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Abstract
Obtaining high-quality explanations of a model’s output en-
ables developers to identify and correct biases, align the sys-
tem’s behavior with human values, and ensure ethical compli-
ance. Explainable Artificial Intelligence (XAI) practitioners
rely on specific measures to gauge the quality of such expla-
nations. These measures assess key attributes, such as how
closely an explanation aligns with a model’s decision pro-
cess (faithfulness), how accurately it pinpoints the relevant
input features (localization), and its consistency across dif-
ferent cases (robustness). Despite providing valuable infor-
mation, these measures do not fully address a critical prac-
titioner’s concern: how does the quality of a given explana-
tion compare to other potential explanations? Traditionally,
the quality of an explanation has been assessed by compar-
ing it to a randomly generated counterpart. This paper intro-
duces an alternative: the Quality Gap Estimate (QGE). The
QGEmethod offers a direct comparison to what can be viewed
as the ‘inverse’ explanation, one that conceptually represents
the antithesis of the original explanation. Our extensive test-
ing across multiple model architectures, datasets, and estab-
lished quality metrics demonstrates that the QGE method is
superior to the traditional approach. Furthermore, we show
that QGE enhances the statistical reliability of these quality
assessments. This advance represents a significant step to-
ward a more insightful evaluation of explanations that enables
a more effective inspection of a model’s behavior.

1 Introduction
Model output explanations play a crucial role in AI align-
ment by enhancing transparency, understandability, and
trustworthiness in AI systems. In most contexts related to ex-
plainability, ground-truth explanations are unavailable (Das-
gupta, Frost, and Moshkovitz 2022; Hedström et al. 2023).
This absence inherently complicates the task of evaluating
explanations. Consequently, efforts to evaluate explanations
vary widely, ranging from assessing the robustness of expla-
nations to noise, their complexity, and their localization, to
evaluating how faithfully an explanation represents the un-
derlying model.

Although it is not possible to develop a metric based on
verified ground truth, a crucial insight is that the adequacy of
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an explanation can still be assessed by comparing it relative
to other explanations with the use of quality measures. Com-
monly, XAI evaluation methods yield numerical fitness mea-
sures that indicate the degree to which an explanation ad-
heres to a certain criterion. However, these numerical values
do not provide insight into an explanation’s standing relative
to the spectrum of possible explanations. In this study, we
introduce a method that quantifies the quality of attribution-
based explanation methods by efficiently estimating how an
explanation’s quality compares to the rest of the potential ex-
planations. Despite its apparent simplicity, our evaluations
using various sanity checks demonstrate that this strategy
enhances the reliability of quality metrics.

While other studies have employed different notions of
randomness to compare or evaluate explanation methods
(Bommer et al. 2023; Samek et al. 2017; Adebayo et al.
2018), these approaches are often more computationally
intensive and yield less favorable results. The proposed
method is independent of the specific dataset, model, task,
and, importantly, of the quality metric used.

The main contributions of this paper include:

• The introduction of the Quality Gap Estimate (QGE),
a novel evaluation strategy that renders existing quality
metrics more informative by aiding in the determination
of an explanation’s quality relative to alternatives with a
limited increase of computational requirements.

• A redefinition of the problem of assessing the superior-
ity of an explanation over its alternatives as a sampling
problem, which generalizes the conventional method of
comparison with a random explanation.

• An assessment of the applicability of QGE across a wide
array of established quality metrics, evaluating its impact
on various dimensions including faithfulness, localiza-
tion, and robustness.

• The presentation of experimental findings that demon-
strate an enhancement in the statistical reliability of exist-
ing quality metrics through the application of QGE, pro-
viding XAI practitioners with more reliable interpreta-
tion tools.
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Figure 1: (Step 1). The usual XAI pipeline allows the user to obtain an explanation e for a prediction ŷ using any explanation
method. This is demonstrated for two distinct inputs (x0 and x1), producing predictions ŷ0 and ŷ1, and explanations e0 and
e1, respectively. (Step 2). To assess the quality of explanation e for prediction ŷ, the user computes a quality measure q. In
this example, we use the area under the Pixel-Flipping curve, though the method can work with any attribution-based quality
measure. (Problem) Despite both input/explanation pairs registering identical q values, it remains unknown to the user that e0
has higher quality than most explanations for the first prediction, while e1 has average quality compared to other explanations
for the second prediction, as shown by their histograms. (Solution) To allow the user to effectively gauge the relative quality
of explanation e against alternative explanations e′, we introduce QGE, which measures the difference between the quality of
e and the quality of einv (a rearrangement of e ranking features in reverse order). This comparative quality metric does not
require costly sampling of the q distribution. Although both explanations have equivalent q values, using QGE, the user can
discern that e0 is a high-quality explanation for the first prediction, while e1 is merely average for the second one. The user
may then seek a better explanation for the second prediction.

