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Abstract
Explainability in artificial intelligence (XAI) remains a crucial aspect for fostering trust and understanding in machine
learning models. Current visual explanation techniques, such as gradient-based or class-activation-based methods, often
exhibit a strong dependence on specific model architectures. Conversely, perturbation-based methods, despite being model-
agnostic, are computationally expensive as they require evaluating models on a large number of forward passes. We introduce
Foveation-based Explanations (FovEx), a novel XAI method inspired by human vision, which combines biologically inspired
foveation-based transformations with gradient-driven overt attention to iteratively select locations of interest. These locations
are selected to maximize the performance of the model to be explained with respect to the downstream task and then combined
to generate an attribution map. We provide a thorough evaluation with qualitative and quantitative assessments on established
benchmarks. Our method achieves state-of-the-art performance on both transformers (on 4 out of 5 metrics) and convolutional
models (on 3 out of 5 metrics), demonstrating its versatility among various architectures. Furthermore, we show the alignment
between the explanation map produced by FovEx and human gaze patterns (+14% in NSS compared to RISE, +203% in NSS
compared to GradCAM). This comparison enhances our confidence in FovEx’s ability to close the interpretation gap between
humans and machines.
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1 Introduction

In recent years, deep learning has made remarkable strides
in revolutionizing computer vision, particularly in safety-
critical domains such as medical imaging (Fujiyoshi et al.,
2019; Ouyang et al., 2020; Wang et al., 2022), autonomous
driving (Jing et al., 2022; Najibi et al., 2022), industrial
automation (Iqbal et al., 2019; Liang et al., 2017; Maschler
& Weyrich, 2021), or security and surveillance (Gruosso
et al., 2021; Singh et al., 2020; Xu, 2021). However, as
these models become increasingly more complex, the lack
of understanding of their decision-making processes poses
significant challenges(Achtibat et al., 2023; Goodman &
Flaxman, 2017; Longo et al., 2024). To address these chal-
lenges, there is a growing need for XAI methods aiming at
ensuring transparency and interpretability to the black-box
nature of deep learning models.
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While a variety of explanation methods have been devel-
oped for visionmodels (Chefer et al., 2021a, b; Chattopadhay
et al., 2018; Selvaraju et al., 2017), these approaches are often
tailored to specific architectures and lack universality. Grad-
CAM and its derivations (Chattopadhay et al., 2018; Sel-
varaju et al., 2017) have been originally described as effective
class-specific XAI methods to compute gradient-weighted
feature maps from the last layer of convolutional architec-
tures, highlighting relevant regions in the input. Although
the GradCAM method can be extended to vision trans-
formers (through reshaping the feature maps and gradients
from the deepest layers), the performance of this approach
is adversely affected by certain architectural attributes of
vision transformers, such as skip connections, non-local self-
attention mechanisms, and unstable gradients (Choi et al.,
2023). On the other side, XAI methods for vision transform-
ers (Abnar & Zuidema, 2020; Chefer et al., 2021a, b) are
often tailored to transformer-specific characteristics, such as
attention weights or class tokens, making their application
to convolutional-based models unfeasible. Therefore, there
is a pressing need for model-agnostic XAI methods, i.e., an
approach that can work on any model architecture without
the need for changes or adaptations. This can ensure com-
parability in explanations across different architectures and
ensure more reliable interpretations of deep neural networks.

While current XAI methods provide insights into model
decision-making processes, their quality often falls short
when it comes to human understanding as they lack contex-
tual aspects that make such explanations understandable to
humans (Hsiao & Chan, 2023; Morrison et al., 2023). Incor-
porating human-inspired constraints into XAI frameworks
can enhance the quality of explanations and make themmore
alignedwith humanperception.One such fundamental aspect
is foveated vision: humans’ highest visual acuity occurs at
the center of the visual field (fovea), while peripheral vision
has a lower resolution, underlying the way humans priori-
tize details in a specific area. Recent work (Han et al., 2020;
Volokitin et al., 2017) has demonstrated the advantages of
incorporating such constraints into vision models.

Deza and Konkle (2020) show increased i.i.d. gener-
alization as a computational consequence emerging with
foveated processing. Location-dependent computation based
on foveation have demonstrated efficiency and avoidance of
spurious correlation fromdata, both for convolutional (Tiezzi
et al., 2022) and visual transformer (Jonnalagadda et al.,
2021) models. Foveation priors are effective in generating
visual scanpath (Schwinn et al., 2022). These results together
demonstrate how introducing biological constraints in artifi-
cial neural networks both increases alignmentwith the human
counterpart and fosters model performances. We believe
that the aforementioned concepts and intuitions can open a
promising novel avenue in the field of explainability.

In this paper, we address the challenges of current
explainability approaches and introduce a novel method,
Foveation-based Explanations (FovEx), drawing inspiration
from two key aspects of human vision: foveation (Bringmann
& Wiedemann, 2021; Hendrickson & Yuodelis, 1984) and
overt attention(Tsotsos, 2021; Wright, 1998). The final goal
of FovExis to determine explanations, in the form of attribu-
tion maps, on the output of a backbone model processing a
given input pattern. To do so, input samples undergo a differ-
entiable transformation simulating a foveation mechanism.
Gradient information is then utilized to facilitate selective
visual attention through an iterative, post-hoc, human-like
exploration of the input image, identifying the most relevant
regions. Such relevant regions are combined appropriately to
generate attribution maps. The FovEx-generated explanation
maps, compared in Figure 1 against state-of-the-art methods
(further details in the remainder of the paper), achieve state-
of-the-art performance in common XAI metrics and have
a better alignment with human gaze, as per experimental
results.

To summarize, we delineate our contributions as follows:

• We introduce FovEx, a novel explanation method for
DNNs that incorporates the biological constraint of
human foveated vision. FovEx extracts human-aligned
visual explanations of the predictions in a post-hoc
fashion, i.e., without introducing any architectural mod-
ification to the underlying predictor.

