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Abstract

We introduce PASTA (Perceptual Assessment System for ex-
planaTion of Artificial Intelligence), a novel human-centric
framework for evaluating eXplainable Al (XAI) techniques
in computer vision. Our first contribution is the creation
of the PASTA-dataset, the first large-scale benchmark that
spans a diverse set of models and both saliency-based and
concept-based explanation methods. This dataset enables ro-
bust, comparative analysis of XAl techniques based on hu-
man judgment. Our second contribution is an automated,
data-driven benchmark that predicts human preferences using
the PASTA-dataset. This scoring called PASTA-score offers
scalable, reliable, and consistent evaluation aligned with hu-
man perception. Additionally, our benchmark allows for com-
parisons between explanations across different modalities, an
aspect previously unaddressed. We then propose to apply our
scoring method to probe the interpretability of existing mod-
els and to build more human-interpretable XAI methods.

Code — https://github.com/RemiKaz/PASTA
Datasets — https://github.com/RemiKaz/PASTA

Introduction

As Deep Neural Networks (DNNs) are increasingly de-
ployed in high-stakes domains such as law and medicine
(Surden 2021; Litjens et al. 2017), understanding their
decision-making process has become essential (Bender et al.
2021). Their opacity often earns them the label “black
boxes” (Castelvecchi 2016), raising trust and accountabil-
ity concerns in critical applications (Vereschak et al. 2024).
This has given rise to the field of eXplainable Al (XAI)
(Gunning et al. 2019).

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: PASTA automates the evaluation of human per-
ception of provided explanations by computing a PASTA-
score. By integrating PASTA-score (y-axis) with existing
faithfulness metrics (x-axis), we aim to foster the devel-
opment of explanations that are not only aligned with the
model’s behavior but also comprehensible to human evalua-
tors. Samples reported in the figure correspond to the label
dog for a ResNet50 classifier trained on PascalPART. XAI
methods: top left: GradCAM; Top right: FullGrad; Bottom
left: SHAP; Bottom right: AblationCAM

A wide variety of XAI techniques have been proposed
(Speith 2022; Saeed and Omlin 2023), notably saliency-
based methods (Muhammad and Yeasin 2020; Bohle et al.
2024), which highlight relevant input features, and concept-
based methods (Yan et al. 2023; Diaz-Rodriguez et al. 2022),
which associate predictions with high-level semantic con-
cepts. However, comparing such heterogeneous approaches
remains an open problem.

Evaluating XAI methods is particularly challenging for



two main reasons. First, the diversity of explanation types
complicates the definition of a common evaluation frame-
work. Second, the notion of a “good explanation” is in-
herently subjective. This creates a dichotomy between non-
perceptual evaluations—focused on model-centric metrics
using toolkits like OpenXAI, Quantus, and Xplique
(Agarwal et al. 2022; Hedstrom et al. 2023; Fel et al.
2022)—and perceptual evaluations, which assess human
understanding. While the latter is often explored through
anecdotal examples (Selvaraju et al. 2017; Wang et al.
2020), user studies (Dawoud et al. 2023; Colin et al. 2022),
or region-of-interest alignment (Liu et al. 2024a; Arras,
Osman, and Samek 2022), there is still a lack of stan-
dardization in assessing explanations from the human per-
spective (Nauta et al. 2023). Yet, this dimension is cru-
cial—explanations faithful to the model’s reasoning may
still be unintelligible to human users, limiting their action-
ability. In this sense, our proposed PASTA-score allows for
evaluating explanations based on a combination of faithful-
ness and human preferences, as shown in Figure 1.

To address these challenges, we propose PASTA—the
Perceptual Assessment System for explanaTion of Artificial
intelligence—which aims to automate the human-aligned
evaluation of XAI methods. PASTA has two core com-
ponents. First, a benchmark, PASTA-dataset, composed
of four diverse image-based classification datasets with
aligned concept annotations, enabling the comparison of 20
XAI techniques across multiple architectures. Second, the
PASTA-score, a data-driven metric designed to predict hu-
man preferences, providing a scalable way to evaluate ex-
planations from a perceptual standpoint. Unlike prior bench-
marks focused solely on saliency or user studies (Colin et al.
2022; Dawoud et al. 2023), PASTA unifies both saliency-
based and concept-based methods under a single evaluation
framework.