2 Related Works
Evaluating the quality of methods without ground truth
explanation labels is a significant challenge for reser-
achers (Brunke, Agrawal, and George 2020; Brocki and
Chung 2022; Rong et al. 2022; Hedström et al. 2023). Many
studies have shown that faithfulness metrics are highly sen-
sitive to their parameterisation during evaluation; altering
patch sizes or pixel occlusion tactics can significantly affect
the outcomes (Tomsett et al. 2020; Brunke, Agrawal, and
George 2020; Brocki and Chung 2022; Rong et al. 2022;
Hedström et al. 2023). These findings are concerning; if
small changes in parameters cause large variations in evalu-
ation outcomes, it may be hard to trust the results.

For more reliable estimations of explanation quality, indi-
vidual explanation methods have been evaluated relative to
a random baseline (Samek et al. 2017; Nguyen and Martinez
2020; Ancona et al. 2018). The concept of using the random
explainer as a worst-case reference point has also been used
for calculating explanation skill scores (Bommer et al. 2023)
or as part of a paired t-test to compare with existing expla-
nation methods (Rieger and Hansen 2020). Most similar to
our work (Blücher, Vielhaben, and Strodthoff 2024) is incor-
porating information about the pixel-flipping inverse curve.
Our contribution is different in both aim and applicability.
Their approach aims at enhancing the occlusion process,
specifically the masking strategy for pixel-flipping (Samek
et al. 2017). We provide a general-purpose evaluative solu-
tion applicable across various explanation metrics such as
localization, faithfulness, and robustness.

3 Method
3.1 A Framework for Explanation Quality
Consider a classification problem where we have a model,
denoted as a function f that maps an input x ∈ RD to an
output ŷ ∈ {1, . . . , C}. This function estimates the proba-
bility distribution across classes i.e., f(x)i = p(yi|x) ∀i ∈
{1, . . . , C}, so ŷ = argmax(f(x)). To identify the features
utilized by the model to predict ŷ, we employ an explanation
function Φ as follows:

Φ(x, f, ŷ) = e (1)

Φ outputs a real-valued vector e with D components that as-
sign attribution to each feature xi in x, indicating its relative
importance in f ’s prediction of class ŷ.

Various methods exist to assess the suitability or fitness
of e based on different attributes. Generally, we can define a
quality measure Ψ as a function that evaluates the quality of
a given explanation e, relative to the model f , the input x,
and the predicted label ŷ. For brevity, we denote this scalar
value as qe, and we use simply q to refer to the function with
a fixed f , x, and ŷ that evaluates a given explanation:

qe := q(e) := Ψ(e,x, f, ŷ) (2)

3.2 The Need for Relative Information
The value qe provides practitioners with a measure of how
well an explanation e adheres to predefined quality criteria.
It enables comparisons between different explanations by

27259



contrasting qe with qe′ . However, a crucial question remains
for practitioners: How good is e compared to the whole set
of alternative explanations? (see Figure 1).

To answer this question, we could check the position of
qe in the unknown distribution of q across all possible ex-
planations e′. Yet, this approach is impractical as it requires
calculating the distribution of q for all possible explanations,
which is computationally infeasible.

A strategy to tackle this problem consists of estimating
the latent distribution of the quality measure by sampling q
values. For instance, Pixel-Flipping (Bach et al. 2015) com-
pares qe against qer which represents the quality score for
a random explanation (denoted er). This method effectively
performs a single-sample estimation of the quality distribu-
tion. Pixel-Flipping transforms the original quality measure
q into a new transformed measure:

qt(e) = Ψ(e,x, f, ŷ)−Ψ(er,x, f, ŷ) = qe − qer (3)
However, relying on just one random sample (qer ) can

compromise the accuracy of the estimation. A more robust
transformation would involve sampling multiple random ex-
planations, computing their quality, and calculating an aver-
age. Yet, this method incurs higher computational costs.

To overcome these challenges, our goal is to develop a
transformed quality measure qt that satisfies the following
criteria:
(R1) Provides a value that clearly indicates the relative

standing of qe within the latent distribution of all possible
qe′ values. By evaluating qt(e), a user should be able to
determine whether e’s quality is above-average, average,
or below-average.

(R2) Preserves the comparative information inherent in q,
especially its capacity to rank explanations. Given a ex-
planation ei, any explanation ej with higher quality,
should also have a higher qt. More formally, qt should
be constructed so that, given any pair of explanations
(ei, ej), if qei < qej holds, then qt(ei) < qt(ej).

(R3) Is computationally efficient.

