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Abstract. Existing explanation tools for image classifiers usually
give only a single explanation for an image’s classification. For many
images, however, image classifiers accept more than one explana-
tion for the image label. These explanations are useful for analyzing
the decision process of the classifier and for detecting errors. Thus,
restricting the number of explanations to just one severely limits in-
sight into the behavior of the classifier. In this paper, we describe
an algorithm and a tool, MultiReX, for computing multiple explana-
tions as the output of a black-box image classifier for a given image.
Our algorithm uses a principled approach based on actual causality.
We analyze its theoretical complexity and evaluate MultiReX against
the state-of-the-art across three different models and three different
datasets. We find that MultiReX finds more explanations and that these
explanations are of higher quality.

1 Introduction

Al models are now a primary building block of most computer vision
systems. The opacity of some of these models (e.g., neural networks)
creates demand for explainability techniques, which attempt to pro-
vide insight into why a particular input yields a particular observed
output. Beyond increasing a user’s confidence in the output, and hence
also their trust in the Al model, these insights help to uncover subtle
classification errors that are not detectable from the output alone [10].

Existing explainability tools use a variety of definitions for expla-
nations, often tied to a particular method of extracting them. The
definition we use here is grounded in the theory of actual causality
and, roughly speaking, defines an explanation as a smallest part of the
input image that is sufficient for the classifier to yield the same top
label as the original image (see Section 3). If the top classification for
the model is, say, ‘peacock’ (Figure 1), then a causal explanation is a
subset of image pixels also labeled ‘peacock’ as the top classification.
Explanations need not be unique. A human could point to many parts
of the image of a peacock and state that this part is sufficient to label
the entire image ‘peacock’. There is no reason, a priori, to assume
that a model cannot do the same.

Why do we need to have multiple explanations? Previous work,
using a user study, demonstrated that people value having multiple
explanations of the model’s decisions, as it increases their confidence
in the classification and gives them more insight into the reasoning
process of the model [35]. The increase in confidence and trust is
reaffirmed in [21, 28]. Even, perhaps, more importantly, as we show

in this paper, the prevalence of multiple explanations suggests that
algorithms for computing more than one explanation are essential for
understanding the reasoning process of image classifiers and uncover-
ing subtle classification errors.

To illustrate the latter point, the image in Figure 2 is classified by a
ResNet50 as ‘tennis racket’. Figures 2b and 2¢ both show that sections
of the image that overlap with the racket are sufficient for the overall
classification. Figure 2d, however, shows a part of the player’s shorts
as being sufficient for the ‘tennis racket’ classification, with higher
confidence (0.25) that for Figures 2b and 2c, which are both around
0.23. This is a concerning finding for the users of the model.

Most existing techniques provide only one explanation, potentially
missing the error. The one notable exception is SAG (Structured At-
tention Graphs) [35], a pioneering work in the exploration of multiple
explanations for image classifiers. However, SAG suffers from a num-
ber of shortcomings. First, it is not a true black-box tool, as it requires
access to the gradient of the model. Such tools might more accurately
be called grey-box, as a proprietary model may not expose the gradient
during inference. Furthermore, SAG’s concept of explanation is rather
different from what a human might accept as an explanation, and is
very different from a causal explanation. SAG is liberal in what it
considers an explanation, resulting in potentially thousands of them
found for a single image. [25] discovered this when investigating
“compositionality”, which they define as a conjunction of parts of
an image (patches) that have high likelihood ratios for a particular
classification. Intuitively though, it is unlikely that an image classified
as, say ‘dog’, has thousands of explanations: it happens because SAG’s
explanation refers to any element in the output tensor above a prede-
fined probability threshold. We argue that this renders SAG’s results
uninformative. Indeed, with a suitable threshold, any combination of
patches is sufficient for the desired classification. Causality, on the
other hand, says that a set of pixels explains label ‘a’ if that set is
sufficient to be the actual (top) classification of the model. This is far
stricter than SAG’s explanations.