• We demonstrate the effectiveness of FovEx through
qualitative and quantitative evaluations for both con-
volutional and transformer-based models. We compare
our approach to class-activation-based and perturbation-
based XAI methods and demonstrate state-of-the-art
performance for different model architectures.

• We show that FovEx explanations enhance human inter-
pretability via a quantitative investigation of the corre-
lation between human gaze patterns and the explanation
maps of DNNs generated by FovEx.

2 RelatedWork

A variety of local post-hoc XAI methods exist for super-
vised image classification models (Ali et al., 2023). These
techniques can be broadly categorized into (i) backpropaga-
tion or gradient-based methods, (i i) Class Activation Map
(CAM)-based methods, and (i i i) perturbation-based meth-
ods (Nguyen et al., 2023; Wagner et al., 2019). In this
section, we first introduce the main literature for these three
categories, and then provide concise insights into specific
methods tailored for the interpretability of transformer-based
models.
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Fig. 1 ViT-B/16 attribution
maps. Explanation maps
generated by FovEx (second
column) and competitors for the
ViT-B/16 predictor. Red crosses
on explanation maps in the
FovExcolumn denote fixation
locations

Gradient-based Explanation Methods. To generate expla-
nations, gradient-based XAI approaches utilize the gradient
of a pre-trained black-box model’s output with respect to
input features, i.e., image pixels (Nielsen et al., 2022). The
seminal work by Simonyan et al. (2014) constructs saliency
maps by computing gradients of the non-linear class score
function with respect to the input image. However, gradi-
ents frequently result in noisy visualizations. To address this
issue, (Smilkov et al., 2017) refines the explanation map
by averaging over multiple saliency maps for a single input
image. These saliency maps correspond to noisy duplicates
of the input image, built by introducing random Gaussian
noise with a zero mean into the original image. Layer-wise
Relevance Propagation (LRP) (Bach et al., 2015) generates
an explanation map by propagating fixed predefined decom-
position rules from the output layer of a black-box model
to the input layer. Softmax Gradient Layer-wise Relevance
Propagation (SGLRP) (Iwana et al., 2019) utilizes the gra-
dient of the softmax function to propagate decomposition
rules, aiming to address the class-agnostic nature observed
in vanilla LRP. Unlike gradient-basedmethods, our proposed
approach uses gradient information exclusively to enable a
human-like exploration of the input image to generate loca-
tions of interest.
CAM-based ExplanationMethods.A class activation map
(CAM) (Zhou et al., 2016) reveals the important areas in
an image that a convolutional neural network relies on to
recognize a particular class. CAM leverages theGlobal Aver-
age Pooling (GAP) layer and the top-most fully connected
layer of convolution-based classification networks. Even if
CAMproduces class-discriminating saliencymaps, it is fully
dependant on architectural families and constraints. Grad-

CAM (Selvaraju et al., 2017) extends CAM by incorporating
gradient information. It computes the gradient of the pre-
dicted class score with respect to the feature maps of the
last convolutional layer. These gradients act as the weights
of each feature map for the target class. GradCAM++ (Chat-
topadhay et al., 2018) builds on GradCAM by employing
pixel-wise weights rather than a single weight for a forward
feature map of the final convolution layer. This enhancement
enables GradCAM++ to preserve multiple instances of simi-
lar objects in the final explanationmap. To further improve on
the gradient-based CAM techniques, (Wang et al., 2020) uses
class score as weights and (Lee et al., 2021) employs rele-
vance score as weights in the explanation generation process.
In contrast to CAM-based methods, our method is archi-
tecture agnostic, making it applicable to convolution and
transformer-based models without any modifications.
Perturbation-based Explanation Methods. In the con-
text of supervised image classification, perturbation-based
explanation methods involve techniques that generate expla-
nations by directly manipulating the pixels in the input
image and observing the resultant changes in the output of
the black-box model (Ivanovs et al., 2021). Various exist-
ing explanation techniques belong to this category (Fong &
Vedaldi, 2017; Fong et al., 2019; Li et al., 2021; Petsiuk
et al., 2018, 2021; Wagner et al., 2019). Perturbation-based
explanation methods are particularly versatile, holding the
potential for application across various model architectures.
However, these approaches exhibit high computational com-
plexity as they rely on the computation of a large number of
perturbations and model inference steps. Unlike traditional
perturbation methods, which rely on random or exhaustive
sampling of input variations, our approach strategically inte-
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grates gradient guidance to identify optimal focus locations.
Our novel hybrid design not only leverages the strengths
of both perturbation-based and gradient-driven techniques
but also enhances the interpretability and relevance of the
generated attribution maps. By guiding perturbations with
gradient information, our method significantly reduces com-
putational overhead, achieving an efficiency improvement
of an order of magnitude compared to other perturbation-
based approaches, see Section 4.3. Recent work has also
explored black-box explanation techniques specifically tai-
lored for object detectors (Petsiuk et al., 2018).
Explaining Transformers.While there is a variety of expla-
nation methods available for convolution-based models, the
range of methods for transformers is relatively limited.
Chefer et al. (2021a) contribute to this domain by gener-
ating explanation maps for transformers with a method that
combines LRP and gradient-based approaches. Chefer et al.
(2021b) extends the application of the method proposed in
Chefer et al. (2021a) to provide explanations for any type of
transformer model. Additionally, Vilas et al. (2023) propose
an approach that quantifies how different regions of an image
can contribute to producing a class representation in interme-
diate layers, using attention and gradient-based information.
However, it is important to note that these methods cannot
be seamlessly employed in a plug-and-play manner without
making adjustments to pre-existing model implementations.
Conversely, in this paper, we propose a novel method that
can be applied to both convolution-based and transformer-
based architectures without altering the neural architectures
for computing the explanation.

3 Foveation-based Explanation: FovEx

Let us consider a black-box predictor b(·|θ) defined for clas-
sification problems, that, without any loss in generality, we
assume to be a neural network with learnable parameters θ .
The predictor is a function b : X ∈ R

i �→ Y, that maps
data instances x from the input space X ∈ R

i to the predic-
tion y in the target space Y, containing the different labels
to which the input data pattern can belong. We denote with
y = b(x |θ) the prediction y yielded by the predictor on the
input pattern x . We denote with θD the case in which the
learnable parameters θ have been tuned on a training dataset
D.