3.3 Proposed Method
We propose using the einv explanation, which ranks features
in inverse order to e, as an alternative to the commonly used
random explanation er. This approach aims to improve the
quality of estimations while maintaining low computational
cost. Given o = argsort(e), we define

einvoi := eoD−i+1
∀i ∈ [1..D] (4)

where D is the number of variables in e. Therefore, einv
is a permutation of the values of e constructed so that the
most attributed variable in e gets the smallest attribution in
einv , the second most attributed variable in e gets the second
smallest attribution, and so on. einv is, then, the opposite
interpretation of the original explanation e. An example of
this procedure is shown below.

e = [0.1,−0.1, 9.0, 4.0] o = argsort(e) = [1, 0, 3, 2]

einv = [4.0, 9.0,−0.1, 0.1] argsort(einv) = [2, 3, 0, 1]

By design, the ranking by attribution of the features in einv

is the same as for e, but in reverse order (i.e. argsort(e) =
reversed(argsort(einv))).

Once we have einv, we define the proposed transforma-
tion, which we will call its Quality Gap Estimation (QGE),
as the difference between the quality value of the original
explanation e and the quality value of einv:

QGE = Ψ(e,x, f, ŷ)−Ψ(einv,x, f, ŷ) (5)

The rationale behind this method is intuitive: QGE in-
creases not only when Ψ(e,x, f, ŷ) is high, indicating the
high quality of e, but also when Ψ(einv,x, f, ŷ) is low, re-
flecting the poor quality of the inversely ranked explanation.
A substantial gap between these values suggests that many
random explanations would have quality values falling be-
tween these two, thereby indicating that e is of much higher
quality than an average-quality explanation. Conversely, a
small QGE implies that the quality difference between e
and einv is minimal, suggesting that the order in which e
ranks features is approximately as effective as any alterna-
tive, regardless of the absolute value of qe. This pattern sug-
gests that QGE satisfies requirement R1, with values approx-
imately zero for average-quality explanations, negative for
below-average, and positive for above-average explanations.
Moreover, if R2 is met, the more above-average e’s quality
is, the higher QGE will be, and similarly, the more below-
average qe’s quality is, the lower QGE will be. The level of
compliance with R2 is assessed in Section 4.1.

Regarding R3, this requirement is met because QGE can
be computed quickly. Generally, the cost of computing any
transformation qt is dominated by the cost of computing Ψ,
which is generally a costly function. The fewer times a trans-
formation qt needs to compute Ψ, the faster it will be. De-
termining the QGE requires computing Ψ only twice (the
original Ψ(e,x, f, ŷ), and the additional Ψ(einv,x, f, ŷ)).
This approach avoids the computational expense of needing
multiple samples of Ψ for different explanations to estimate
a distribution, as alternative methods do. Other than com-
puting Ψ, QGE requires a single subtraction and computing
einv as indicated in Eq. 4. While the time needed to compute
einv is generally negligible compared to the cost of comput-
ing Ψ, this step can also be sped up in most cases. Although
Eq. 4 preserves the original attribution values and reallocates
them in reverse order, an alternate but straightforward com-
putation could set einvi := −ei∀i ∈ [0..D] to achieve the
goal of inversely ranking features compared to e (argsort(e)
= reversed(argsort(einv))). However, the magnitudes of the
attributions are not maintained after this transformation and,
in instances where the quality metric Ψ requires bounded at-
tribution values, users would need to adhere to the original
formulation in Equation 4 if a shift and scale of einvi := −ei
is unsuitable.

An implementation of QGE for a wide variety of quality
measures is available in the Quantus toolkit: https://github.
com/understandable-machine-intelligence-lab/Quantus

4 Experimental Results
To verify the quality of our method we performed experi-
ments focused on two main points:
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• Assesing the level of compliance of QGE with the re-
quirements listed in Section 3.2:

(R1) is met by the design of QGE (see intuitive explanation
after Eq. 5). We report a complete exploration of the
QGE distribution that confirms this.

(R2) Evaluating QGE in its ability to preserve the informa-
tion inherent in the original quality metric q (R2). The
details of this evaluation are discussed in Section 4.1.

(R3) The cost of computing a transformation qt is domi-
nated by how many times it needs to compute the orig-
inal quality function Ψ. Our experiments confirm this,
and the results presented allow the comparison of QGE
with an alternative of similar cost.

• Assessing the statistical reliability of QGE compared
to competitive baseline methods. The experiments con-
ducted for this are reported in Section 4.2.

In our experiments, we took a fixed model f , input sam-
ple x, and label y. Although these parameters remained con-
stant for each individual experiment, we varied them across
different experiments to test the robustness and general ap-
plicability of our method.

The code used for all experiments is available at https:
//github.com/annahedstroem/eval-project

4.1 Suitability of QGE
For our initial experiments, we employed the
Pixel-Flipping quality measure (Bach et al. 2015).
Let fy(x) represent the output of model f for class y, and
P(x, e,M) denote a perturbation function that modifies
all features of x except for the M most attributed features
according to explanation e (with M ∈ [0, D]). The quality
of explanation e is then measured as the average value1 of
fy(x) over all possible levels of feature selection M :

qe := Ψ(e,x, f, y) =
1

D

D∑
m=0

fy(P(x, e,m)) (6)

In this experimental setup, the perturbation function
P(x, e,M) results in x′, where the D − M least relevant
features (as determined by e) are replaced with zeros. This
introduces the well-known problem that x′ is outside the dis-
tribution for which the model f was trained (Hase, Xie, and
Bansal 2021), an issue that is addressed below (see “Advan-
tage of using QGE vs. QRAND1 across datasets and models”).