To overcome these problems, we present MultiReX, a black-box
algorithm and a tool for computing multiple explanations for image
classifiers. Using the theory of actual causality, MultiReX computes a
causal responsibility ranking of the pixels of the image, from which it
extracts multiple different explanations. Unlike with SAG, MultiReX is
not fixed to a rigid grid, so its explanation discovery is much more flex-
ible (Figure 1). MultiReX also allows an optional confidence threshold:
unlike with SAG, where the threshold dictates what constitutes an ex-



(d) Explanations with partial overlap

(e) Explanations with high confidence

(c) Explanations with no overlap

(f) High confidence with overlap

Figure 1: MultiReX on a peacock. MultiReX computes a responsibility landscape (Figure 1b): this landscape encodes so much information about
the image that, from it, we can compute non-overlapping explanations (Figure 1c, partially overlapping to any degree (Figure 1d), explanations
which have higher confidence than the original image (Figure 1e and explanations with higher confidence than the original image, and total

permissible overlap (Figure 1f).

planation, MultiReX’s threshold affects the quality of an explanation
(Figure le), picking out subsets of pixels which can have even higher
confidence than the entire image. Furthermore, the explanations pro-
duced by MultiReX are actual, that is, they always explain the top (the
most likely) classification of the input image. This is in contrast to
SAG, which produces explanations that do not necessarily correspond
to the top classification (see Section 6). In Section 4, we also present
an exponential upper bound on the number of possible explanations
and demonstrate that this bound is tight. In Section 6 we experimen-
tally compare MultiReX with SAG on standard benchmarks. We show
that MultiReX consistently finds more explanations than SAG. We
also show that MultiReX performs well when we add in a confidence
threshold to increase explanation quality.

We provide the details of the benchmark sets, the models, and
the main results in the paper. The MultiReX tool is incorporated into
ReX on GitHub at https://github.com/ReX-XAl/ and is on PyPI as
https://pypi.org/project/rex-xai/. Please see the full version at [9] for
the full set of reported as well as additional results.

2 Related Work

There is a large body of work on algorithms for computing one expla-
nation for a given output of an image classifier. They can be largely
grouped into white-box and black-box methods. White-box methods
frequently use variations on propagation-based explanation methods
to back-propagate a model’s decision to the input layer to determine
the weight of each input feature for the decision [38, 39, 2, 36, 29].
GradCam, a white-box technique which has spawned many variants,
only needs one backward pass and propagates the class-specific gradi-
ent into the final convolutional layer of a DNN to coarsely highlight
important regions of an input image [33].

Perturbation-based explanation approaches introduce perturbations
to the input space directly in search for an explanation. These are

typically found in black-box explanation methods. SHAP (SHapley
Additive exPlanations) computes Shapley values of different parts of
the input and uses them to rank the features of the input according to
their importance [26]. LIME constructs a simple model to label the
original input and its neighborhood of perturbed images and uses this
model to estimate the importance of different parts of the input [32,
12,5, 31, 16]. Finally, ReX [10] ranks elements of the image according
to their responsibility for the classification and uses this ranking to
greedily construct a small explanation. The ReX ranking procedure is
based on an approximate computation of causal responsibility. None
of these black-box tools provide multiple explanations of the same
image.

Work on calculating more than one explanation for a given clas-
sification outcome is in its infancy. A recent paper on abductive
explanations raises the problem of generating only one explanation
and suggests aggregating multiple explanations to obtain the full in-
formation about the importance of different features of the input [4].
However, in the absence of a tool for reliably and systematically gener-
ating multiple explanations, they rely on re-executing LIME and SHAP
multiple times, in the hope that their inherent non-determinism results
in different explanations. This is clearly not a systematic approach.

To the best of our knowledge, there is only one algorithm and tool
that specifically computes multiple explanations of image classifiers—
SAG, described in [35]. We describe SAG’s algorithm in more detail
in Section 6 and argue that its definition of explanation is too per-
missive. Our experimental results show that, even with our stricter
definition, we find more explanations than SAG.

Finally, we mention a growing body of work on logic-based ex-
planations [24, 27, 11], where a symbolic encoding of the model is
given. Their notion of abductive explanations is similar in spirit to the
one used in this paper, except all possible values of pixels outside of
the explanations are considered. The problem setting is very different
from ours, considering the model as a logic formula. In contrast, our
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approach is black box and is agnostic to the internal structure of the
classifier, nor does it try to represent its decision process as a logic
expression.

3 Background on Actual Causality

In this section we briefly review the definitions of causality and causal
models introduced by Halpern and Pearl [20] and relevant definitions
of causes and explanations in image classification [7]. The reader is
referred to [19] for further reading.