The goal of FovExis to extract a human-understandable
visual explanation of the decisions taken by the predictor b, in
a post-hoc fashion, i.e., without introducing any architectural
modification to the underlyingpredictorb. Formally, FovExis
a function

E = FovEx(b, x) (1)

where the output E denotes the attributionmap for the predic-
tor b associated to the input x . FovExin turn consists of three
fundamental operations, i.e., (i) a differentiable foveation
mechanism, (i i) a gradient-based attention mechanism, and
(i i i) an attribution map generation process. A schematic
illustration of the method is given in Figure 2. In the fol-
lowing, we give a formal definition of each operation.
Differentiable Foveation. Biological foveated vision is
characterized by a central area of fine-grained processing
(i.e., the fovea) and a coarser peripheral area. We draw inspi-
ration from Schwinn et al. (2022) to design a differentiable
foveation mechanism. Let x be an input image and ft be the
current coordinates of the focus of attention at time t . First,
we define a coarse version of x , denoted by x̄ , by convolving
it with a Gaussian kernel, i.e.,

x̄ = x ∗ G(0, σ 2
b ) (2)

where ∗ represents the convolution operation, and G(0, σ 2
b )

denotes the Gaussian kernel with a mean of 0 and a stan-
dard deviation of σb. The parameter σb controls the amount
of blurring in the periphery of the image. From a biological
standpoint, x̄ can be regarded as the fundamental information
obtained by peripheral vision within the initial millisec-
onds of stimulus presentation. A foveated input image x�

is obtained as a weighted sum of the original input x and the
coarse version of the input x̄ , i.e.,

x� = �(x, ft ) = W(t) · x + (1 − W(t)) · x̄ (3)

where · denotes the pixel-wise multiplication. In equation

3, W(t) = G
(
ft , σ 2

f

)
stands for the pixel-wise weight-

ing factor defined as the Gaussian blob G
(
ft , σ 2

f

)
with a

mean of ft and a standard deviation of σ f , and �(·) repre-
sents the foveation function. It is important to notice that,
since all operations are differentiable, it makes the prop-
agation of gradient information necessary for subsequent
steps feasible. Additionally, the transformation described
above introduces noise according to a foveal distribution
W(t), perturbing the original input. Notice that the drop in
visual sensitivity across the human visual field is not exactly
Gaussian (Bringmann &Wiedemann, 2021; Hendrickson &
Yuodelis, 1984) and can vary with direction and eccentric-
ity. However, Gaussian approximations are commonly used
as effective first-order approximations of such drop in sen-
sitivity, especially in low-resolution settings. This approach
is well-established in practical applications such as foveated
rendering (Malkin et al., 2020), foveated image processing
(Pamplona & Bernardino, 2009; Wu et al., 2018), and blur
simulation (Deza & Konkle, 2020) because it balances com-
putational efficiency with high accuracy.

123



International Journal of Computer Vision

Fig. 2 The proposed FovEx. Given an input image x , FovExproduces
an attribution map E for a predictor b trained on a dataset D. The
image x undergoes a differentiable foveation process yielding a trans-
formed input (st ) for the predictor b. The loss function L, computed
based on predicted class scores and ground truth y, is exploited by

an attention mechanism for the generation of a sequence of fixations
( f1, f2, · · · , ft ) (referred to as scanpath F). The resultant scanpath
F is employed to build a weighted linear combination of individual
saliency maps εi associated with each fixation point fi , leading to the
final attribution map E

Gradient-based Attention Mechanism. The foveation
mechanism allows for sequential exploration of the given
input image. The next location of interest (i.e., the next fix-
ation point) will depend on the state st generated by all
previous fixation locations, which can be regarded as the
system’smemory. The st is obtained by cumulatingGaussian
blobs to gradually expand the region of good visual fidelity
after each fixation point, i.e.,

st = s(x, ft ) = Gt · x + (1 − Gt ) · x̄ (4)

where Gt = ∑t
j=0 β jGt− j

(
f j , σ 2

f

)
symbolizes the cumu-

lative Gaussian blob, whereas 1 refers to a square matrix of
ones. The forgetting factor 0 ≤ β ≤ 1 regulates how much
information is retained from previous fixations.

Let L (b(st ), y) be the loss function at time t , e.g., calcu-
lated as the distance between the output predicted by b for the
current state st and the target class yt . The next fixation loca-
tions are dynamically adjusted to minimize the loss function
L with respect to the current fixation location ft , i.e.,

ft+1 = ft − λ
δL
δ ft

(5)

where the hyperparameter λ determines the step size at each
iteration during optimization. The optimization technique
iterates until a specified number of optimization steps (os)
have been performed, ensuring successful convergence. The
influence of os is discussed in the ablation studies, in Section
4.4. Random restarts (rr) are implemented when optimiza-
tion fails to yield improvements in the loss function after a

specified number of steps os, serving as a strategy to escape
local minima. New fixations can be generated for an arbitrary
number N of steps, resulting in a sequence of N fixations
points, also called a scanpath

F = ( f1, ..., fN ) (6)

Attribution Map Generation. At this point, we have gen-
erated a sequence of N fixation points based on an input and
a task model. Each fixation point fi can be associated with a
saliency map εi , describing a 2D Gaussian distribution with
a mean at fi and a standard deviation σε , where σε is set to
match the standard deviation of the Gaussian blob (σ f ). The
final attribution map E , functioning as an explanation for the
predictor b, is obtained as a weighted linear combination of
the individual saliency maps associated with each fixation
point, i.e.,

E = N
(

k∑
i=1

αiεi

)
(7)

In Equation 7, αi denotes the weighting factor for saliency
map εi and N(·) represents min-max normalization. The
weights αi determine the contribution of each fixation to
the final saliency map. In our experiments, we set αi = 1,
∀I ∈ {1, ..., N }, as different weighting schemes did not
improve the quality of explanations on a validation set.

