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Abstract. We present a novel method based on generative AI for evalu-
ating the correctness of eXplainable AI (XAI) algorithms in the context
of computer vision. Unlike current state-of-the-art methods that deacti-
vate pixels by setting them to a fixed value (e.g. black) to confirm their
contribution to the decision, our approach uses synthetic samples that
are closer to both the original image and the original distribution of im-
ages. Using the Imagenette dataset, this approach leads to new empirical
results when comparing the correctness of several XAI algorithms.

1 Introduction

In the context of computer vision, multiple algorithms from the field of eXplain-
able AI (XAI) aim to highlight which regions of the image (pixels) are important
with respect to the decision, in the form of saliency maps. However, these algo-
rithms do not always return the same explanation [1, 33]. When this happens,
one would like to know which algorithm more correctly reflects the actual be-
havior of the model. Hence, several metrics have been proposed over the years to
evaluate the correctness of explanation algorithms, by assuming that the model’s
decision will change if the important pixels are removed from its input.

Crucially, such metrics rely on the ability to efficiently mask (or erase) specific
regions of the target image. While “erasing” a specific input feature in the context
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of tabular data may be intuitive, removing a part of an image is not an easy task;
it often boils down to setting all pixels to a fixed value [19, 5, 36] (e.g. black).
However, evaluating an XAI algorithm using images with large regions of black
pixels offers no guarantee as to the actual behavior of the model for the original
image [7, 33, 13, 9, 4]. Indeed, such images are both out of the distribution of
images seen during the training of the machine-learning model, and very different
visually from the original image.
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Fig. 1. GIEX pipeline overview. Rather than comparing the classification output of
the original image to the output from a masked image, we first use an inpainting
algorithm to cleanly remove the masked regions. Po: probability of the target class
on the original image; Pm: probability of the target class on the masked image; Pr

probability probability of the target class on the image reconstructed by the inpainting
algorithm. ⊙ indicates an element-wise multiplication.

Thus, the purpose of the present work is to propose an evaluation metric
that erases parts of the image in a more realistic manner: rather than simply
replacing these parts with black pixels, we wish to cleanly remove them using
contextual information (e.g. the neighborhood of the parts to erase). For exam-
ple, as illustrated in Figure 1, if a classifier identifies a golf ball in an image, and
an explanation algorithm indicates that the regions of the ball and the putter
are important for the decision, we wish to remove both these objects from the
image (leaving only a picture of grass) and to monitor the corresponding change
in the model prediction. If the model no longer identifies the golf ball, then the
explanation is correct – in the sense that it contains the most important regions
of the image. Otherwise, the explanation does not reflect the behavior of the
model and it is therefore incorrect.

Contributions In this context, we propose GIEX—for Generative Inpainting
for the Evaluation of eXplanations—, a method for evaluating the correctness
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of explanations. As with existing evaluation methods, the GIEX pipeline relies
on the impact of removing explicative or non-explicative pixels on the model’s
decision; however, rather than simply replacing these pixels with arbitrary values,
it uses generative AI to produce images that are in-distribution. With GIEX, we
evaluate the explanations from seven XAI algorithms on different architectures,
applied to images from the Imagenette dataset. Our results confirm that the
respective quality of XAI algorithms depends on the architecture. They also
contradict some results and, for instance, rehabilitate Guided Backpropagation
as the best algorithm for VGG-16. A comprehensive study of out-of-distribution
detection on the generated images demonstrates that the images produced during
the pipeline are indeed closer to the original distribution than those used by
existing methods, which adds weight to our method.

2 Related Work

Evaluation Metrics Most evaluation metrics manipulate the input by mask-
ing a percentage of the most important pixels and tracking the corresponding
changes in the model’s confidence. The goal is to test whether the pixels identi-
fied as important by an explanation algorithm truly drive the model’s decision.