We assume that the world is described in terms of variables and their
values. Some variables may have a causal influence on others. This
influence is modeled by a set of structural equations. It is conceptually
useful to split the variables into two sets: the exogenous variables,
whose values are determined by factors outside the model, and the
endogenous variables, whose values are ultimately determined by
the exogenous variables. The structural equations describe how these
values are determined.

Formally, a causal model M is a pair (S, F), where S is a signature,
which explicitly lists the endogenous and exogenous variables and
characterizes their possible values, and F defines a set of (modifiable)
structural equations, relating the values of the variables. A signature
Sisatuple (U, V,R), where U is a set of exogenous variables, V is
a set of endogenous variables, and R associates with every variable
Y € U UV anonempty set R(Y) of possible values for Y (i.e.,
the set of values over which Y ranges). For simplicity, we assume
here that V is finite, as is R(Y") for every endogenous variable Y €
V. F associates with each endogenous variable X € V a function
denoted Fx (i.e., Fx = F(X)) such that Fx : (xueuR(U)) x
(Xyev—{x3R(Y)) = R(X).

The structural equations define what happens in the presence of
external interventions. Setting the value of some variable X to x in
a causal model M = (&, F) results in a new causal model, denoted
M x 5, which is identical to M, except that the equation for X in F
is replaced by X = x.

Probabilistic causal models are pairs (M, Pr), where M is a causal
model and Pr is a probability on the contexts. A causal model M
is recursive (or acyclic) if its causal graph is acyclic. If M is an
acyclic causal model, then given a context, that is, a setting « for the
exogenous variables in I/, the values of all the other variables are
determined. In this paper we restrict to recursive models.

We call a pair (M, @) consisting of a causal model M and a context

U a (causal) setting. A causal formula v is true or false in a setting.

We write (M, @) |= v if the causal formula 4 is true in the setting
(M, @). The = relation is defined inductively. (M, @) = X = zif the
variable X has value x in the unique solution to the equations in M in
context . Finally, (M, @) = [Y « #]pif (Mg _g @) | ¢, where
My 7 is the causal model that is identical to M, except that the
variables in Y are setto Y = yforeachY € Y and its corresponding
value y € ¥.

A standard use of causal models is to define actual causation: that
is, what it means for some particular event that occurred to cause
another particular event. There have been a number of definitions
of actual causation given for acyclic models (e.g., [3, 17, 18, 20,
19, 22, 23, 40, 41]). In this paper, we focus on what has become
known as the modified Halpern-Pearl definition and some related
definitions introduced by Halpern in 2019. We briefly review the
relevant definitions below. The events that can be causes are arbitrary
conjunctions of primitive events (formulas of the form X = z); the
events that can be caused are primitive events, denoting the output of
the model.

Definition 1 (Actual cause). X = 7 is an actual cause of o in (M, @)
if the following three conditions hold:

—

ACl. (M,4) = (X =Z) and (M, ) = ¢.

AC2. There is a a setting T of the variables in X, a (possibly empty)
set W of variables in V — X' and a setting W of the variables in
W such that (M, @) = W = @ and (M, @) |= [X « &', W «
W), and moreover

AC3. X is minimal; there is no strict subset X' of)z such that
X' =" can replace X = & inAC2, where @' is the restriction
of & to the variables in X'

In the special case that W =0, we get the but-for definition.
The notion of explanation, taken from [19], is relative to a set of
contexts.

Definition 2 (Explanation). X =Zisan explanation of ¢ relative to
a set KC of contexts in a causal model M if the following conditions
hold:

EXla. Ifu € K and (M, @) X = ) A @, then there exists a
conjunct X = x of X =ZFanda (possibly empty) conjunction
Y = 4 such that X = x A Y = Y is an actual cause of @ in
(M, u).

EX1b. (M, 4') = [X = & for all contexts @’ ex.

EX2. X is minimal; there is no strict subset X' of X such that
X' = & satisfies EX1, where T is the restriction of & to the
variables in X'. (This is SC4).

EX3. (M,u) E X = & A ¢ for some u € K.