Our contributions are: (1) Comprehensive XAI Bench-
mark: We introduce the PASTA-dataset, enabling the eval-
uation of both visual and concept-based explanations. (2)
Large-scale Method Evaluation: We assess 20 XAI meth-
ods across multiple datasets and models, including both
post-hoc and ante-hoc methods. Our first result suggests that
human annotators tend to prefer saliency and perturbation-
based techniques, like LIME and SHAP. (3) Human-
aligned Explanation Scoring: We propose PASTA-score,
an automated yet perceptually grounded assessment of ex-
planations, trained on the PASTA-dataset to replicate human
preferences. (4) Practical Applications: We present three
use cases of PASTA-score, showing how it can guide the
design of more interpretable models, and serve as a proxy
for visual human assessment in practical deployments. The
pipeline of the global workflow is presented in Figure 2.

Related Work

Explainable AI. To address the challenge of explaining
DNNs, several specialized tools have been proposed, of-
ten categorized into post-hoc and ante-hoc methods (Arri-
eta et al. 2020; Rudin et al. 2022). Post-hoc methods en-
compass any tool external to the model, allowing us to gain
insights from any pre-trained DNN. Popular examples are
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Figure 2: Pipeline of the PASTA framework. We first col-
lect a dataset of human preferences called PASTA-dataset.
This dataset is used to learn to emulate human preferences
for the new samples on the test set using the PASTA-score.
The trained PASTA-score can then be deployed to down-
stream applications as a consistent-over-time, quick and
cost-effective replacement for human feedback.

GradCAM (Selvaraju et al. 2017), LIME (Ribeiro, Singh,
and Guestrin 2016), and SHAP (Lundberg and Lee 2017).
While most post-hoc explainers agree in providing input re-
gions most responsible for a certain prediction, they differ
in many non-trivial details, and selecting and evaluating the
most appropriate explainer for each task can be challenging
(Leavitt and Morcos 2020; Roy et al. 2022). Ante-hoc meth-
ods, instead, aim at modifying the underlying model archi-
tecture to provide explanations by design. This can be done
in the framework of Concept Bottleneck Models (CBMs)
(Koh et al. 2020) by prompting the model to first predict
a set of human-understandable high-level concepts, and then
making the final prediction using a shallow and interpretable
classifier that supports human inspection, or by decompos-
ing the reasoning of the model into smaller and more action-
able steps (Ge et al. 2023).

Evaluating explainability. While several methods have
been proposed to quantitatively measure explanation qual-
ity, such as faithfulness (Petsiuk, Das, and Saenko 2018;
Dasgupta, Frost, and Moshkovitz 2022; Azzolin et al. 2025),
sparsity (Chalasani et al. 2020; Bénard et al. 2021), robust-
ness (Alvarez-Melis and Jaakkola 2018; Montavon, Samek,
and Miiller 2018), sensitivity (Adebayo et al. 2018; Hed-
strom et al. 2024) and alignment to an assumed ground
truth (Colin et al. 2022; Mohseni, Block, and Ragan 2021;
Dawoud et al. 2023), they inherently overlook the percep-
tual aspect with respect to the human, who is the expected
consumer of such explanations. Evaluating explanations via
user studies, e.g., where annotators are asked to rate and
evaluate explanations (Chen et al. 2018; Shu et al. 2019;
Yang et al. 2022; Kares et al. 2025), are, however, very
costly, prone to unreproducibility issues (Nauta et al. 2023),
and often unfeasible for tasks that require trained users, like
in the medical domain (Miré-Nicolau, Moya-Alcover, and
Jaume-i Capé6 2022; Muddamsetty, Jahromi, and Moeslund
2021). In this work, we take the first step towards standard-



izing the evaluation of human perception preferences of ex-
planations (Nauta et al. 2023). We propose to overcome the
issues of hard-to-reproduce large-scale user studies by au-
tomating the evaluation of XAl techniques through a multi-
value scoring method that mimics human preferences while
taking into account the users’ diverse expectations, which
naturally emerge in user-based studies.