123



International Journal of Computer Vision

4 Experiments

We conducted a comprehensive set of experiments to com-
pare the performances of the proposed FovExagainst state-
of-the-art (SOTA) models and to showcase its ability to
be agnostic to the architecture of the predictor b. We
assessed FovEx’s performances in different scenarios, rang-
ing from qualitative inspections and quantitative assessments
in the common testbed of ImageNet-1K validation set (Rus-
sakovsky et al., 2015) to the correlation analysis of the
generated attribution maps to human gaze. Additionally, we
compared FovEx’s computational complexity against SOTA
methods and performed in-depth model ablation studies. All
our experiments were performed in a Linux environment,
using an NVIDIA RTX 3080 GPU, and the implementa-
tion code can be found at https://github.com/mahadev1995/
FovEx.

4.1 ImageNet-1K

Setup&Data. We selected two representative classification
models as the predictor b to be explained. In particular, we
focused on aResNet-501 (He et al., 2016) and aVision Trans-
former (ViT-B/16)2 (Dosovitskiy et al., 2020), that have been
recently classified as foundation models (Bommasani et al.,
2021). The ResNet-50model is pre-trained on the ImageNet-
1K (Russakovsky et al., 2015) dataset, while the ViT-B/16
model is pre-trained on ImageNet-21K (Ridnik et al., 2021)
dataset and fine-tuned on ImageNet-1K (Russakovsky et al.,
2015) dataset.We assessed themodel performances on a sub-
set of 5000 images from the ImageNet-1K (Russakovsky et
al., 2015) validation set, randomly sampled among the ones
correctly classified by the predictor b in order to measure the
contribution of the method exactly, as pointed out by recent
literature (Lee et al., 2021). The images are resized to a res-
olution of 224 × 224 pixels and normalized in the range
of (0, 1). Performance on additional models is presented in
Appendix A.
Metrics. We report model performances focusing on the
faithfulness and localization attributes of the explanation
maps. Faithfulness measures the extent to which explanation
maps correspond to the behavior of the black-box model.
We report Avg. % drop (lower is better) and Avg. %

increase introduced in Chattopadhay et al. (2018) (higher
is better), as well as the Delete (lower is better) and Insert
metrics (higher is better) proposed by Petsiuk et al. (2018).
The Avg. % drop metric assesses the shift in confidence
between two scenarios: onewith the entire image as input and
another with input limited to the regions highlighted by the
explanation map. The Avg. % increase metric quantifies

1 https://pytorch.org/vision/stable/models.html
2 https://github.com/google-research/vision_transformer

instances across the dataset where the model’s confidence
rises when only the highlighted regions from the explanation
map are considered. The Delete metric is used to evaluate
the decrease in predicted class probability when removing
pixels with decreasing importance, according to the expla-
nation map. On the other hand, the Insert metric measures
the increase in estimated likelihood when adding the essen-
tial pixels to the input, ordered from most to least important
as indicated by the attributionmap. Localizationmeasures an
explanation map’s capability to focus on a specific region of
interest. Although good performance on localizationmay not
imply a good explanation, it can provide interesting insights
nonetheless because explaining a model’s localization deci-
sions can help identify patterns in the data the model has
learned (Lucieri et al., 2020). We report the Energy-Based
Pointing Game (EBPG) metric (Wang et al., 2020) (higher is
better). The EBPGmetric calculates the energy of attribution
maps within a predefined bounding box of the target class.
Compared Models & Architecture Details. We com-
pared the performances attained by FovExagainst vari-
ous SOTA XAI techniques. When considering the ViT-
B/16 predictor, we report performances obtained by grad-
CAM (Selvaraju et al., 2017), Meaningful Perturbation
(Mean. Pert.) (Fong & Vedaldi, 2017), RISE (Petsiuk et al.,
2018), GAE (Chefer et al., 2021b), and class embedding
projection (Cls. Emb.) (Vilas et al., 2023). We remark that
perturbation-based methods (Mean. Pert., RISE) have not
been previously tested with Transformer architectures. In the
case of a ResNet-50 predictor, we consider gradCAM, grad-
CAM++ (Chattopadhay et al., 2018), Mean. Pert., and RISE
as competitors. In all the settings, we also report a baseline
technique for sanity check, referred to as RandomCAM. In
particular, randomCAMgenerates class activationmaps for a
randomly selected class regardless of the black-box model’s
prediction. For competitors, we utilized hyper-parameters
following the respective original implementations. When
considering FovEx, we adhere to the parameters suggested
in Schwinn et al. (2022), which are biologically plausible,
as they are designed to mimic human vision. The effect of
different choices for the hyperparameters is discussed in our
ablation study discussed in Section 4.4.
Quantitative Inspection. We report in Table 1 the results
obtained for the ViT-B/16 predictor. FovExoutperforms all
the competitors across all metrics, with the exception of
Delete, where the Cls. Emb. method excels. RISE secures
the second-best position in Avg. % drop, Avg. %

increase, and EBPGmetrics, while gradCAM achieves the
second-best performance in Delete and Insert. Similar
conclusions can be drawnwhenwe consider b to be aResNet-
50, as reported in Table 2. FovExovercomes other methods in
Avg. % drop,Avg. % increase, and Insert,while deliv-
ering competitive results in Delete and EBPG. We remark
that while Mean. Pert. performs better than FovExwhen con-
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Table 1 ViT-B/16 quantitative evaluation. Average metrics on the considered subset of ImageNet-1K validation dataset. The best-performingmodel
is in bold, and the second-best is underlined

Eval. Name FovEx grad CAM GAE Cls. Emb. Mean. Pert. RISE random CAM

Avg. % drop (↓) 13.970 40.057 86.207 34.862 29.753 15.673 80.714

Avg. % increase (↑) 30.389 11.469 0.799 13.329 20.549 22.189 1.789

Delete (↓) 0.240 0.157 0.172 0.155 0.200 0.158 0.395

Insert (↑) 0.840 0.818 0.806 0.817 0.674 0.782 0.682

EBPG (↑) 47.705 41.667 39.812 39.350 40.646 42.633 35.708

Table 2 ResNet-50 quantitative evaluation. Average metrics on the considered subset of ImageNet-1K validation dataset. The best-performing
model is in bold, and the second-best is underlined