4 Theoretical Foundations of MultirRex

We view an image classifier (e.g. a neural network) as a probabilistic
causal model. Specifically, the endogenous variables are taken to be
the set V of pixels that the image classifier gets as input, together with
an output variable that we call O. The variable V; € V' describes the
color and intensity of pixel ¢; its value is determined by the exogenous
variables. The equation for O determines the output of the model as
a function of the pixel values. Thus, the causal network has depth 2,
with the exogenous variables determining the feature variables, and
the feature variables determining the output variable. In this paper we
also assume causal independence between the feature variables in v,
the set of pixels of the input image.

Pixel independence is a common assumption in explainability tools.
This is a non-trivial assumption, and it might seem far-fetched, es-
pecially if we consider images capturing real objects: if a group of
pixels captures, say, a cat’s ear, then a group of pixels near it should
capture a cat’s eye. However, we argue that it is, in fact, accurate
on images. Indeed, consider a partially obscured image, obtained by
overlaying random color patches over an Imagenet image. Such an
image is perfectly valid, as obscuring a part of the input image either
by introducing an artificial object or by positioning a real object in
front of the primary subject of the classification does not lead to any
change in unobscured pixels. For example, obscuring a cat’s ear does
not lead to any change in an (unobscured) group of pixels, capturing
a cat’s eye. Thus, pixel independence holds on general images.

We refer the reader to [7] for a more in-depth discussion of causal
independence between pixel values in image classification. We note
that the causal independence assumption is not true in other types
of inputs, such as tabular or spectral data. For those types of inputs,
assuming independence is clearly an approximation and might lead to
inaccurate results. In this paper, however, we focus on images, where
causal independence between pixels holds.



(a) Class 752: racket (b)
Figure 2: Imagenet class 752: racket, according to ResNet50. Figures 2b to 2d show 3 minimal, sufficient explanations for class 752. Only Fig-
ures 2b and 2c contains part of the racket. The tennis players shorts are also classified as racket, with a higher confidence than either Figure 2b
or Figure 2c.

Moreover, as the causal network is of depth 2, all parents of the
output variable O are contained in V. Given these assumptions, the
probability on contexts directly corresponds to the probability on
seeing various images (which the model presumably learns during
training).

Given an input image I, the set of contexts K that we consider
for an explanation is the set Xy obtained by all partial occlusions
of I, where an occlusion sets a part Y of the image to a predefined
masking color 4. The probability distribution over K is assumed to
be uniform.

Under the assumptions above, the following definition is equivalent
to Definition 2, as shown in [7].

Definition 3 (Explanation for image classification [8]). An expla-
nation is a minimal subset of pixels of a given input image that is
sufficient for the model N to classify the image, where “sufficient”
is defined as containing only this subset of pixels from the original
image, with the other pixels set to the masking color.

In the complexity discussion that follows, we discuss the complex-
ity of decision problems matching the function problems of comput-
ing explanations. If the decision problem is A-complete, for some
complexity class A, then the matching function problem is FPAlos 7.
complete, assuming monotonicity of the function problem (see [6]
for a more in-depth discussion of decision vs function problems in
actual causality). Formally, the decision problem of explanation is,
given a model, a context, an output ¢, and a candidate explanation, to
decide whether this candidate is indeed an explanation for ¢ in the
given model and context.

[8] observe that the precise computation of an explanation in our set-
ting is intractable, as the problem is equivalent to an earlier definition
of explanations in binary causal models, which is DP-complete [14]."

The following lemma shows that computing a second (or any sub-
sequent) explanation is not easier than computing the first one.

Lemma 1. Given an input image and one explanation, the decision
problem of finding a different explanation is DP-complete.

Proof. Membership in DP is straightforward and follows from the
membership in DP of the problem of deciding an explanation: adding a
constraint that the output should be different from a given explanation
does not increase the complexity class of the decision problem. For
hardness in DP, we show a reduction from the decision problem of
computing an explanation. Given an image I classified by a neural
network (a black-box model) N as A/(I), we define ¢ as “the output
is an explanation of N'(I) or it is exactly I”. The reduction is a tuple

1 DP is the class of languages that are an intersection of a language in NP and
a language in co-NP and contains, in particular, the languages of unique
solutions to NP-complete problems [30].