Automated scoring. Automated scoring involves devel-
oping models that assign scores to inputs based on a ref-
erence dataset, often derived from human ratings. A partic-
ularly active area of research in this domain is automated
essay scoring. Traditionally, this has been addressed through
handcrafted feature extraction (Yannakoudakis, Briscoe, and
Medlock 2011), but modern methods tend to be closer to
model as a judge (Lee et al. 2024; Taghipour and Ng 2016;
Chiang et al. 2024). More recently, there has been a growing
interest in using embeddings from large language models
(LLMs) as features for scoring. The first successful attempt
in this direction was made by Yang et al. (2020). Building
on this trend, other approaches have incorporated LLM em-
beddings with models like LSTMs (Wang et al. 2022), in-
tegrated text generation into the training loop (Xiao et al.
2024), or introduced multi-scale aspects to enhance perfor-
mance (Li et al. 2023).

Creating the PASTA-dataset

To assess the quality of XAl explanations for image classifi-
cation decisions from a human-centric perspective, we con-
structed a comprehensive dataset comprising images, pre-
dictions, explanations, and evaluations of these explana-
tions, as depicted in Figure 3. To account for the hetero-
geneity of different XAI methods, model backbones, and
training scenarios, we constructed the PASTA-benchmark to
include 1000 images sampled across 4 available datasets, 7
classification backbones, 20 XAI methods, 6 questions, and
5 annotations per explanation, question) pair. The challenge
in annotating such a dataset resides in its multiplicative na-
ture, where each question requires an annotation across mul-
tiple backbones, datasets, XAl methods, images, and hu-
man annotators. Consequently, the PASTA-dataset contains
an overall number of 633,000 samples, each corresponding
to a unique Likert-like rating, which is the largest benchmark
available of this kind.

To construct such a dataset, the initial phase involved de-
veloping a unified platform designed to integrate various
models, XAI methods, and datasets in a streamlined manner.
This platform encompasses a diverse array of models and
XAI methods. Given the potential utility of this platform as
a baseline for future research, we intend to release it publicly
upon publication of this paper. Further details regarding the
overall procedure, including details about the datasets em-
ployed, model training, and explanation extraction, are avail-
able in Section A.1 of the appendix. The subsequent phase in
dataset creation is dedicated to annotating the explanations,
which involved 24 participants in an online process. A piv-
otal insight from existing user study literature (Xuan et al.
2025; Liao et al. 2022) is that human perception of explana-
tions is not unidimensional; rather, it encompasses a range
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Figure 3: Overview of the human annotation process in the
PASTA-dataset. We compute a total number of 46 explana-
tions for each image, out of which 21 are sampled and rated
by humans according to six questions. Further details avail-
able in Appendix A.2.

of potentially unaligned desiderata. For instance, a saliency-
based explanation that highlights a dog to predict a cat can
be entirely clear, thereby satisfying complexity desiderata,
while simultaneously not fulfilling plausibility desiderata.
Consequently, we pose multiple questions designed to en-
compass a spectrum of human assessment as broad as pos-
sible. Specifically, the following questions were asked:

* QI: Is the provided explanation consistent with how I
would explain the predicted class?

Q2: Overall the explanation provided for the model pre-
diction can be trusted?

Q3: Is the explanation easy to understand?

Q4: Can the explanation be understood by a large num-
ber of people, independently of their demographics (age,
gender, country, etc.) and culture?

Q5: With this perturbed image, to what extent has the
explanation changed ? (Examples with good predictions
and light perturbations)

Q6: With this perturbed image, to what extent has the ex-
planation changed? (Examples with bad predictions and
strong perturbations)

The selection of these questions reflects a broader discourse
on user studies and desiderata. To ensure that annotators
comprehensively understand the task and expectations, we
implemented an evaluation protocol developed with the as-
sistance of a psychologist. This protocol includes annotator
training and continuous monitoring throughout the process.
Discussions regarding the desiderata, a detailed evaluation
protocol, and information about the annotators are available
in Section A.2 of the Appendix.

