing IS(x) everywhere will also reduce saliency of irrelevant features.

H Discussion on poor CDEP performance

In Table[d, CDEP demonstrates better performance in worst group accuracy compared to ERM on
the ISIC dataset. However, it fails to surpass RRR, which contradicts results from previous research
in Rieger et al.|(2020) where CDEP was found to perform better than RRR. This discrepancy may
be attributed to the fact that Rieger et al.|(2020) used different metrics (F1 and AUC) and employed
a pretrained VGG model to estimate the contribution of mask features, whereas in our study we
used worst group accuracy and employed a four-layer CNN followed by three fully connected layers
without any pretraining. We do not use a pre-trained model for CDEP in order to make a fair
comparison to other methods. As a result, CDEP also fails to improve worst group accuracy over
ERM on the Plant Phenotyping and Decoy-MNIST datasets. We further illustrate the interpretations
of CDEP on the Plant Phenotyping dataset using Smooth Gradient in Figure 5] In comparison to
the interpretations of other methods shown in Figure 3 in the main paper, CDEP appears to focus
primarily on the spurious agar part instead of the main leaf part.

CDEP

Figure 5: Visual heatmap of salient features for CDEP on three sample images from the train split
of Plant phenotyping data. Importance score from SmoothGrad [Smilkov et al.| (2017) method is
normalized between 0 to 1 and visualized with a threshold 0.6.
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