The Area Under the Deletion Curve [19] (AUDC) measures how quickly the
model’s confidence drops as important pixels are removed: lower AUDC values
indicate that the explanation identifies truly important pixels. Conversely, the
Area Under the Insertion Curve [19] (AUIC) captures how rapidly confidence
increases when informative pixels are added to a baseline: higher AUIC val-
ues signify more correct explanations. Similarly, the Average Drop (AD) [5]
and Average Gain (AG) [36] metrics summarize how the model’s confidence
increases/decreases when a fixed percentage of important pixels are removed.
The ROAR approach [13] proposes to retrain a classifier on images where the
most important pixels are removed, and to monitor the degradation in accuracy.
Similarly, [9] propose to realign the training and testing data by introducing
counterfactuals during the training process. Finally, the Local Relative Cor-
rectness (LRC) [33] measures how closely an explanation reflects the model’s
behavior in a small area around a given input, by comparing the base model to
a local surrogate model built from the explanation.

Bringing masked images back into the distribution As mentioned above,
most evaluation metrics that rely on masking important image regions produce
samples that are out of distribution (OoD) – far from both the original image and
the training distribution – which skews the evaluation. One possible method to
bringing masked images back into the original distribution, proposed in the con-
text of counterfactual generation [32], uses prototypical representations of each
class as targets for the reconstruction of the image. Although effective on simple
low-resolution data (e.g. MNIST [17]), scaling this method to higher resolution
and colored images (e.g. CIFAR-10 [16], ImageNet [20]) remains challenging,
which limits its practicality for the evaluation of explanation algorithms. In par-
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ticular, after our own preliminary experiments with CIFAR-10, we concluded
that such an approach generates high frequency noise (similar to adversarial
attacks) rather than a semantically coherent transformation of the image.

Other related works [38, 35, 34] explore GAN-based methods. Contextual At-
tention Inpainting [35] uses a contextual attention layer to locate and copy rel-
evant patches from known regions to fill missing areas. It follows a two-stage
design (coarse-to-fine) and is trained with WGAN-GP [2, 8]. It delivers sharp,
consistent textures but relies heavily on the availability of useful patches around
the missing regions, producing unrealistic images when context is weak or irrel-
evant. The method also suffers from a high memory cost due to patch matching
at high resolutions. SN-PatchGAN [34] introduces gated convolutions that learn
soft gates per pixel and channel to select useful features. It uses a stable local
discriminator – enabling effective training with just L1 and GAN losses – and
produces clean edges and natural colors. However, this architecture requires task-
specific training and performs poorly when surrounding textures are misleading.
Moreover, the method is still prone to hallucinations when guidance is weak.
DeepFillv2 [35] also builds on SN-PatchGAN by replacing standard gated con-
volutions with contextual feature transform layers, allowing the model to better
capture long-range dependencies across the image. It also uses a coarse-to-fine
architecture and trains with a combination of reconstruction and adversarial
losses. The model produces more coherent completions, especially in large miss-
ing regions, and generalizes better across different mask shapes. However, it still
struggles when the surrounding context is complex or ambiguous, and like other
GAN-based methods, it can produce blurry or inconsistent textures in challeng-
ing cases. Structure-Guided GAN [38] first generates a clean edge map, then
uses it to guide a texture generator that fills in colors and details. It combines
gated convolutions, attention, and both local and global discriminators, opti-
mizing with a mix of L1, perceptual, style, and adversarial losses. This method
generates sharper, more coherent results but it heavily relies on accurate edge
prediction (poor edges lead to poor inpainting). Moreover, the model requires
two generators, multiple discriminators, and careful tuning.

More recent works [18, 6] employ Denoising Diffusion Probabilistic Mod-
els (DDPMs), powerful likelihood-based generative models capable of produc-
ing high-quality, diverse samples by progressively denoising Gaussian noise into
structured outputs. They operate in two phases: a forward process that grad-
ually corrupts data with Gaussian noise, and a reverse process that learns to
iteratively denoise, reconstructing the original data distribution. Once the gen-
erative model is trained, the image is split into two regions: known pixels, which
remain unchanged, and unknown pixels, which are regenerated through an in-
painting strategy. A naïve approach would be to condition the diffusion model
directly on the known regions and to perform iterative denoising. Unfortunately,
this type of approach often leads to edge artifacts, since smooth transitions be-
tween preserved and regenerated areas are hard to maintain. To leverage this
issue, RePaint [18] introduces additional loops into the generative diffusion
process to ensure homogeneity between kept and newly generated areas of an
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image. Its only drawback w.r.t. GAN-based approaches is speed: diffusion sam-
pling is slower than one GAN forward pass. LatentPaint [6] is another approach
using DDPMs that introduces a latent-space inpainting method built on a pre-
trained diffusion model. It mixes known and missing regions directly within a
UNet architecture at each level of information. As a result, inference is fast
with no added computational cost, and it often outperforms RePaint in quality
and speed. However, like all DDPM-based methods, it can hallucinate and its
performance heavily depends on the base diffusion model, struggling more with
complex scenes than with simpler ones (e.g. faces).