Analysis of Human Preference

Having collected a large number of human preferences for
different XAI models and backbones in the PASTA-dataset,
we now proceed to analyze human scores in relation to each
method. The full analysis is available in Appendix B.3.
Human preferences for output format: As illustrated in
Figure 4, results indicate that humans tend to prefer image-
based explainers in relation to questions Q1-QS5, meaning
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that saliency maps are perceived as more interpretable than
concept-based explanations. Although several factors may
contribute to this behavior—such as the lower cognitive load
of image-based explanations compared to concept-based
ones—a comprehensive investigation of the underlying psy-
chological causes is left for future work. The sole exception
to this observation pertains to Q6 (note that for Q5, the rat-
ings are inverted, with a low score indicating favorable be-
havior). This phenomenon can be explained by the fact that
presenting explanations as a heatmap overlaid on the image
reduces the perceptual impact of perturbations.

Human preferences for model architecture: Figure 5
illustrates the average scores across XAI methods that use
the same backbone, highlighting a general preference for
ResNet50. CLIP and ViT achieve similar scores, likely due
to the architectural similarities between the two models.
ResNet50, which played a pivotal role in the development of
many XAI methods, consistently scores higher. This could
suggest a potential bias toward ResNet50 in the design and
effectiveness of current XAI methods. The results for the last
two questions may be due to ViT being more sensitive to the
perturbations used than Resnet50. Among the methods we
studied, those based on feature factorization—like Eigen-
CAM (Muhammad and Yeasin 2020) and Deep Feature Fac-
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Figure 6: Functioning of the PASTA-score. First, we extract
the embeddings for each explanation using a frozen image
encoder of a VLM. Then, we employ a scoring network
trained on the labels provided by the PASTA-dataset to gen-
erate a final score.

Saliency-based

torization (Collins, Achanta, and Susstrunk 2018)—tend to
give more consistent and preferred explanations. This may
be because they remove complex components that can create
confusing artifacts, making the explanations easier to under-
stand.

Developing the PASTA-score

To provide a tool for measuring human assessment of XAI
techniques, we introduce the PASTA-score, which simu-
lates a human evaluation. The global pipeline is illustrated
in Figure 6. More precisely, the PASTA-score is composed
of an embedding network, that processes both CBM out-
puts or saliency maps, and a scoring network, that computes
scores from the embeddings. Using the data collected in the
PASTA-dataset, the PASTA-score aims at predicting the hu-
man scores for questions Q1 to Q6 for new explanations,
playing the role of an automated benchmark.

Computation of the embeddings

Drawing inspiration from recent literature in automated es-
say scoring (Yang et al. 2020; Wang et al. 2022), which en-
counters similar challenges due to working with a dataset
of thousands of samples (21,110 samples per question, pre-
cisely) and requiring a DNN to automatically learn the score,
we opt for a foundation model that we will fine-tune using
a multi-linear perceptron. However, unlike automated essay
scoring, we deal with both image and textual inputs, mak-
ing the use of a Vision Language Model (VLM) manda-
tory. We tested multiple candidates, such as CLIP (Yan et al.
2023), BLIP (Li et al. 2022a) and LLaVa (Liu et al. 2024b).
This choice allows for a unified integration of both concept-
based explanations, which can be transformed into text, and
saliency map-based explanations, which can be projected
into the same embedding space. Let x; € R7XWX3 pe
the ¢-th test image with height H and width W, and let

saliency ¢ RHXW be a saliency-based explanation for this
image. We denote the image encoder of a Vision-Language
Model (VLM) as VLM;jnae.. To embed a saliency explana-

tion, we apply the encoder to the image overlaid with its
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where Heatmap generates the visual overlay of the expla-
nation on the image.

For concept-based methods (CBMs), let e{'BM ¢ RX be
the explanation vector, where K is the number of concepts.
This vector is turned into a sentence using a text template,
and then encoded with the VLM’s text encoder VLM ex:

Drext (€5 PM) = VLM ey (Sentence(eS BM)).  (2)

Since the PASTA-score is compatible with different
VLMs and does not rely on a specific one, we eval-
vate it using several VLMs: CLIP (Liu et al. 2024b),
SIGLIP (Zhai et al. 2023), EVA (Sun et al. 2023), and
BLIP (Li et al. 2022a). This results in multiple vari-
ants of our metric: PASTA-score®" , PASTA-score’'0MP ,
PASTA-scoreEVA, and PASTA-score®™",

To support our design choices, Appendix D.2 presents ex-
tensive ablations on various factors: the impact of textual
templates, the number of concepts K, the way saliency maps
are visualized, and whether label information is included.
We also explore alternative versions of Equations 1 and 2,
and how these choices affect the final score.

