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Abstract

Feature importance methods are frequently used for XAI. However, the informa-
tion they convey (i.e., their interpretation) has been established mostly through
qualitative evaluations and, upon further inspection, their extent and usefulness
is now being questioned. ROAR, a study by Hooker et. al. suggests that most
methods fail at highlighting the most important parts of the image, namely those
that should trigger a correct answer. We propose IteROAR, an iterative extension
to ROAR that allows a more comprehensive test of the consistency with which
common attribution methods (e.g., CAM, GradCAM) focus on areas that contribute
most to the model’s prediction. With IteROAR a reference model is trained on
images whose most salient features get progressively occluded. In contrast to
ROAR, IteROAR evaluates feature importance maps each time an occlusion is
made, which enables the quantification of additional properties of importance maps
like the expected cumulative masked area or the mean mask overlap. These metrics
constitute a more comprehensive and stricter evaluation of the properties of feature
importance maps, and help elucidate the extent by which feature attribution maps
convey the information that has been empirically associated to them.

1 Introduction

Feature importance methods are functions that rank which part of an input elicits a stronger response
for a prediction model. In practice, these methods have been used as explanations for deep neural
networks and image classification problems. Algorithms like Class Activation Mapping (CAM) [24]
produce heatmaps whose interpretation has consolidated, albeit intuitively, as the area that corresponds
to the predicted class. This interpretation is shared among numerous methods that build upon
CAM [4,117, 121,118, 20]. However, some studies found that said interpretation has broad implications
that cannot be guaranteed. Among them, attribution methods fail at providing insights regarding the
features extracted by the model e.g., when the same area is highlighted for two different classes [[1,[15]].

More recently Hooker et al. [[10] introduced ROAR; a benchmark showing that popular feature
importance methods perform no better than a random baseline at ranking importance of the input
features. This benchmark consists on measuring a model’s performance by retraining it on samples
after an increasing percentage of their input has been occluded, according to an initial estimation of
feature importance. The pillar of said benchmark is that progressive occlusion of features (as ranked
by the feature importance method) should yield a monotonic decrease in performance.

We argue that this assumption comes with critical caveats that said benchmark does not capture. For
example, a class can often be defined by a non-overlapping set of features (e.g., a rooster can be
identified by detecting either their beak, or their crest). A model that has a strong response to one kind
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Figure 1: Overview oiteROAR A dataseD; is used to train a modd} with which a feature
importance method outputs a map that can be thresholded to create a binaryma$kis mask

is used to create a modi ed version of the datd3gt; by multiplying it with the original input.

This process is then repeatedimes. The sequence of masks measuredatuses on areas that
progressively affect performance, or areas that have already been occluded (i.e., have no information).

of feature does not imply that its absence makes the other features less discriminating. Therefore,
estimating feature importance based only on the original sample (as done in ROAR), does not capture
the shift in emerging features that gain importance in the absence of others.

Moreover, an unintended property of learning-based systems is that they often excel by relying on
shortcuts that are particular to the benchmark, while not necessarily re ecting the general features of
the task ¥]. Said shortcuts materialize in ML models as sets of non-robust featltpwipich lead

to unstable predictions (i.e., the output changes drastically with a small modi cation to the input).
Quantifying importance based on a single estimation limits the kind of features that get highlighted
and hence, those more critical for the evaluation.

We introducelterative ROAR (IteROAR): a general benchmark inspired by ROAR that allows a
thorough evaluation of feature importance methods in three fundamental ways:

« In the absence of some of the salient characteridteROAR allows feature importance
methods to shift focus to a different set of features each time that the model gets re-trained.

 IteROARmMakes it possible to validate the ad-hoc interpretation given to feature importance
methods regarding the faithfulnesd jvith which said methods highlight the most class-
relevant input features.

« IteROARaccounts for the class-relevant features that are both supp@Essedroduced
by the masking operation.

By gathering consecutive responses of the feature importance mégiR@AR gives a broader
account of the features that the model responds to, be it of the robust or non-robust kind. Therefore, we
say thateROAR serves as an adequate estimatiofMdrgan's Canon for Machine Learning|7]

i.e., whether a prediction is the result of high-level abilities or is it simply exploiting a shortcut.

2 Related work

Feature importance algorithms are popular explanation methods, as their output helps out in inferring
otherwise opaque behaviors of deep neural networks. Although these techniques are not the only way
of generating explanations, they are often preferred as they are convenient to visualize and interpret.

One of the rst methods to estimate relevance of input features is called Class Activation Mapping
(CAM) [24]. It is de ned only for fully convolutional neural networks and works by constructing a
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