Note that in a work orthogonal to ours, [4] and [31] proposed to use generative
AI as an inpainting strategy to generate explanations based on occlusion rather
than to evaluate the correctness of explanations.

3 Evaluating explanations using generative inpainting

In this section, we present GIEX (Generative Inpainting for the Evaluation of
eXplanations), our pipeline for the evaluation of XAI algorithms based on gen-
erative inpainting.

Pipeline overview GIEX evaluates explanations with perturbed samples close
to the original data distribution. As illustrated in Figure 1, GIEX proceeds in
three stages. First, given a test image I, the XAI algorithm under test computes
a saliency map. In a second step, GIEX masks the top-K most relevant pixels of
the image (or the least ones, depending on the protocol, see below) and uses an
inpainting algorithm to fill in the missing part, thus producing a reconstructed
image Ir that is in-distribution. At this point, the information from the masked
pixels should have been removed from the image. Importantly, any inpainting
algorithm could be swapped in at this stage, and we emphasize that our goal is
not to compare inpainting algorithms, but rather to show that inpainting yields
correctness evaluation results that are different from the state of the art. Finally,
the classifier is run on the reconstructed image Ir, and the evaluation metrics
are computed.

Deletion and Insertion protocols We evaluate each XAI algorithm under
two complementary protocols:

Deletion. We progressively mask from 0 to 50% of the most important pixels
(according to the XAI method under test), reconstruct each intermediate im-
age Ir with an inpainting algorithm, and track the classifier’s confidence Pr.
Note that the 50% cap prevents inpainting large holes that may induce un-
realistic hallucinations (see discussion in Section 4). If the explanation is
correct, removing important pixels should induce a fast confidence drop (low
AUDC; high AD / low AG).

Insertion. We start from an entirely black image and reveal pixels in order of
importance (from 0 to 100%). For each insertion rate, the inpainting algo-
rithm fills in the missing regions given the currently inserted set of pixels. A
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correct explanation should induce a rapid confidence rise (high AUIC; high
AG / low AD).

4 Experiments & Results

In this section, we present our experimental setup and results, with the goal of
showcasing the limitations of state-of-the-art metrics described above, but also
of studying the consensus between metrics from multiple perspectives.

4.1 Setup

Classifiers and dataset We conducted our experiments on two classifiers pre-
trained on the ImageNet [20] dataset: a ResNet-50 [10] and a VGG-16 [24]
operating on 224 × 224 RGB inputs. The evaluation of the explanations was
performed on the Imagenette [14] subset containing 10 classes, restricted to 15
images per class (due to the computational cost of RePaint).

Inpainting algorithm As indicated in Section 2, GAN-based algorithms can be
sensitive to edge quality [38], or require task specific tuning [35], or struggle
when the context is weak [34]. In contrast, pretrained DDPMs require no task-
specific training, avoiding the adversarial loss tuning, large datasets, and domain-
specific discriminators that GANs depend on. In practice, based on the lack of
availability of the code for LatentPaint [6] at the time of this submission, we
selected RePaint [18] and DeepFillv2 [34] as our inpainting algorithms, as
shown in Figure 2.

Fig. 2. Results of RePaint and DeepFillv2 for both approach. Deletion; 30% of pixels
are masked. Insertion; 30% of pixels are revealed.
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Explanation algorithms under test We evaluated the following popular XAI al-
gorithms: Grad-CAM [21], Guided Backpropagation [28] (GBP), Saliency [23],
Integrated Gradients [30] (50 steps), Input×Gradient [22], SmoothGrad [25] (50
samples) and LRP [3]. Given an attribution map, we aggregated pixel impor-
tance across all RGB channels by summing their absolute attributions, then
applied a 5× 5 Gaussian smoothing to mitigate the effects of pooling in the first
layers of the classifier.