We compared two different transformations: our evalua-
tion measure, QGE, was compared against QRANDK, a base-
line measure that estimates the quality distribution across all
explanations by sampling k random explanations. It calcu-
lates the difference between qe and the average quality of
those k samples, generalizing the usual comparison with a
single random explanation.

QRANDK = qe −
∑K

i=0 qrk
K

(7)

1Some implementations measure the area under the curve in-
stead of the average activation level. Both alternatives are equiva-
lent since they are proportional.

where qrk represents the quality of a random explanation.
To assess adherence to R2 for both quality metric transfor-

mations qt (either QGE or QRANDK for a range of k values),
we used the following evaluation metrics (both implemented
in SciPy (Virtanen et al. 2020)):

• Kendall rank correlation (τ ): As a direct translation of
R2, we computed Kendall’s rank correlation τ , i.e. the
level of agreement of the order after the transformation
with the order after the transformation (i.e. qi < qj =⇒
qti < qtj and qi > qj =⇒ qti > qtj).

• Spearman correlation (ρ) between the transformed
quality metric qt (either QGE or QRANDK) and the origi-
nal q.

Four scenarios are reported in Section 4.1: (a) the exam-
ination of the complete set of all possible explanations for
two small datasets; (b) an exploration in larger datasets; (c)
an analysis of the effect of the model used; and (d) the use
of measures other than Pixel-Flipping.

a. Exhaustive exploration of the explanation space We
first tested our method using two small datasets in which the
complete list of all possible explanations can be enumerated
in a reasonable time. It’s crucial to note that differences in qe
and qe′ arise solely when e and e′ differ in their feature rank-
ing orders. This constraint significantly simplifies the space
of possible explanations and facilitates the enumeration pro-
cess.

The datasets selected for this experiment were the
Avila dataset (Stefano et al. 2018) and the Glass
Identification dataset (German 1987), both small
tabular datasets. Given the limited number of variables in
these datasets, the complete set of distinct explanations (with
respect to q; i.e. every attribution vector that yields a dif-
ferent order when argsorted) corresponds to the set of all
possible permutations of the variables. This set can be ex-
haustively explored. The examples in Avila consist of 10
variables, which yields a total of 10! = 3, 628, 800 differ-
ent explanations while Glass has 9 variables, amounting
to 9! = 362, 880 explanations.

Our analysis confirms that the distribution of QGE is cen-
tered on zero (see Appendix A.1). Consequently, if R2 is
met, (i.e. high-quality explanations obtain higher QGE val-
ues), then R1 is also met since the user can clearly distin-
guish between explanations with an above-average quality
(which have positive QGE) and explanations with below-
average quality (which have negative QGE). The following
experiments aim to assess the degree to which R2 is met.

For each dataset, we trained a Multilayer Perceptron
(MLP). The models achieved test accuracies of 0.99 on the
Avila dataset and 0.77 on the Glass dataset, respectively.
For each explanation e in the set of all possible explanations,
we calculated qe (Eq.6), QGE (Eq. 4), and QRANDK (Eq. 7)
for values of k ranging from 1 to 10.

Order preservation: Kendall’s τ To measure the extent
to which a transformation qt (either QRANDK or QGE) pre-
serves the order of the original quality measure q, we com-
pute Kendall’s τq,qt.
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In Fig. 2 we report the results for 5 different x inputs,
for each of which all possible explanations were computed.
These show that for Avila, on average, using QGE as a
transformation maintains the correct ordering for 85% of
pairs, which results in a τq,QGE of 0.7 (± 0.12). To obtain a
comparable result with the conventional QRANDK, more than
k = 6 random samples are needed. Similarly, for the Glass
dataset, QGE obtains a τq,QGE value of 0.74 (±0.12), equiva-
lent to using more than 6 random samples. Additional results
(reported in the Appendix) confirm that a similar advantage
is also found when measuring Spearman’s rank correlation
(ρ) instead of Kendall’s τ .

Figure 2: Kendall’s τ for the Avila and Glass datasets.
The blue line indicates the average τq,QRANDK for each value
of K over 5 different inputs, with the shaded area showing
the average ±σ. The orange line records the average τq,QGE,
with dashed lines representing the average ±σ.)

Ability to rank exceptionally high-quality explanations
We analyzed Kendall’s τ between q and qt for different sub-
sets of explanations, stratified by their quality levels. The
results, depicted in Fig. 3, illustrate that the capability of qt
to accurately rank explanations improves with the increas-
ing quality of the explanations. Notably, this improvement
is significantly more pronounced for qt = QGE compared
to qt = QRANDK, indicating a superior performance in dis-
tinguishing high-quality explanations, which are usually the
focus of practitioners.