© (d)

(I,N(I),I), viewed as an input to the different explanation problem,
that is, { input image, its label, a given explanation ). The second [
renders ¢ true. Then, an output that renders ¢ true and is different
from [ is an explanation of A/(I) for I, completing the reduction. [

Chockler et al. [10] use a greedy approach to constructing ap-
proximate explanations, based on scanning the ranked list of pixels
pizel_ranking (Figure 3). The pixels are ranked in the order of their
approximate degree of responsibility for the classification, where re-
sponsibility is a quantitative measure of causality and, roughly speak-
ing, measures the amount of causal influence on the classification.
Formally, the degree of responsibility of a variable X = z for the
value of ¢ is 1/k, where k is the size of a smallest set of variables
X s.t. X € X and has the value z in 7, and X = 7 is an actual
cause of ¢ according to Definition 1 [6]. The degree of responsibility
is always between 0 and 1, with higher values indicating a stronger
causal influence.

The precise computation of degrees of responsibility of pixels of
I is intractable; its decision problem is NP-complete under our sim-
plifying assumptions [6]. Hence, the ranking in [10] is based on the
approximate degree of responsibility, which is computed by partition-
ing the set in iterations and computing the degrees of responsibility
for each partition, while discarding low-responsibility elements (see
Section 5 for details). The greedy explanation extraction adds pixels
from the sorted ranked list until the original classification is obtained.

However, reducing the complexity of computing one explanation
does not reduce the complexity of computing many explanations, as
the number of explanations for a given image can be very high:

Lemma 2. The number of explanations for an input image is bounded
from above by (Lnr/l2 | ), and this bound is tight.

Proof. Since an explanation of the classification of x is a minimal
subset of x that is sufficient to result in the same classification, the
number of explanations is characterised by Sperner’s theorem, which
provides a bound for the number S of largest possible families of
finite sets, none of which contain any other sets in the family [1]. By
Sperner’s theorem, S < (Ln72 J)’ and the bound is reached when all
subsets are of the size |n/2]. The following example demonstrates
an input on which this bound is reached. Consider a binary classifier
N that determines whether an input image of size n has at least
|n/2] green-colored pixels and an input image I that is completely
green. Then, each explanation is of size [n/2], and there are (Lnr/‘2 J)
explanations. O

Finally, we note that given a set of explanations (sets of pixels) and
an overlap bound, deciding a subset of a given number of explanations
in which elements overlap for no more than the bound is NP-hard even
assuming that constructing and training a binary classifier is O(1),



by reduction from the independent set problem, which is known
to be NP-complete. Indeed, let (G = (V, E), n) be an input to the
independent set problem, deciding whether GG contains an independent
set of nodes of size n. Then, G has an independent set of size n if and
only if there exist n disjoint explanations of G having a connected
component of size 1 (note that finding a connected component of size
1 is polynomial in the size of G).

5 The MultirReX Algorithm

In this section we present our algorithm for computing multiple expla-
nations of an image. As shown in Section 4, the problem is intractable,
motivating the need for efficient and accurate approximation algo-
rithms. Due to the lack of space, some details and algorithms have
been moved to the supplementary material.

The concept of a superpixel is used in a number of different expla-
nation tools; SAG splits the image into a fixed grid of 7 x 7 superpixels.
Dividing the image in this way greatly reduces the computational cost
of searching for explanations. The rigidity of the grid, however, may
lead to missing some explanations. MultiReX does not need a rigid
grid: it starts with large, randomly selected superpixels which it itera-
tively refines. Furthermore, MultiReX repeats this procedure with dif-
ferent starting superpixels to reduce the influence of particular random
choices. Responsibility landscapes from individual iterations are com-
bined to produce a detailed responsibility landscape (see Figure 1b).
As more iterations are added, the landscape becomes smoother. We
separate explanations from this landscape using Algorithm 2. It is the
existence of this landscape which gives MultiReX its edge: it provides
a continuous search space over the entire image that is not confined
to a discrete grid.

The high-level structure of the algorithm is presented in Figure 3,
and the pseudo-code is in Algorithm 1. We discuss each component
in more detail below.