Eval. Name FovEx grad CAM grad CAM++ Mean. Pert. RISE random CAM

Avg. % drop (↓) 11.780 21.718 19.863 85.973 11.885 61.317

Avg. % increase (↑) 61.849 43.669 45.069 4.700 55.489 16.729

Delete (↓) 0.151 0.108 0.113 0.082 0.100 0.212

Insert (↑) 0.374 0.368 0.361 0.280 0.372 0.287

EBPG (↑) 46.977 48.658 47.412 42.725 43.312 38.118

sidering Delete, it exhibits worse overall performances in
all the other considered metrics. GradCAM is the top per-
former when considering EBPG, followed by gradCAM++.
RISE secures the second position in all other metrics, except
for EBPG.

These results showcase better faithfulness and localiza-
tion capabilities of the proposed FovExas compared to other
methods, independent of the underlying model architecture.
The lower performance of FovExon the Delete metric can
be attributed to its underlying optimization scheme. FovExis
based on a preservation-oriented approach, where the opti-
mization seeks to identify image regions that, when retained,
enable the model to maintain accurate classification. This
design naturally favors the Insertmetric, which aligns more
closely with FovEx’s optimization objective. However, this
emphasis on preserving informative regions introduces a
trade-off, potentially reducing performance on the Delete

metric. Since the optimization is geared toward retaining
the most crucial areas for maintaining prediction accuracy—
rather than identifying regions whose removal most impairs
the model—FovExmay be penalized under theDelete eval-
uation.
Qualitative Inspection. To better assess the explanations
provided by the proposed FovEx, we conducted a qualitative
evaluation comprising both a (i) visual comparison concern-
ing the considered competitors and (i i) in-depth investigation
regarding class-specific explanations. Figure 1 illustrates a
comparison of attribution maps generated on several (rows)
input samples (first column) by the proposed FovEx(second
column) and the other considered competitors (subsequent
columns), in the case of the ViT-B/16 predictor. FovExgen-

erates explanationmaps that are spread over the whole object
of interest without any blemish or stray spot, such as the ones
produced by gradCAM, GAE, and Cls. Emb. An explana-
tion of such phenomenon is given by Darcet et al. (2023),
demonstrating the presence of artifacts in the feature map of
models, corresponding to high-norm tokens appearing dur-
ing inference in unimportant background areas of images,
repurposed for internal computations. Indeed, we remark
how the issue is solved when using FovExas the explana-
tion method. Similarly, RISE yields noise-free explanation
maps, but we remark that its computational time is signifi-
cantly higher compared to FovEx(see Section 4.3).

To better assess the quality of attribution maps generated
by FovExwhen dealing with convolution-based architec-
tures, we report in Figure 3 a visual comparison of attribution
maps generated by FovEx (second column) and other SOTA
methods for the ResNet-50 predictor. More visualizations of
attribution maps for different models are given in Appendix
D. Also in this setting, FovExis capable of generating attribu-
tion maps that are focused on the main object class contained
in the processed image. The attribution map correctly spans
over the object of interest, thanks to the exploration carried
on by the attention scanpath, differently from competitors
(RISE, gradCAM) that tend to attribute the class prediction
to certain object parts (bird head).

Additionally, we tested FovEx’s ability to localize class-
discriminative information and capture fine-grained details.
In particular, we selected images containing multiple anno-
tated categories and we generated attribution maps for each
of the available classeswith FovEx.We report in Figure 4-top
the attribution maps obtained with ViT-B/16 as the predictor
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Fig. 3 ResNet-50 attribution
maps. Explanation maps
generated by FovEx and
competitors for the ResNet-50
model. Red crosses on
explanation maps in the
FovExcolumn denote fixation
locations

Fig. 4 Class-discriminative
evaluation. Class-specific
attribution maps generated from
FovEx, using ViT-B/16 (top)
and ResNet-50 (bottom) as the
predictor

when generating explanations for different categories (indi-
cated in the columnheader).Attributionmaps generated from
FovExcan discern the desired categories, localizing the rel-
evant category inside the image with a good fine-grained
definition of the pixels belonging to the object. Similar con-
clusions can be drawn when considering ResNet-50 as the
predictor, as depicted in Figure 4-bottom.

We report the FovEx performance when considering three
additional predictors (b) such as ConvNeXt (Liu et al.,
2022), ViT-B/16 and ViT-B/32 from torchvision3 in the
Appendix A. In summary, FovEx continues to outperform
other SOTA methods in the majority of the evaluation met-
rics considered for the aforementioned models.

3 Models from torchvision are trained on ImageNet-1K, while
ViT-B/16 used in Section 4.1 is trained on ImageNet-21K and
finetuned on ImageNet-1K. Source: https://pytorch.org/vision/stable/
models.html

4.2 Human Gaze Correlation

Setup & Data. Generating attribution maps that are similar
to the ones produced by human-gaze for image classifica-
tion can enhance visual plausibility (Lai et al., 2020; Qi et
al., 2023). Here, we investigate the correlation of attribu-
tion maps generated by FovExand other competitors with
the ones obtained from human gaze for image free-viewing
task. The goal is to investigate the possibility of generating
explanationmaps correlated to the general human gaze while
being faithful to a black-box model’s decision-making. We
exploit theMIT1003 dataset (Judd et al., 2009), composed of
1003 images that are complemented by correspondinghuman
attention maps, collected in a controlled setting.
Metrics. To quantitatively assess the similarity between the
attribution maps generated by the black-box model and the
human attention map, we employ the Normalised Scanpath
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Table 3 Human-gaze
correlation. Quantitative
evaluation results from human
gaze experiment. We report NSS
and AUCJ metrics (higher is
better, see the main text for
further details)