These experiments show that QGE meets requirement R2
to a higher extent than the existing alternative, QRANDK ex-
cept for large values of K. Moreover, the computational cost
of QRANDK is proportional to K, so it needs to far exceed
the computational cost of QGE, which is on par with the
computational cost of QRAND1 (two calculations of Ψ). This
demonstrates that QGE also complies with R3 to a much
higher extent than QRANDK to obtain comparable perfor-
mance.

b. Performance on larger datasets To confirm the appli-
cability of our findings across different types of data and
larger datasets, we expanded our experiments to include both
image datasets (MNIST, CIFAR, ImageNet) and a textual
dataset (20newsgroups).

For 20newsgroups, we trained an MLP model that
achieved an accuracy of 0.78. For MNIST, we utilized a
small convolutional network with 0.93 accuracy, and for
CIFAR, a ResNet50 network obtained an accuracy of
0.77. With ImageNet, we tested five different pre-trained

Figure 3: Kendall’s τ for explanations of a given level of
exceptionality. The blue line represents the average correla-
tion τq,QRANDK for each K value across 10 different inputs,
with the shaded area indicating the average±σ. The orange
line shows the average correlation τq,QGE, with dashed lines
marking the average ±σ.

models from the TorchVision library: three convolutional ar-
chitectures (ResNet18, ResNet50, and VGG16) and two
attention-based architectures (ViT b 32 and MaxViT t).

Due to the impracticality of processing all possible expla-
nations for these larger datasets, we sampled 10,000 random
explanations for each tested input2. For each dataset-model
pair, 25 different inputs were tested, and we report the aver-
age increase in Kendall’s τ when using QGE as opposed to
QRAND1 (∆τ = τq,QGE−τq,QRAND1

) and the average increase
in Spearman’s ρ (∆ρ = ρq,QGE − ρq,QRAND1

).
The results3, detailed in Table 1, consistently show a sub-

stantial positive impact on both Kendall and Spearman cor-
relation when using QGE instead of QRAND1 across a variety
of datasets and model architectures.

c. Advantage of using QGE vs. QRAND1 across datasets
and models As discussed in Section 4.1, using the
Pixel-Flipping average activation as a quality mea-
sure necessitates a perturbation function that transforms in-
puts, potentially pushing the model to operate on data points
outside of its training distribution (Hase, Xie, and Bansal
2021). To mitigate any effects from this interaction, we re-

2Although random explanations frequently have lower quality
than explanations obtained with existing explanation methods, the
latter are costly to obtain, and too few to yield statistically sig-
nificant results. Moreover, Section 4.1 shows that the effect ob-
served for average-quality explanations is maintained or enhanced
for high-quality explanations, indicating that exploring a sizable
set of random explanations is more informative for this experiment
than exploring a handful of very good explanations.

3Importantly, a well-known issue when explaining predictions
involving images is that pixel-level perturbations interact subopti-
mally with convolutional networks. A prevalent solution involves
using explanations at the superpixel level (Blücher, Vielhaben, and
Strodthoff 2024)). Therefore, we used superpixel level explana-
tions for CIFAR and ImageNet (4x4 and 32x32 superpixels, re-
spectively). For completeness, the results for explanations at the
pixel level are reported in the Appendix.
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DATASET MODEL ∆τ ∆ρ

20NEWSGROUPS MLP 0.090±0.05 0.093±0.06
MNIST MLP 0.214±0.04 0.200±0.03
CIFAR RESNET50 0.054±0.04 0.059±0.05
IMAGENET RESNET18 0.110±0.02 0.115±0.02
IMAGENET RESNET50 0.150±0.03 0.149±0.03
IMAGENET VGG16 0.108±0.08 0.106±0.07
IMAGENET VIT B 32 0.139±0.03 0.141±0.02
IMAGENET MAXVIT T 0.132±0.08 0.127±0.07

Table 1: Magnitude of the increase in Kendall and Spearman
correlation when using QGE instead of QRAND1 on large
datasets.

AVILA
MODEL ACC. σ(q) ∆τ ∆ρ

MLP 0.99 0.191 0.198±0.12 0.173±0.10
OOD-MEAN 0.80 0.080 0.288±0.05 0.245±0.03
OOD-ZEROS 0.80 0.085 0.247±0.09 0.213±0.06
UNDERTR. 0.75 0.105 0.315±0.06 0.257±0.03
UNTRAINED 0.05 0.001 0.434±0.01 0.298±0.00

GLASS
MODEL ACC. σ(q) ∆τ ∆ρ

MLP 0.77 0.198 0.241±0.11 0.204±0.09
OOD-MEAN 0.63 0.070 0.314±0.01 0.262±0.01
OOD-ZEROS 0.63 0.052 0.267±0.06 0.230±0.04
UNDERTR . 0.60 0.168 0.191±0.02 0.184±0.02
UNTRAINED 0.23 0.007 0.173±0.10 0.163±0.08