Assessing the quality of the reconstructed images Standard evaluation metrics
for the correctness of XAI algorithms assume that the modified inputs remain
meaningful for the model. However, simple inpainting with fixed-color fillings
(e.g. black) drifts the image out of distribution. Thus, we borrow several metrics
from the fields of out-of-distribution detection, used as proxies for the quality
of the reconstructed images. In practice, we use the OpenOoD [37] framework,
restricting ourselves to metrics that did not require an additional training step.
For each XAI method and each metrics, we measure the “distance” between
the original distribution of images D and the distribution of images with the
30% most important pixels removed Dr using the AUROC score and the False
Positive Rate at 95% True Positive Rate (FPR@95): an AUROC score close to 50
and a high FPR@95 score indicate that the distributions are indistinguishable,
i.e. that images in Dr remain in-distribution; a high (or low) AUROC score
and a small FPR@95 indicate that the distributions can be separated, i.e. that
images in Dr are out-of-distribution. As an additional test, we also computed
the Fréchet Inception Distance (FID [12]) metric between D and Dr.

Evaluation metrics We reported AD [5] and AG [36] at a fixed deletion rate
(20%), on masked (black) images (standard approach) and after inpainting with
RePaint and Deepfillv2. As a baseline, we also blurred the region to be masked.
For Deletion, we computed the AUDC [19] on black-masked images, and its
counterpart, the Area Under the Repainted Curve (AURC), obtained after in-
painting. Finally, we also computed the LRC [33] to explore local correctness
under small perturbations. Note that we exclude ROAR from our setup, due
to its prohibitive cost in terms of computation (one model training per XAI
algorithm per deletion rate).

4.2 Results

Does the GIEX pipeline evaluate XAI algorithms differently than the
state of the art?

In the Deletion protocol, removing the most relevant pixels should lead to a
noticeable drop in confidence (Pr/Pm ≪ Po). Therefore, a high AD and a low
AG indicate a correct explanation algorithm. Similarly, both AUDC and AURC
should remain low, meaning that the model quickly loses confidence when the
most informative pixels are masked.

Using ResNet-50 as the base classifier (see Table 1), the best-performing
algorithm in the standard setting (SOTA) is GBP, which achieves the lowest
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Methods
SOTA GIEX (RePaint) GIEX (DeepFillv2)

AUDC ↓ AG20 ↓ AD20 ↑ LRC ↓ AURC ↓ AG20 ↓ AD20 ↑ AURC ↓ AG20 ↓ AD20 ↑

ResNet50

GBP 3.52 0.03 25.25 71.57 13.33 5.21 32.16 10.98 5.73 46.34
GradCam 17.23 5.58 35.35 869.92 14.34 3.65 33.16 11.84 2.34 30.22
Saliency 10.77 2.78 16.16 242.07 17.37 3.80 17.24 13.06 7.10 18.08
Int.Grad 11.68 4.76 20.20 272.05 16.30 4.27 23.48 12.72 5.39 21.87
SmoothGrad 7.46 2.07 9.60 268.52 10.57 3.36 41.79 10.76 4.23 47.73
Input×Grad 13.92 5.71 32.32 207.13 17.69 4.48 16.01 13.13 6.43 15.81
LRP 15.03 7.64 31.82 56.07 18.56 4.27 14.27 13.16 4.57 13.90

VGG-16

GBP 4.13 3.37 43.69 5.80 22.07 2.71 96.14 17.91 2.08 56.94
GradCam 16.54 2.69 30.59 81.55 27.57 5.52 64.51 21.58 4.51 26.40
Saliency 8.11 4.22 33.25 10.89 24.91 4.37 85.88 20.91 2.82 33.19
Int.Grad 8.31 3.25 38.53 37.19 23.40 8.31 84.37 19.95 2.96 40.92
SmoothGrad 10.23 3.97 36.14 20.79 18.44 6.78 81.29 18.47 2.57 50.15
Input×Grad 10.47 5.15 30.93 15.07 26.51 5.36 78.34 21.13 2.32 30.76
LRP 10.61 7.91 77.73 13.04 27.54 4.78 63.96 20.23 2.62 31.17

Table 1. Comparison of metric results (SoTA at 20%, GIEX at 20%). AUDC, AURC,
and LRC values represent the average value computed over the entire dataset. ↓: lower
is better. ↑ higher is better.