Algorithm 1 MultiReX(I,N,r,n,d,s,p,q)

INPUT: an image I, a model V, a searchlight radius r, the
maximum number of explanations n, maximum overlap between
explanations d, number of searchlights s, searchlight expansions p,
expansion coefficient g

OUTPUT: aset & of up to n different explanations

1 E+ 0

2: 1+ N(x)

3: S« CAUSAL_RANK(I,N,I)

4: foriin0...s — 1do

5 E; < searchlight(I,N,1,S,r,n,p,q)
6:  E; + minimize(I, E;,N,S)

7. E+ EUE;

8: end for

9: &€ < separate(E, )

10: return £

The CAUSAL_RANK procedure in Line 3 of Algorithm 1 con-
structs a pixel_ranking, which is a ranking of the pixels of the input
image I by their causal responsibility. We use the algorithm in [10]
as the basis for producing this landscape. The number of required
explanations is given as an input parameter to the procedure, as the
total number of explanations can be exponential (see Lemma 2).

The Searchlight procedure, called in Line 5, is described in Algo-
rithm 2. It replaces the greedy explanation generation in ReX with a

Algorithm 2 searchlight (I,N,1,S,r,n,p,q)

INPUT: an image I, a model \V, a label [, a responsibility landscape
S, a searchlight radius r, number of steps n, number of expansions p,
radius increase ¢

OUTPUT: an explanation Ef

I: F < initialize(r)

2: €+

3: for7iin0...n —1do
4: forjin0...p—1do

5 U+ N(F(I))

6: if | = ' then

7: E + F(I)

8: return £

9: else

10: F + expand_radius(r X q)
11: end if

12:  end for

13:  F < neighbor

14: end for

15: return &

modified stochastic hill climb. In contrast to most hill-climb-based al-
gorithms that look for the global maximum, we specifically search for
local maxima, on the assumption that these are likely to correspond to
explanations. The function initialize in Line 2 creates a ‘searchlight’,
F, of radius r at a random position over the image I. The intuition is
that only the pixels under F are exposed to the model (all other pixels
being set to a baseline value).

If F contains an explanation (i.e. the exposed pixels already have
the required classification), we invoke the minimize procedure to re-
move redundant pixels (Line 6). The reason for potential redundancy
is that 7 may have included too many pixels by virtue of its circular
shape. The minimize procedure consists of obtaining the responsi-
bility ranking of all pixels inside F, setting all those pixels outside
F to responsibility 0, and using the greedy algorithm from [10] to
add in pixels based on their responsibility. The stopping condition
is the desired classification. This process is guaranteed to succeed
because F already contains at least the sufficient pixels. Pixels with
0 responsibility are never added to an explanation.

A randomly placed searchlight might not contain an explanation,
either due to its size or to its location. Rather than changing the
location of F immediately, we first increase its size. If we start too
small, we might miss all explanations (that is, 7 would never be large
enough to capture all the necessary pixels). The number of expansions
and size of expansion are controlled by hyperparameters.

If increasing the size of F still does not result in an explanation, the
algorithm changes its location and resets to the original size. This step
is guided by an objective function; by default, the objective function
is the mean of the responsibility of the pixels contained in F. Thus,
JF moves towards the areas with a higher average responsibility; these
areas are more likely to contain an explanation.

Finally, the separate procedure (Algorithm 3) separates a subset of
at most n explanations that overlap on pixels up to the bound 4. § is a
value between 0 and 1, where O stands for “no permitted overlap”, and
1 means “no overlap restrictions”. As discussed in Section 4, the exact
solution is NP-hard. The separate procedure uses a greedy heuristic
based on the Sgrensen—Dice coefficient (SDC) [13, 37], typically used
as a measure of similarity between samples. First, we create a list of
all pairs in €& which overlap by more that §. We then iterate backwards
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Figure 3: A schematic depiction of MultiReX, returning a set of explanations £ for a given input image. Its components: @ ranking generates a
responsibility landscape of pixels; @ search launches x searchlight searches over the landscape; ® minimize minimizes the explanations
founds in @; @ separate produces a maximal subset £ from the output of @, with the given overlap bound.

Algorithm 3 separate (€, 9)

INPUT: a set of explanations &, a permitted degree of overlap §
OUTPUT: a subset of explanations £ C £ with overlap at most §

: all_pairs < € x &

. bad_pairs <

: for (pi, pj) in all_pairs do

SDC' « dice_coefficient(p;, p;)

if SDC > § then
bad_pairs < bad_pairs U (ps, pj)

end if

: end for

: fore € £ do

if e does not contain any bad_pairs then
return e

end if

13: end for

14: return ()

—_—_ =
N2 e

through the powerset of £, 2 (i.e. starting from the complete £ and
not () and stop at the first set e € 2° which does not contain one of
the previously discovered ‘bad’ pairs. As an added optimization, when
iterating through 22, we order all subsets e with the same cardinality
by the total area of the contained explanations. Thus, the algorithm
stops at the largest number of explanations with the smallest overall
area and with overlap less that 4.