Table 2: Magnitude of the increase in Kendall and Spear-
man correlation when using QGE instead of QRAND1 for the
Avila and Glass datasets and different models all using
an MLP architecture: MLP refers to the fully trained model
exposed to no masked input; ood-mean and ood-zeros
were exposed during training to inputs masked with ze-
ros and the average value of each attribute, respectively;
undertr. was trained only until achieving 70% the ac-
curacy of the fully trained model; and untrained was not
exposed to any data. σ(q) indicates the standard deviation of
the distribution of q across all possible explanations.

peated the experiments from Section 4.1 using models that
were exposed to masked inputs during training, as outlined
in (Hase, Xie, and Bansal 2021). Furthermore, we experi-
mented with masking using the average value for each in-
put attribute, rather than zeros. We also tested models with
reduced accuracies to diversify the conditions. Table 2 sum-
marizes the average results from these experiments for five
different inputs.

These results show that using QGE consistently yields bet-
ter outcomes than QRAND1, irrespective of the dataset or
model type. However, the nature of the model significantly
influences the extent of the advantage offered by QGE. A
deeper analysis of this effect is included in Appendix A.4.

PIXEL-FLIPPING
MODEL ∆τ ∆ρ

RESNET18 0.142±0.07 0.138±0.06
VGG16 0.102±0.04 0.106±0.03

FAITHFULNESSCORRELATION
MODEL ∆PA ∆ρ

RESNET18 0.007±0.01 0.007±0.02
VGG16 0.009±0.01 0.012±0.01

FAITHFULNESSESTIMATE
MODEL ∆PA ∆ρ

RESNET18 0.368±0.02 0.279±0.02
VGG16 0.397±0.02 0.290±0.02

MONOTONICITYCORRELATION
MODEL ∆PA ∆ρ

RESNET18 0.353±0.05 0.277±0.02
VGG1 0.374±0.03 0.288±0.01

Table 3: Magnitude of the increase in Kendall and Spearman
correlation when using QGE instead of QRAND1 for faith-
fulness metrics on predictions of a ResNet18 and VGG16
models on the Imagenet dataset.

d. Suitability for other quality metrics All experiments
reported above use Pixel-Flipping (Bach et al. 2015)
as a quality metric. This metric is a popular choice, which
is why we have explored it extensively. However, to de-
termine whether the observed effects are consistent across
different quality measures, we tested our method using a
variety of measures spanning different quality dimensions.
For all measures, we used the implementations in the Quan-
tus (Hedström et al. 2023) library.

Faithfulness metrics In addition to Pixel-Flipping,
we tested Faithfulness Correlation (Bhatt,
Weller, and Moura 2020), Faithfulness Estimate
(Alvarez-Melis and Jaakkola 2018), and Monotonicity
Correlation (Arya et al. 2019) for 1,000 random
explanations. The results, summarized in Table 3, show that
QGE performs superiorly to QRAND1 for all measures, ob-
taining substantial increases for three of the four measures.
However, it offers little advantage for Faithfulness
Correlation. This metric is known to be unstable, often
yielding highly variable results for the same input across
different executions (Tomsett et al. 2020; Hedström et al.
2023; Hedström et al. 2023). This variability undermines
the informative advantage of Ψ(einv,x, f, ŷ) (Eq. 5) over
Ψ(er,x, f, ŷ) using a random explanation er, explaining
the lack of advantage observed.

Localization metrics We evaluated the effectiveness
of QGE using various localization measures, including
AttributionLocalisation (Kohlbrenner et al.
2020), TopKIntersection (Theiner, Müller-Budack,
and Ewerth 2022), RelevanceRankAccuracy,
RelevanceMassAccuracy (Arras, Osman, and Samek
2022), and AUC (Fawcett 2006). For these tests, we uti-
lized the CMNIST dataset (Bykov et al. 2022), training a
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CMNIST - RESNET18

MEASURE ∆τ ∆ρ
ATTR.LOC. 0.500±0.00 0.309±0.00
TOPKINT. 0.015±0.01 0.022±0.01
REL.RANKACC. 0.089±0.02 0.093±0.02
REL.MASSACC. 0.501±0.01 0.310±0.01
AUC 0.496±0.00 0.304±0.00

Table 4: Increase in Kendall and Spearman correlation when
using QGE instead of QRAND1 for different localization met-
rics on predictions of a ResNet18 model on CMNIST data.