Eval. Name FovEx grad CAM grad CAM++ Cls. Emb. GAE Mean. Pert. RISE

NSS (↑) 0.7160 0.2357 0.0372 0.1231 0.4120 0.6197 0.6287

AUCJ (↑) 0.7044 0.5581 0.5094 0.5317 0.6875 0.6698 0.6400

Fig. 5 Efficiency analysis.
Comparison of average
attribution map generation time
(x-axis, seconds) against model
performance (y-axis), both
when considering avg % drop

(left) and insert metrics (right),
for the ViT-B/16 model

Similarity (NSS) and Area Under the ROC Curve Judd ver-
sion (AUCJ) metrics (Zanca et al., 2018). The higher the
value of such metrics, the better.
Compared Models & Architecture Details. We compare
FovExagainst the SOTA competitors described in the previ-
ous experiments. For this study, we focus on the ViT-B/16
predictor, pretrained on ImageNet-21K (Ridnik et al., 2021)
and fine-tuned on ImageNet-1K (Russakovsky et al., 2015).
Results. As reported in Table 3, FovEx outperforms other
methods in both the considered metrics. The achieved per-
formances are almost doubled with respect to gradCAM
and gradCAM++. Remarkably, explanation methods that
have been proposed for the tested architecture (GAE, Cls.
Emb.) are outperformed. This result highlights the align-
ment between the explanation maps produced by FovExand
human gaze patterns during free-viewing of natural images
and enhances our confidence in FovEx’s ability to close the
interpretation gap between humans and machines. Indeed,
we remark that these results should be analyzed in con-
junction with the ones about XAI metrics, summarised in
Tables 2 and 1. Overall, to proposed FovExis capable of
coupling (i) the best alignment with human gaze patterns
among the tested explanation methods, which we showed by
investigating its correlation with human attention, together
with (i i) extremely promising quantitative performances on
several XAI metrics. This suggests that FovExprovides a
more accurate and intuitive understanding of the model’s
decision-making process with respect to alternativemethods,
by allowing for a better comparison between human fixations
and input localization importance of the model.

4.3 Efficiency Analysis

In this section, we investigate the time efficiency of the pro-
posed FovExcompared with other SOTA approaches. We
report the time necessary to produce an attribution map aver-

aged over the considered 5000 images from the ImageNet-1K
validation dataset. We focus our analysis on the ViT-B/16
predictor (a similar conclusion holds for theResNet-50 archi-
tecture). In Figure 5-left we report the inference time (x-axis,
seconds) against the avg % dropmetric (y-axis) for all the
considered methods. The closer to the left-bottom corner,
the better. Figure 5-right depicts inference time (x-axis, sec-
onds) against Insert (y-axis). In this case, the left-top corner
implies better performance. Overall, FovEx outperforms
perturbation-based approaches (Mean. Pert. and RISE) in
both performance and time efficiency. Conversely, gradient-
based methods are more time efficient but are far from the
performances achieved by FovExin the considered metrics.

4.4 Ablation studies

We undertook several ablation studies, which are delineated
below. We conducted experiments to study the effect of vari-
ous parameters such as random restart (rr), foveation sigma
(σ f ), forgetting factor (β), scanpath length (N ), optimiza-
tion steps (os), blur sigma (σb), and blur filter size (bfs).
Figure 6 depicts the summarized impact of the parameters
mentioned above on the performance of FovEx. We uti-
lized the ViT-B/16 model and the corresponding subset of
the ImageNet-1K validation dataset employed in Section 4.1
for the ablation studies. Default values for the parameters are
given in Appendix B.
RandomRestart (rr). The rr parameter helps to avoid local
minima in the optimization scheme for finding the location of
fixation ft . When rr is set to True, the exploration starts at a
completely random location. Figure 7 depicts the visual com-
parison of explanation maps generated using two different
values of rr. On close inspection, it is evident that fixation
locations are closer to each other when rr is set to False.
Table 4 presents the comparison of quantitative evaluation
for different configurations of rr. With rr set to True, we
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Fig. 6 Summary of ablation
study conducted to showcase the
effect of various
FovExparameters. The ↑ near
parameters (x axis) denotes an
increase in their value; except
for rr, it signifies the value shifts
from False to True

Fig. 7 Qualitative assessment. Comparison of attribution maps gener-
ated using FovEx with different rr values

get better performance in every metric except for the EBPG
metric.
Foveation Sigma (σ f ). The σ f parameter controls the stan-
dard deviation of the area with higher visual acuity in the
foveated input image. A higher value of σ f results in a larger
region with enhanced visual clarity. In our experiments, we
create attribution maps with varying σ f values- specifically,
{0.3, 0.15, 0.075, 0.0375}.

The visual comparison shown in Figure 8 indicates an
increase in σ f values results in attribution maps with larger
areas, while lower σ f values result in a more concentrated
explanation map. We report quantitative assessments in Fig-
ure 9. As the value of σ f increases, there is an improvement
in the metrics of Avg. % drop and Avg. % increase.
However, the metric of Delete decreases. It is worth noting
that an optimal σ f value of 0.15 shows the maximum perfor-
mance in the Insert metric. Increasing σ f leads to a wider
spread of the attribution map, compromising localization.