AUDC and AG scores, and good AD and LRC scores. However, using our GIEX
pipeline, we determine that SmoothGrad achieves the best results across all
metrics (AURC, AD and AG) when using RePaint and the best AURC/AD
when using DeepfillV2.

Using VGG-16 as the base classifier, GBP once again stands out as the best-
performing algorithm in the standard configuration (SOTA), achieving the low-
est AUDC and LRC. Using our GIEX pipeline, SmoothGrad achieves the best
AURC score under RePaint inpainting, while GBP consistently yields the low-
est AG and highest AD scores across all inpainting methods. To sum up, GBP
consistently seems to deliver the most correct explanations for VGG-16, accord-
ing to both standard metrics (SOTA) and our GIEX metrics. Interestingly, this
result directly contradicts some criticisms [1] regarding the correctness of GBP,
and reinforces the claims of subsequent works [11].

Overall, the comparison highlights that while both networks – ResNet-50
and VGG-16 – exhibit slightly similar metric rankings, VGG-16 seems relatively
more stable (smaller output variability for similar images) than ResNet-50, as
seen by its lower LRC values across all XAI algorithms. This result shows that
VGG-16’s feature representations are less sensitive to small perturbations in the
input, and more generally suggests that the architecture itself influences explana-
tions: models like VGG-16, with simpler and more sequential feature extraction,
favor globally coherent and stable explanations, while deeper architectures such
as ResNet-50 produce more sensitive explanations. This highlights the impor-
tance of considering architectural effects when comparing XAI algorithms across
models.
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Fig. 3. Pairwise Spearman Rank Correlation Scores between evaluation metrics for the
correctness of XAI algorithms. A score of 1.0 (resp. -1.0) indicates that the two metrics
rank the XAI algorithms from most to least correct in the same (resp. opposite) order.

To go beyond the selection of the most correct explanation algorithm, we
measured the pairwise consensus between evaluation metrics as their Spearman
Rank Correlation Score, i.e. two evaluation metrics agree if they rank the XAI
algorithms from most to least correct in the same order [33]. From the correlation
matrices in Figure 3, it can be observed that evaluation metrics do not always
agree on the most correct explanation algorithms.

For VGG-16, the standard deletion-based metrics (AD, AG – SOTA) exhibit
strong mutual correlations, indicating that they consistently measure a similar
behavior across explanation algorithms. Likewise, the RePaint-based variants
obtained with our GIEX pipeline (AD, AG – ours) show a high degree of inter-
nal coherence, confirming that the RePaint evaluation remains stable within its
own configuration. However, correlations between standard and RePaint metrics
remain weak or even negative, suggesting that both families capture distinct
aspects of correctness and model sensitivity. Global metrics such as AURC,
AUDC, and LRC appear poorly aligned with either family, highlighting their
limited agreement with this type of measures.

For ResNet-50, a similar trend is observed but with slightly lower overall
correlations. The standard metrics still form a coherent group, while RePaint
metrics correlate mainly among themselves. Cross-group correlations are weaker
than for VGG-16, indicating that architectural differences further affect the re-
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lationship between metrics. As for VGG-16, AURC, AUDC, and LRC remain
mostly uncorrelated with other metrics.

Overall, both matrices confirm that no consistent consensus exists across
evaluation metrics. While standard and RePaint measures remain internally co-
herent, they diverge sharply from each other and from the global metrics, demon-
strating that each family reflects a different notion of explanation correctness.

Are the results similar when using different inpainting algorithms?
The results in Figure 3 show that there is no consensus between SOTA and
inpainting-based methods, as their cross-method correlations are weak to mod-
erate on both architectures. However, RePaint and DeepFill show strong mutual
consistency, with several metric pairs. This indicates that conclusions drawn
from one inpainting method generalize reliably to the other method.

Are the results stable? The RePaint algorithm is stochastic, which could im-
pact the consistency of our conclusions. To evaluate this impact, we ranked all
XAI methods using our AURC metric with 4 different seeds, and we measured
a [0.94, 1.0] spearman rank correlation between these runs, indicating that the
rankings obtained are indeed stable.