6 Experimental Results

Implementation We implemented Algorithm 1 in the tool MultiReX
for generating multiple causal explanations. Given a responsibility
landscape, by default, MultiReX attempts to find 10 explanations (a
parameter). In practice, it is computationally inexpensive to find more
explanations, but our experimental results demonstrate that images
with more than 6 explanations are rare (~ 1% of images).

Comparison to SAG  As discussed earlier, SAG’s definition of expla-
nation is sufficiently different as to make exact comparison difficult.
SAG uses a beam search over a 7 x 7 grid to discover multiple ex-
planations. This strategy results in the search space of size 2%° (the
number of subsets of regions of the SAG grid), and SAG attempts to
solve the exponential explosion problem by reducing the search space
at random.

Furthermore, SAG accepts a region as an explanation if the confi-
dence of the original label, [, on this region is greater than a confidence
bound, regardless of its position in the model’s output tensor. That is,

SAG might output an explanation to an entirely different label than
the top classification of the input. The confidence bound of SAG is
based on a hyperparameter ‘probability threshold’ and confidence on
the original image. This is in contrast with MultiReX’s much stricter
definition of explanation, where a subset of pixels constitute an ex-
planation is they alone are classified [ by the model, where [ is the
top classification, regardless of the model’s confidence. In order to
perform a fair comparison, we evaluate both tools twice, each time
with the default settings of one of them. Namely, we run SAG with
default settings (specifically, with the probability threshold 0.9) and
compare it against MultiReX where we set a minimum confidence
threshold for an explanation at 0.9 as well. Note that is still not an
entirely fair comparison, as MultiReX always explains the top classifi-
cation, contrary to SAG. We also perform the comparative evaluation
with setting SAG’s probability threshold to 0> and leaving MultiReX’s
minimum confidence threshold at its default value of 0.

We set the maximum number of explanations in both tools to 10.
SAG requires the user to set the maximal allowed overlap in grid
squares, with suggested values of 0, 1, or 2. MultiReX does not mea-
sure overlap in blocks, as its responsibility landscape is continuous
(or, rather, discrete at the level of a single pixel). For a fair comparison,
we limit both tools to non-overlapping explanations. Apart from these
changes, the experiments are performed on MultiReX and SAG with
default settings.

Datasets and Models For our experiments, we use 3 differ-
ent models from TORCHVISION with default weights. The models
are ‘resnet50’, ‘convnext_large’ and ‘vit_b_32’. We use 3 differ-
ent publicly available datasets: ImageNet-mini validation®, Pascal
VOC2012 [15] and ECSSD [34].

Experimental Results A natural and quantifiable performance mea-
sure for multiple explanations is the number of significantly different
explanations produced for each image. We also consider, for SAG, the
position of the explanation in the model output (for MultirReX, this
position is always 0, as MultiReX always explains the actual (top)
classification). We also consider the size of explanations: in general,
a good explanation should be close to minimal, i.e. having as few ex-
traneous pixels as possible. This has an important bearing on multiple
explanations if we do not have overlap: one cannot fit many large
explanations in a standard-size image.

The experiment was performed on a 64-core machine running
Ubuntu 20.04.6 with a 48GB RAM and several Nvidia A40 GPUs.
For the sake of space, we present complete results for ResNet50 in
the paper and other results in the supplementary material. The results
for the other models follow the same pattern as for ResNet50. The

2 In reality, we found setting it to 0.0 precisely resulted in no explanations, so
for our experiment we used the value 0.01
3 https://www.kaggle.com/datasets/ifigotin/imagenetmini-1000



No. | Datasets
No. | Datasets Exp
Exp | ImageNetlk Voc ECSSD | ImageNetlk Voc ECSSD
| MULT | SAG || MULT | SAG || MULT | SAG | MULT | SAG || MULT | SAG || MULT | SAG
1| 2052 | 2757 || 931 | 1138 || 548 | 732 1| 333 517 291 ] 263 | 158 | 112
IEEFERERE IFHEBEBREE
3 489 | 246 125 64 106 53
4 974 | 540 222 | 180 171 | 173
4 135 | 103 15 13 25 15
5 30 0 2 5 3 9 5 571 | 430 77 | 142 90 | 121
6 1 18 2 3 3 6 246 276 22 79 32 66
7 N T _ 5 N X 7 52| 223 3| 63 6| 57
8+ - 14 _ 2 _ ’ 8+ 11 | 684 -] 214 - 174

(a) Default SAG and MultiReX with at least 90% of original
confidence and for the top classification. More than 1 explanation
is good.