) = VLMimage (Heatmap(x;, e

Scoring network

Once the embeddings are computed, the label information is
concatenated to the embedding, and a scoring network com-
posed of a multi-layer perceptron is used to predict scores.
Inspired by Automated Essay Scoring (Yang et al. 2020;
Wang et al. 2022), we use a loss L that combines a similarity
loss L, a mean squared error (MSE) loss L, s, and a rank-
ing loss L,.. From a set of ground truth scores obtained from
majority voting {mg }re[o,n,] and the predictions given by
the scoring network {724 } (o, n,] the resulting loss is de-
fined as:

L(my,my) = aLs(mp, ) + BLpse (M, )

+y Ly (my, my),  (3)

where «, (3, and ~y are hyperparameters controlling the rela-
tive importance of each component. Formulas about the dif-
ferent losses are given in Appendix D.1. Since the PASTA
dataset provides Ny = 5 ground-truth votes per inference,
we explored different aggregation strategies. To mitigate the
phenomenon of high non-consensus, the mode was selected
as the final choice. Concerning the output range, out-of-
range labels (> 5, < 1) are rare but clipped when they occur.

Classifier results

Note that in the PASTA-dataset each sample corresponds
to a triplet (input image, explanation, human ratings). The
same image thus appears multiple times for different XAl
methods, and the same XAI method appears multiple times
for different images. To guarantee that no leakage occurs
between train-test splits, we design them to ensure that the
same image, or the same XAI method, does not appear in
different splits. Images and XAI methods included in the
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training splits are randomly chosen based on the run’s ran-
dom seed. For Q1 to Q6, we calculate the Mean Square Error
(MSE), Quadratic Weighted Kappa (QWK), and Spearman
Correlation Coefficient (SCC) between the predicted and
ground truth labels on the test set. The results are presented
in Table 1, where we also ablate different choices of embed-
ding methods. We also report the inter-annotator agreement
values, which correspond to the expected deviation of the
metrics between a randomly selected annotator’s score and
the mode. Our network best replicates answers to Q1 and
Q2, with similar performance across PASTA-score™™™ and
PASTA-score>'°™P_ This is likely due to greater rating di-
versity and stronger agreement between annotators, which
supports more stable training. In contrast, Q3 to Q5 shows
lower agreement, and Q5—-Q6 has less diverse ratings. While
the MSE stays similar, it becomes harder to learn the rank-
ing patterns, likely due to the more subjective nature of these
questions and the added uncertainty from image perturba-
tions in Q5 and Q6.

Applications

In this section, we explore three different applications us-
ing the PASTA-score as a replacement for human feedback,
which would be difficult or too costly to run at scale with-
out automation We use PASTA-score to guide XAI methods
toward better interpretability (in the first and third applica-
tions) and to analyze how model size affects interpretability
(in the second application). All experiments use the PASTA-
score model trained on Q1 for consistency.

Mixture of XAI methods

Our first application is to dynamically select the explainer
giving the explanation that best matches human judgments
for each specific image, using a mixture of XAI methods.
In our experiments, we fix the classifier to be a ResNet50,
and we select the explanation with the highest PASTA-score
for each image. The distribution of selected XAI methods
is shown in Table 7. The results indicate a substantial diver-
sity in the methods employed, with FullGrad emerging as
the most frequently used, selected nearly half of the time.
This trend is reflective of user ratings within the PASTA-
dataset, where FullGrad is identified as providing the most
effective explanations according to annotators. In terms of
faithfulness, the computation of the average faithfulness cor-
relation across explanations selected by our PASTA-score
yields a relatively stable value, with a slight improvement
compared to the value obtained by averaging over every ex-
plainer (0.0627 for our selection versus 0.0579 for the av-
erage over every explainer). This confirms that it is possible
to use PASTA to enhance the interpretability of explanations
without compromising their faithfulness.