Fig. 8 Qualitative assessment. Comparison of attribution maps gener-
ated using FovEx with different σ f values

Forgetting Factor (β). The forgetting factor 0 ≤ β ≥ 1
regulates how much information is retained from previous
fixations. In our study,we created attributionmaps for various
β values to investigate their effects. Specifically, we used
the values {0.0, 0.1, 0.25, 0.5, 0.75, 1.0}. Visual comparison
illustrated in Figure 10 reveals that the quality of explanation
maps decreases with an increase in the β value. However, the

Table 4 Quantitative assessment. Average metrics on the considered subset of ImageNet-1K validation dataset for ViT-B/16 model for different
rr values. Bold terms denote the best performance and underlined terms represent the second best performance

Eval. Name Avg. % drop (↓) Avg. % increase (↑) Delete (↓) Insert (↑) EBPG (↑)
rr = True 13.973 30.389 0.240 0.840 47.705

rr = False 17.561 26.389 0.247 0.824 51.067

123



International Journal of Computer Vision

Fig. 9 Quantitative assessment.
Illustration of variation in
performance of FovEx with
respect to σ f

Fig. 10 Qualitative assessment.
Comparison of attribution maps
generated using FovEx with
different β values

Fig. 11 Quantitative
assessment. Illustration of
variation in performance of
FovEx with respect to β
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Fig. 12 Qualitative assessment.
Visual comparison of attribution
maps generated using FovEx
with different N values

Fig. 13 Quantitative
assessment. Illustration of
variation in performance of
FovEx with respect to N

Fig. 14 Qualitative assessment.
Visual comparison of attribution
maps generated using FovEx
with different os values
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Fig. 15 Quantitative
assessment. Illustration of
variation in performance of
FovEx with respect to os

Fig. 16 Qualitative assessment. Visual comparison of attribution maps
generated using FovEx with different σb values

quantitative evaluation paints a nuanced picture as depicted
in Figure 11.
Scanpath Length (N ). N controls the length of the scanpath
F , i.e., the number of fixation points computed to generate
an attribution map E . To study the impact of N on the perfor-
mance of FovEx, we generate attribution maps considering
the following values for N , {1, 2, 3, 4, 7, 10, 15, 20}. As
depicted in Figure 12 and Figure 13, both qualitative and
quantitative (except EBPG and Time taken) performance
improve with an increase in the value of N . However, the
average time taken to produce an attribution map increases
monotonically with N .

Optimization Steps (os). The os parameter controls the
number of iterations performed in the optimization scheme
to find a fixation location.We generate attributionmaps using
the following values of os, {5, 10, 15, 20, 30, 40}. The per-
formance of FovEx improves with increment in os values
both qualitatively and quantitatively (except for Delete and
EBPGmetric) as illustrated in Figure 14 and Figure 15. Sim-
ilar to the effect of N with an increase in os, the average time
taken to produce an attribution map increases.
Blur Sigma (σb). The σb parameter represents the standard
deviation of the filter values used to create a blurred version of
the input imagewhich constitutes the peripheral region of the
final foveated input image. We consider the following values
forσb, {5, 10, 15, 20} for the experiments. Visual comparison
in Figure 16 depicts plausible attribution maps generated at
allσb values.However, the quantitative assessment illustrated
in Figure 17 showcases an improvement in performance with
increment in the value of σb except in the Insert metric.
Blur Filter Size (bfs). The bfs parameter represents the
size of the Gaussian kernel used to create the blurred version
of the input image. To study the effect bfs we consider the
following values, {11, 21, 31, 41, 51}.Qualitative assessment
illustrated in Figure 18, showcases visually slightly better
attribution maps at bfs value of 41 than other values. Figure
19 illustrates the quantitative assessment. With an increase
in bfs value the performance of FovEx increases except in
Insert metric.

5 Conclusion

We introduced FovEx, a novel explanation technique that
integrates foveated human vision principles into the explana-
tiongenerationprocess for black-boxmodels. FovExnot only
generates visually coherent explanation maps for both trans-
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Fig. 17 Quantitative
assessment. Illustration of
variation in performance of
FovEx with respect to σb

Fig. 18 Qualitative assessment. Visual comparison of attribution maps
generated using FovEx with different bfs values

former and convolution-based models but also possesses the
ability to discern between different classes. It demonstrates
superior performance in quantitative evaluations, outper-
forming competing methods for 4 out of 5 evaluation metrics
for the ViT-B/16model and for 3 out of 5metrics for ResNet-
50. Furthermore, incorporating biological foveated vision
concepts allows FovEx to generate explanation maps that
have a higher correlation to human gaze patterns on the con-
sidered dataset, as illustrated in Section 4.2, paving the way
for a more accurate and intuitive understanding of model’s
decisions.

FovEx surpasses gradient-based and perturbation-based
methods in all faithfulness metrics except the Delete met-
ric, for which it falls short in comparison to gradient-based
methods. This is mostly due to FovEx’s optimization scheme
prioritizing the selection of image regions that are the most

informative for the explanation, thereby offering a spe-
cific advantage in classification performance preservation,
as reflected by other metrics such as Insert.

A key takeaway from our work is that human-inspired
perturbations lead to explanations that not only align closely
with human gaze data but also demonstrate a positive correla-
tion between this alignment and the quality of explanations,
as validated by standard XAI metrics. From an ethical per-
spective, we notice that the use of a small, potentially
non-representative human gaze dataset might raise biases,
and results on human alignment could not be representative
of the diversity of a larger population. However, our method
opens the door to better-comparing model and human gaze
pattern behavior.

While our approach demonstrated its stability for different
choices of the hyperparameters, see Section 4.4, to enhance
usability and make our method more accessible, future work
will focus on exploring automated optimization methods and
implementing more intuitive default settings for parameter
tuning.

FovEx demonstrates strong performance in preserving
classification outcomes and generating interpretable expla-
nation maps, particularly excelling in the Insert metric
due to its preservation-focused optimization strategy (see
Section 4, quantitative inspection). However, this design
introduces a trade-off, as the method is less effective on
the Delete metric, which rewards the identification of
regions whose removal most degrades model performance.
This limitation arises because FovEx prioritizes finding the
most informative regions to retain rather than those that,
when removed, significantly impact the model’s prediction.
To address this, future work could explore multi-objective
optimization frameworks that explicitly balance both preser-
vation and deletion criteria, potentially improving overall

123



International Journal of Computer Vision

Fig. 19 Quantitative
assessment. Illustration of
variation in performance of
FovEx with respect to bfs

explanation fidelity across complementary evaluation met-
rics.

Futureworkwill extend the applicability of FovEx tomod-
els in other task domains, such as image captioning.