(b) MultiReX with default parameters; SAG with a probability
threshold of 0.01. SAG produces more explanations, but they
are not for the top classifications (see Table 2b), rendering this
comparison non-informative.

Table 1: SAG and MultiReX on ResNet50. Table 1a shows SAG with default probability threshold of 0.9. We force MultiReX to use the same
confidence threshold, while still producing the top classification. MultiReX finds more explanations per image in general than SAG. Table 1b
shows the effect of removing SAG’s probability threshold, to bring it closer to MultiReX’s behavior. MultiReX still performs well, but SAG’s
output is close to noise.

‘ Number of SAG Explanations

‘ Number of SAG Explanations

Position Position
| ImageNet | VOC | ECSSD | ImageNet | VOC | ECSSD
0 3698 1221 860 0 94 20 13
1 181 166 111 1 69 33 17
2 28 150 22 2 51 20 11
3 13 7 5 3 63 17 8
4 2 4 1 4 82 28 11
5+ 1 1 1 5+ 3565 1331 940
Total in position 0 (%) | 94% | 84% | 86% Total in position 0 (%) | 2% | 1% | 1%

(a) Position in the output tensor for ResNet50 explanations as
produced by SAG at 0.9 probability threshold.

(b) Position in the output tensor for ResNet50 explanations as
produced by SAG at O probability threshold.

Table 2: Positions of SAG’s explanations in the output of a ResNet50 model. The tables illustrate SAG’s strong dependence on the probability
threshold parameter: when it is 0.9, the majority of SAG’s explanations (though not all) are for the top classification, as shown in Table 2a; when
the probability threshold is close to 0, SAG’s output is for classifications further down on the list, resulting in nonsensical explanations. For
values between 0.9 and 0 SAG’s output is between these two extremes.

‘vit_b_32’ model accepts a lower number of multiple explanations for
both tools (see supplementary material).

Table 1a shows the comparison of SAG with default parameters
against MultiReX with a confidence threshold of 0.9. Table 2a shows
the positions of SAG’s explanations in the model output. It seems
unreasonable to accept a set of pixels explaining a classification at the
6" position as an explanation for the top classification.

At threshold 0.9, SAG’s output mostly (though not always) refers to
the top classification, and MultiReX finds more multiple explanations
in general. SAG’s dependence on the probability threshold parameter
is illustrated in Table 2. With the threshold close to 0, one of the
SAG’s explanations was in position 831 out of the possible thousand
positions for an input in ImageNet.

The average size of an explanation for MultiReX is ~ 8% of the
input image across the 3 datasets. In contrast, the average size of
SAG’s explanations when run with 0.9 threshold (hence producing
explanations mostly for the top classification) is &~ 14% of the input
image, showing that MultiReX produces much tighter explanations.

MultiReX, unlike SAG, is consistent in its explanations: small and
the top classification, regardless of probability threshold. If we in-

crease the probability threshold for MultiReX, the explanations be-
come a little larger. We do not have the problem seen by [25]: a
plethora of ‘explanations’ with little or no explanatory power. It
becomes much clearer that the ‘compositionality’ of the different
models is significantly different. In particular, the decision process of
ResNet50 is similar to the one of ConvNext, and both are significantly
different from that of the ViT model.

Timings MultiReX takes an average of 15 seconds per image on
our machine, for 20 iterations of the main algorithm. SAG, with the
default probability threshold 0.9, takes on average 10 seconds; with
a threshold of 0.01, SAG is faster, at 2 to 3 seconds, but produces
uninformative results.

7 Conclusions

We have introduced MultiReX, a novel explanation-discovery algo-
rithm based on the responsibility landscape constructed in the ranking
procedure and a “spotlight” search, ensuring different spatial locations
for explanations.
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