Are the reconstructed images in-distribution? As shown in Table 2 and 3,
for the vast majority of OoD detection metrics, the distribution of images recon-
structed using an inpainting algorithm is closer to the original distribution than
masked images or blurred images (AUROC score closer to 50, high FPR@95).
We obtain similar results for explanations generated by Integrated Gradients,
GradCAM, Saliency, LRP and Input×Gradient and on VGG-16 (see Supple-
mentary material). Interestingly, the results differ slightly for GradNorm [15],
RankFeat [27] and KNN [29] but we argue that the presence of these outliers
reflect a potential flaw in the corresponding metrics rather than a questioning of
our results. These results demonstrate that inpainting effectively mitigates the
distribution shift problem, confirming our hypothesis and allowing for a more
stable and trustworthy evaluation of XAI algorithms. As an additional experi-
ment, we report the average L2 distance and the FID [12] (perceptual similarity)
between the original image and the masked/inpainted image in Table 4 and Ta-
ble 5 respectively. This experiment highlights a discrepancy between the distance
in the input space (L2 distance) – where blurred images are consistently closer
to the original image in the input space – and the results using OoD detection
metrics and perceptual similarity (FID) – where inpainted images are more visu-
ally similar to the original images. Nevertheless, in all cases, images with black
masks are systematically the worst alternative to evaluate XAI methods and
should not be used.
Hallucinations and limitations While GIEX indeed shows clear advantages
in maintaining the images within the original data distribution, algorithms using
generative diffusion models, such as RePaint, can be prone to hallucinations at
higher deletion rates, or to produce semantically inconsistent regions that could
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Method RePaint DeepFill Blurred Masked

ash 77.35/74.00 86.70/46.00 90.48/40.67 86.21/44.00
dice 69.72/74.00 80.77/58.00 88.64/34.67 83.68/44.67
ebo 77.35/74.00 86.70/46.00 90.48/40.67 86.21/44.00
fdbd 79.40/70.67 86.29/36.00 93.82/26.67 95.18/22.67
gen 77.54/78.00 86.64/50.00 89.80/49.33 86.40/44.67
gradnorm 62.08/89.33 77.40/66.67 81.88/56.00 69.32/77.33
klm 85.87/70.67 94.05/48.00 99.46/0.00 99.97/0.00
knn 45.96/94.00 45.15/94.00 71.54/76.67 76.72/58.67
mls 77.49/74.00 86.69/45.33 90.00/42.00 86.09/42.00
msp 74.92/84.67 83.16/51.33 85.94/49.33 82.49/49.33
nci 74.55/68.67 85.89/50.00 90.89/25.33 86.93/34.67
odin 69.44/76.67 74.36/66.00 82.00/58.00 88.12/40.00
rankfeat 56.08/96.00 60.07/92.67 62.99/90.67 62.64/90.00
vim 79.87/58.00 83.97/43.33 95.64/18.67 99.84/1.33
vra 79.74/71.33 89.06/37.33 93.96/25.33 93.74/23.33

Table 2. AUROC/FPR@95 scores between the distributions of original images and
images with most important pixels removed using Guided-propagation on ResNet-50,
using popular OoD detection metrics. AUROC closer to 50 is better, higher FPR@95
is better.

Method RePaint DeepFill Blurred Masked

ash 83.22/58.00 84.55/57.33 89.05/44.00 91.51/35.33
dice 73.89/70.00 78.94/68.67 80.24/62.00 74.72/56.00
ebo 83.22/58.00 84.55/57.33 89.05/44.00 91.51/35.33
fdbd 84.17/56.00 83.77/68.67 90.56/34.67 95.80/21.33
gen 83.14/60.67 84.26/66.00 89.20/37.33 91.70/32.00
gradnorm 65.72/96.00 74.66/78.00 75.75/80.00 64.58/86.00
klm 91.84/65.33 88.64/68.67 94.74/56.67 98.38/7.33
knn 36.59/98.00 42.97/97.33 37.71/97.33 33.64/96.67
mls 83.18/60.00 84.54/58.00 89.24/41.33 91.63/33.33
msp 79.91/65.33 81.37/70.67 86.71/51.33 89.45/38.67
nci 78.63/68.00 81.77/57.33 84.46/57.33 82.57/48.00
odin 78.82/75.33 77.87/69.33 86.05/60.00 91.78/36.67
rankfeat 54.59/91.33 60.28/86.00 58.58/92.67 53.82/90.67
vim 83.31/58.00 76.32/60.00 85.47/51.33 97.94/10.67
vra 85.10/46.67 87.56/52.00 91.00/42.67 93.54/21.33