Backbone size influence on the understanding of
explanation

We use the PASTA-score to investigate whether model size
influences the human perception of explanations, and how
this relates to XAl methods. To this end, we compute the av-
erage PASTA-score within an identical experimental frame-



Metric Model Q1 Q2 Q3 Q4 Qs Q6
MSE|  PASTA-score®™  0.990 +0.104 0.993 +0.096 2.111+£2.529 0.811 £ 0.095 | 1.476 =0.183  0.752 & 0.127
PASTA-score> " 0.989 + 0.113  1.009 £ 0.125 0.842 + 0.094 0.840 + 0.106 | 1.396 + 0.177  0.739 =+ 0.140
PASTA-score®" 3297 4 1.840 3.287 & 1.835 5.938 £2.542 4.642 +3.135 | 3.005 & 1.385 10.710 & 4.943
PASTA-score™”  1.666 + 1.215 1.747 + 1.174 3.355+3.099 2.097 & 2.608 | 1.767 + 0.568  3.324 + 5.091
Human 0.415+0.037 0.429 4+ 0.049 0.562 £ 0.104 0.478 = 0.080 | 0.509 & 0.102  0.299 =+ 0.051
QWK1 PASTA-score™® 0450 +0.066 0.452 +0.063 0.199 £ 0.040 0.216 £ 0.052 | 0.165 £ 0.060  0.159 =+ 0.031
PASTA-scoreS'°MP  0.471 + 0.055 0.459 & 0.056 0.237 = 0.052 0.219 £ 0.035 | 0.177 £ 0.061  0.165 & 0.018
PASTA-score®™ 0328 +0.023 0.340 +0.020 0.181 & 0.003 0.173 £0.017 | 0.081 =0.081  0.159 & 0.011
PASTA-score™"  0.462 +0.050 0.457 £ 0.054 0.160 &+ 0.099  0.230 & 0.018 | 0.163 +0.029  0.185 + 0.049
Human 0.849 +0.013  0.845+0.017 0.731 £ 0.050 0.748 £ 0.041 | 0.848 &+ 0.029  0.796 + 0.048
SCCt  PASTA-score™® 0484 +0.064 0.484+0.062 0.213+0.040 0.230 £ 0.050 | 0.197 £0.073  0.193 = 0.030
PASTA-score> ™" 0.501 & 0.052  0.490 £ 0.057 0.247 + 0.048 0.223 +0.029 | 0.213 £0.071  0.196 =+ 0.020
PASTA-score®™ 0397 +0.036 0.411 £0.033 0.207 £0.065 0.194 &+ 0.014 | 0.088 £0.104  0.218 & 0.012
PASTA-score™"  0.484 +0.046 0.474 +0.048 0.150 £ 0.155 0.247 & 0.015 | 0.216 + 0.035  0.220 + 0.057
Human 0.844 £ 0.017 0.839+0.019 0.722 £0.045 0.742 £ 0.038 | 0.850 &= 0.023  0.789 =+ 0.039

Table 1: Mean Square Error (MSE), Quadratic Weighted Kappa (QWK), and Spearman Correlation Coefficient (SCC) for each
question. Each value is the average of 5 runs with standard deviation. Human refers to inter-annotator agreement.
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Figure 7: Distribution of methods selected by our mixture of
XAI techniques. The x-axis denotes the number of images
in the automated benchmark for which the respective XAI
method attained the highest performance.

work, varying only the size of the backbone model. Specifi-
cally, we employ CLIP as the classifier and select backbones
from among its ViT-B-16, ViT-L-14, ViT-H-14, and ViT-g-
14 variants. The results of this analysis are presented in Fig-
ure 8. Our results show that for activation map-based XAI
methods, performance metrics drop as the model size in-
creases. This decline is particularly pronounced when tran-
sitioning from the ViT-B to the ViT-L architecture. Several
hypotheses may account for this phenomenon. The most
plausible explanation is the emergence of artifacts associ-
ated with high-norm tokens in the activation maps of larger
models, which are used to store information (Darcet et al.
2023). Note that, if this phenomenon is present in our case,
such high-norm token artifacts are not universal across all
ViTs.. Interestingly, this decrease in score is not percepti-
ble in image perturbation-based XAI techniques, which re-
inforces the hypothesis that activation artifacts contribute to
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the reduced interpretability of explanations.