ResNet18 model to perform the evaluations. We then
assessed the localization of 10,000 random attributions
using these measures, applying both the QRAND1 and
QGE transformations. The results are summarized in
Table 4, which reports increases in Kendall and Spear-
man correlation when using QGE instead of QRAND1.
QGE consistently outperforms QRAND1 across all tested
localization metrics, enhancing both the Kendall and the
Spearman correlation of the transformed metrics with the
original ones. The magnitude of the advantage that QGE
provides over QRAND1 varies depending on the nature of
the quality metric used, with the most significant improve-
ments observed using AttributionLocalisation,
RelevanceMassAccuracy and AUC.

Robustness and randomization metrics We considered
incorporating robustness and randomization metrics into our
evaluations. These metrics assess the explanation method it-
self rather than the explanations obtained. While they can
be quantified using the QGE transformation, they are not
amenable to comparison using QRAND1, as the latter does
not rely on the explanation method. Therefore, no direct
comparison between QGE and QRAND1 was feasible.

4.2 Effect on Existing Quality Metrics
We investigate the statistical reliability of the QGE trans-
formation compared to the original quality metric. We fol-
low the meta-evaluation methodology outlined in (Hed-
ström et al. 2023) where metric reliability is assessed in
two steps: performing a minor- (noise resilience, NR) or
disruptive- (reactivity to adversaries, AR) perturbation and
then, measuring how the metric scores and method rankings
changed, post-perturbation. For each perturbation scenario,
intra-consistency (IAC; the similarity of score distributions
under perturbation), and inter-consistency (IEC; the ranking
similarity among different explanation methods) are com-
puted, resulting in a meta-consistency vector m ∈ R4 and a
summarising score MC ∈ [0, 1]:

MC =

(
1

|m∗|

)
m∗Tm where m =

IACNR

IACAR

IECNR

IECAR

 ,

(8)
where m∗ = ⊮4 represents an optimally performing qual-
ity estimator. A higher MC score, approaching 1, signifies

FMNIST - LENET

MEASURE PF RRA RMA
QRAND1 0.579 0.599 0.585
QGE 0.801 0.598 0.587

IMAGENET - RESNET18

MEASURE PF RRA RMA
QRAND1 0.634 0.594 0.596
QGE 0.849 0.568 0.619

Table 5: MC score when using QGE and QRAND1 for
Pixel-Flipping (PF) (Faithfulness), Relevance
Rank Accuracy (RRA) and Relevance Mass
Accuracy (RMA) (Localization) on predictions of a
ResNet18 model on the fMNIST dataset.

greater reliability on the tested criteria. Perturbations are ap-
plied to either the model parameters or input.

We used the fMNIST (Xiao, Rasul, and Vollgraf 2017)
and ImageNet (Russakovsky et al. 2015) datasets. For
the first toy dataset we use the LeNet architecture (LeCun,
Cortes, and Burges 2010) and for ImageNet we use a pre-
trained ResNet-18 (He et al. 2016) from (Paszke et al.
2019). The results shown in Table 5 demonstrate that the
QGE method yields reliability improvements across tested
metrics. This performance enhancement is most notable for
Pixel-Flipping, where QGE significantly enhances the
inter-consistency (IEC) under adversarial reactivity (AR), in-
dicating a marked improvement in the metric’s ability to dif-
ferentiate between meaningful and random inputs and mod-
els, as detailed in Appendix A.5. Also, QGE’s effect on lo-
calization is competitive, though not statistically significant.

5 Conclusions and Future Work
In this work, we introduced the Quality Gap Estimator
(QGE), designed to compare the quality of an explanation
against alternative explanations, aiding practitioners in de-
termining the need to seek better alternatives. QGE is compu-
tationally efficient and can be used with most quality metrics
commonly used in XAI, improving their informativeness.

By conceptualizing the challenge of achieving a relative
quality measurement as a sampling issue, we demonstrated
that QGE is more sample-efficient than the conventional
method of comparing with a single random explanation. Ex-
tensive testing across various datasets, models, and quality
metrics has consistently shown that employing QGE is ad-
vantageous over the traditional approach.

Additionally, the transformation implemented by QGE re-
sults in quality metrics with enhanced statistical signifi-
cance, suggesting its utility even in scenarios where relative
comparisons are not the primary objective.

For future work, we aim to enhance QGE’s performance
with metrics that are inherently unstable, where it currently
does not offer a significant improvement over the compari-
son with a single random sample. Further, we are interested
in exploring the potential of employing a similar strategy to
also improve the explanations, extending the utility of QGE
beyond mere quality measurement.
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A Additional Results
This Appendix lists results that complement those men-
tioned in Section 4.

A.1 Distribution of QGE
The exhaustive exploration of all possible explanations for
the 5 input samples used for each of the Avila and Glass
datasets confirms that the distribution of QGE is centered
around zero, as desired for R1 and shown in Fig. 4.

Figure 4: Density histogram of QGE for every possible ex-
planation of 5 different input samples for datasets Avila
and Glass.

A.2 Spearman Correlation Results
To complete the analysis in Section 4.1.a we also measured
the Spearman correlation (ρq,qt) across the same 5 input
samples. Fig. 5 shows that QGE outperforms QRANDK with
up to k = 4 samples for Avila, and k = 5 for Glass.