Table 3. AUROC/FPR@95 scores between the distributions of original images and
images with most important pixels removed using Smoothgrads on ResNet-50, using
popular OoD detection metrics. AUROC closer to 50 is better, higher FPR@95 is
better.
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Methods @20% @40%

Black Blurred RePaint DeepFill Black Blurred RePaint DeepFill

Input×Grad 27116 5449 6030 4012 38277 8334 13464 8687
Int.Grad 27104 6162 6537 4734 38061 9083 13474 9513
LRP 24856 7120 8063 6778 35755 9862 13463 11001
GradCam 25151 6923 10883 8908 36605 9405 17315 13604
Saliency 25028 4753 4534 3482 36105 7473 10433 7411
GBP 24943 8818 9304 8360 35435 11358 15021 13140
SmoothGrad 25615 8429 12087 10967 36127 11041 18999 16768

Table 4. Average L2 distance between the original image and the
black/blurred/inpainted images with X% of most important pixels removed for
ResNet-50. Lower is better.

Method Masked Blurred GIEX(Repaint) GIEX(Deepfillv2)

GBP 437.22 375.54 330.45 341.67
GradCam 427.94 250.92 240.69 185.11
InputxGrad 395.78 234.77 167.25 173.73
Int.Grad 476.66 309.92 229.49 249.08
Saliency 437.91 295.39 214.89 160.89
SmoothGrad 443.71 339.96 307.45 281.71
LRP 395.78 234.77 201.95 173.73

Table 5. FID ↓ comparison between generated images per method

change the model’s confidence in ways unrelated to the original content (see
Figure 4). To this, we argue that: i) because we analyse the output logits rather
than the output of a softmax function, when important features for class A are
replaced by a hallucination (e.g. class B), then the decrease in the logit of class A
is due to the feature removal rather than the increase of the logit of class B;
ii) the correctness of an explanation is a local property (i.e. corresponding to
relatively low deletion rates). Note that conversely, for very low deletion rates
(e.g. lower than 10%), inpainting tends to reconstruct the original image, which
defeats our purpose. Hence, the effective range of deletion of our method is
between 10% and 50%, which is sufficient to capture differences in correctness
between the different XAI methods under test, as shown above.

5 Conclusion

In this work, we introduced GIEX, a new evaluation framework that uses gen-
erative inpainting through diffusion models to assess the correctness of XAI
algorithms in computer vision. We demonstrated through experiments that this
strategy is able to evaluate the correctness of explanations using images that
remain closer to the original distribution than the state-of-the-art approaches.
The analysis performed on both VGG-16 and ResNet-50 architectures clearly



Generative Inpainting for the Evaluation of Explanations 13

Fig. 4. Examples of hallucinations from RePaint at high deletion rates.

exhibits a lack of consensus between metrics on which explanation algorithm is
the most correct. More importantly, such results seem architecture-dependent,
indicating that the evaluation of the correctness of XAI algorithms must be
performed for each new use-case.

While GIEX indeed shows clear advantages in maintaining the images within
the original data distribution, we have also identified some avenues of research.
Firstly, the use of generative AI in our approach comes with an additional compu-
tational cost, compared to state-of-the-art evaluation metrics that use a black in-
painting. As an alternative to DDPMs, Denoising Diffusion Implicit Models [26]
(DDIMs) use a deterministic – and therefore faster – generation process that
could be applied to our work, in an effort to mitigate this computational over-
head. More generally, it could be interesting to compare the results obtained
using more inpainting algorithms [38, 6, 35]. Secondly, while this work focused
on image classification, our GIEX evaluation pipeline is highly generic and could
be applied to evaluate the correctness of XAI algorithms for different modalities
(e.g. tabular data, text) and different tasks (e.g. regression, segmentation).
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