Steering XAI methods towards better alignment

We propose to use the PASTA-score to enhance the inter-
pretability of an off-the-shelf XAI method, namely RISE
(Petsiuk, Das, and Saenko 2018). Our approach is as fol-
lows: while RISE generates random masks and selects the
one that has the best class scores Sp,opq, We introduce a reg-
ularization component based on the PASTA-score. Conse-
quently, instead of rating masks using Sprobe, We employ
the following formula:

WRISE+PASTA = ASpasTa + (1 —X)Sproba,  (4)

where A € [0,1] is a hyperparameter. When A = 0, the
generated explanation aligns with the original RISE method.
Conversely, if A\ = 1, the explanation produced corresponds
to a scenario that maximizes the PASTA-score. Note that set-
ting A = 1 would result in an explainer optimizing only for
human preferences while neglecting the true behavior of the
model, which may not yield useful explanations.

Upon analyzing the samples generated through the opti-
mization process, we initially observe a slight improvement
in the localization of highlighted objects. For instance, the
explanation depicted in Figure 9e exhibits fewer indecisive
zones and demonstrates enhanced precision compared to the
explanation shown in Figure 9d. Regarding the case where
A = 1, we note that the explanation begins to hallucinate
zones of interest while omitting others, like in Figure 9c.
Additionally, one can observe that the PASTA-score favors
large heatmaps. However, the optimized explanations do not
systematically overlap with the entire zone of the prediction,
suggesting that alignment with the segmentation map of the
object to assess the quality of saliency-based explanations,
as conducted in previous studies (Karmani et al. 2024; Li
et al. 2022b), may prove to be inadequate.
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Figure 8: Impact of classifier backbone size on the perceived interpretability of image explanations. A notable decrease in the
PASTA-score is observed as the model size increases (left). Examination of image samples suggests that artifacts present in the

background are likely responsible for this decline.
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Figure 9: Optimized explanations derived through RISE
adjusted with the PASTA-score. Label of the top images:
home _or_hotel. Label of the bottom images: Renaissance.
F denotes the faithfulness correlation score, P denotes the
PASTA-score.

Conclusions

We introduce PASTA, a novel perceptual scoring method
designed to benchmark XAI techniques in a human-
centric manner. We collect a large-scale benchmark dataset
(PASTA-dataset), and use it for an assessment of XAI ex-
planations by human annotators. Based on this dataset, we
develop an automated scoring method (PASTA-score) that
spans previously unexplored modalities, effectively mim-
icking human preferences and allowing for circumventing
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resource-intensive user studies for applications that may
benefit so. Deploying PASTA allows new quantitative ob-
servations: Our findings reveal a distinct preference for
saliency-based explanations, identify a negative impact of
backbone size, and demonstrate the potential to generate
more human pleasant explanations without compromising
faithfulness. These results not only align with human in-
tuition but also corroborate visual examples, affirming the
scalability and reliability of PASTA-score.

Limitations: First, the PASTA-score is trained on specific
datasets and explanation modalities, which may limit its
generalizability to other unseen domains, especially those
with domain-specific semantics. Second, the human prefer-
ences captured by the PASTA-dataset may inherit the intrin-
sic biases of human annotators. Third, although PASTA re-
duces the need for costly user studies, it remains an approx-
imation of subjective human judgment and may overlook
nuanced or task-specific interpretability needs, which may
justify the need for more resource-intensive ad-hoc human
interactions in downstream use cases.

Broader impact: Dynamic scoring approaches could be
explored to capture the evolving nature of XAl techniques
and their use in real-world applications. PASTA intends to
take a step towards creating a transparent and trustworthy Al
ecosystem. By aligning Al explanations with human pref-
erences, we aim to foster the development of more inter-
pretable Al systems that can be understood and trusted by
users. This work also introduces a perceptual metric, paving
the way for future research to implement the PASTA-score
as a perceptual loss aimed at enhancing the trustworthi-
ness of networks, drawing for example, inspiration from the
emerging use of LPIPS (Zhang et al. 2018) in tasks such as
image generation (Jo, Yang, and Kim 2020).
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