Figure 5: Spearman correlation of qt with the original q for
the Avila and Glass datasets. The blue line indicates
the average correlation ρq,QRANDK for each value of K over
5 different inputs. The shaded area shows the average ±σ.
The orange line records the average correlation ρq,QGE with
dashed lines representing the average ±σ.

A.3 Pixel-Level Explanations
Section 4.1.b reports experiments performed on superpixel-
level explanations. For those explanations, instead of per-
turbing input variables separately, the perturbations are ap-
plied to blocks of contiguous pixels, denominated superpix-
els. The superpixel size used for CIFAR was 4x4, while for
ImageNet we used 32x32. For completeness, Table 6 re-
ports the results for perturbations applied to individual pix-
els, which is analogous to the perturbation mode used in
all other datasets. These results show that despite having

DATASET MODEL ∆τ ∆ρ

CIFAR RESNET50 0.054±0.03 0.058±0.03
IMAGENET RESNET18 0.018±0.01 0.020±0.01
IMAGENET RESNET50 0.019±0.01 0.021±0.01
IMAGENET VGG16 0.016±0.01 0.018±0.01
IMAGENET VIT B 32 0.040±0.02 0.043±0.02
IMAGENET MAXVIT T 0.017±0.02 0.018±0.02

Table 6: Magnitude of the increase in Kendall and Spearman
correlation when using QGE instead of QRAND1 for explana-
tions at the pixel level.

less of an impact than for super-pixel-level explanations, us-
ing QGE is advantageous over QRAND1. The enhancement
of the effect for superpixel-level explanations (which are
higher-quality explanations), confirms the result listed in
Section 4.1 that indicates that the advantage of QGE is larger
the higher the quality of the explanations.

A.4 Variation of the Effect With the
Distribution’s Standard Deviation

A deeper analysis of the results in Section 4.1.c shows con-
siderable variation in the distribution of q depending on the
model used, as illustrated in Figure 6. Table 2 also presents
the average standard deviation of the q distribution for each
model. The fully-trained mlp model exhibits a wide range of
q values for each input (the average σ is 0.19), indicating a
substantial difference in quality between the best and worst
explanations. In contrast, the undertrained model displays
significantly less variability in q across both datasets. The
most pronounced case is the untrained model, which shows
highly concentrated q distributions, i.e., minimal numerical
differences between the q values of the best and worst ex-
planations. Despite these variations, the impact of utilizing
QGE over QRAND1 is consistently positive, confirming its ro-
bustness and effectiveness across various conditions.

Figure 6: Histograms for the distributions of q for 5 different
inputs using the trained, ood-mean and untrained models.

A.5 Effect on Existing Quality Measures
In Figure 7, we show the different area graphs which each
contain the results from the meta-evaluation analysis (set
as coordinates on a 2D plane) for the fMNIST (Xiao, Ra-
sul, and Vollgraf 2017) and ImageNet (Russakovsky et al.
2015) datasets, respectively. The titles hold the summarising
MC score and each edge contains the meta-evaluation vec-
tor scores. By inspecting the colored areas of the respective
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estimators in terms of their size and shape, we can deduce
the overall performance of both failure modes. Larger col-
ored areas imply better performance on the different scoring
criteria and the grey area indicates the area of an optimally
performing quality estimator. The Quantus (Hedström et al.
2023) and MetaQuantus (Hedström et al. 2023) libraries
were used for the experiments.

(a) fMNIST - LeNet

(b) ImageNet - ResNet18

Figure 7: A graphical representation of the benchmark-
ing results aggregated over 3 iterations with K = 5.
We use {Saliency, Integrated Gradients, Input X Gradient}
as explanation methods. Each column corresponds to a qual-
ity estimator, from left to right: Pixel-Flipping (PF)
(Faithfulness), Relevance Rank Accuracy (RRA)
and Relevance Mass Accuracy (RMA) (Localiza-
tion). The bottom row shows results with QGE. Solid shapes
correspond to input perturbations, and striped shapes to
model perturbations. The grey area indicates the area of an
optimally performing estimator, i.e., m∗ = ⊮4. The MC
score (indicated in brackets) is averaged over Model- and In-
put perturbation tests. Higher values and larger colored areas
indicate higher performance.

B Code and Reproducibility
An implementation of QGE for a wide variety of quality
measures is available in the Quantus toolkit: https://github.
com/understandable-machine-intelligence-lab/Quantus

The code used for all experiments is available at https:
//github.com/annahedstroem/eval-project
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Blücher, S.; Vielhaben, J.; and Strodthoff, N. 2024. Decoupling
Pixel Flipping and Occlusion Strategy for Consistent XAI Bench-
marks. arXiv:2401.06654.
Bommer, P.; Kretschmer, M.; Hedström, A.; Bareeva, D.; and
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