Appendix A Performance on Various Models

We compare the performance of FovExfor three additional
predictors ConvNeXt, ViT-B/16, and ViT-B/32 from torchvi-
sion. The ViT-B/16 model considered here is pre-trained
on ImageNet-1K whereas the ViT-B/16 model in the main
experiments is pre-trained on the ImageNet-21K dataset and
fine-tuned on the ImageNet-1K dataset. We consider grad-
CAM (Selvaraju et al., 2017), gradCAM++ (Chattopadhay
et al., 2018), and Mean. Pert. (Fong & Vedaldi, 2017) for
comparison in the case of the ConvNeXt Base model. For

ViT-B/16 and ViT-B/32 models we consider gradCAM and
gradCAM++ for comparison. We employ randomCAM as
a baseline method. We do not consider RISE (Petsiuk et
al., 2018) for ConvNeXt, ViT-B/16, and ViT-B/32 due to
the high time requirements to generate the attribution maps.
Similarly, due to high computational complexity, the Mean.
Pert. method is not considered for ViT-B/16 and ViT-B/32.
Transformer-specific methods like GAE (Chefer et al., 2021)
and Cls. Emb. (Vilas et al., 2023) methods are not utilized
due to the need to change the pre-existing implementation
from torchvision.

We report qualitative assessments in Figure 20, Figure
21, and Figure 22 for ConvNeXt Base, ViT-B/16 and ViT-
B/32 models respectively. For all three cases, FovEx creates
noise-free and consistent attribution maps. Table 5, Table
6, and Table 7 depict the qualitative evaluation results for
the ConvNeXt Base model, ViT-B/16 and ViT-B/32 model

Fig. 20 Qualitative assessment.
Visual comparison of attribution
maps generated using FovEx,
gradCAM, gradCAM++, and
Mean. Pert. for ConvNeXt Base
model
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Fig. 21 Qualitative assessment.
Visual comparison of attribution
maps generated using FovEx,
gradCAM, gradCAM++, and
randomCAM for ViT-B/16
model

Fig. 22 Qualitative assessment.
Visual comparison of attribution
maps generated using FovEx,
gradCAM, gradCAM++, and
randomCAM for ViT-B/32
model

Table 5 Quantitative
assessment. Average metrics on
the considered subset of
ImageNet-1K validation dataset
for ConvNeXt Base model. Bold
terms denote the best
performance and underlined
terms represent the second best
performance

Eval. Name FovEx grad CAM grad CAM++ Mean. Pert. random CAM

Avg. % drop (↓) 59.6592 80.9472 78.2356 87.0630 86.6874

Avg. % increase (↑) 9.7699 3.4699 3.6999 1.6999 0.7499

Delete (↓) 0.2142 0.2098 0.1907 0.0739 0.2638

Insert (↑) 0.1833 0.1548 0.1606 0.1422 0.1478

EBPG (↑) 48.1485 53.1640 49.4505 43.3129 30.9518
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Table 6 Quantitative
assessment. Average metrics on
the considered subset of
ImageNet-1K validation dataset
for ViT-B/16 model. Bold terms
denote the best performance and
underlined terms represent the
second best performance

Eval. Name FovEx grad CAM grad CAM++ random CAM

Avg. % drop (↓) 48.2258 66.9577 75.6945 91.4881

Avg. % increase (↑) 17.1490 4.9299 3.5299 0.6490

Delete (↓) 0.0886 0.0913 0.1101 0.1283

Insert (↑) 0.3647 0.2956 0.2964 0.2777

EBPG (↑) 48.1485 39.6095 38.0989 36.0899

Table 7 Quantitative
assessment. Average metrics on
the considered subset of
ImageNet-1K validation dataset
for ViT-B/32 model. Bold terms
denote the best performance and
underlined terms represent the
second best performance

Eval. Name FovEx grad CAM grad CAM++ random CAM

Avg. % drop (↓) 44.0460 64.1220 70.1500 85.8250

Avg. % increase (↑) 32.6890 16.8690 13.7690 5.3499

Delete (↓) 0.1034 0.1261 0.1241 0.1565

Insert (↑) 0.4992 0.4293 0.4303 0.3773

EBPG (↑) 48.4390 40.1740 40.9060 37.6540

respectively. FovEx maintains state-of-the-art performance
across all themodels byoutperforming all otherXAImethods
in 3 out of 5 metrics in the case of ConvNeXt and in 5 out of
5 metrics in the case of ViT-B/16 and ViT-B/32 models.

Appendix B Default Parameter Values.

In table 8we report the default parameters of our experiments.

Table 8 Parameter Values.
These values are used in Section
4.1 and Appendix A

Parameter Name Value

rr True

σ f 0.15

β 0.1

N 10

os 20

σb 10

BFS 41

λ 0.1

Appendix C FovEx in Other Application
Domain

Object Detection. To demonstrate the scalability of FovEx
to different scenarios, we generate explanation maps for a
SSD (Liu et al., 2016) predictor from torchvision on the
COCO (Lin et al., 2014) dataset, consisiting in an object
detection task. We perform a small-scale qualitative and
quantitative evaluation using 100 images sampled randomly
from the COCO 2017 validation set. We considered D-RISE

(Petsiuk et al., 2021) as the baseline for comparison. Fig-
ure 23 shows the visual comparison of explanation maps.
It can be observed that FovEx generates visually plausible,
less-noisy explanations. For quantitative evaluation,we com-
pute the pointing game (PG), energy-based pointing game
(EBPG), and intersection over union (IoU). To compute IoU,
we utilize the bounding boxes generated by the model for
the original image and the perturbed version of the origi-
nal image modified by the explanation map. The intuition
behind the computation of IoU is that a good explanation
map should preserve the bounding box generation capabili-
ties of the object detectionmodel. Table 9 presents the results
from the qualitative evaluation. FovEx performs better than
D-RISE in EBPG and IoU metrics; however, it lags behind
D-RISE in the PG metric.
Vision-Language Model. To showcase the versatility of
FovEx, we generate explanation maps for the CLIP (Radford
et al., 2021) vision model with the help of captions available
in the COCO dataset and class labels from the ImageNet-1k
dataset. The overall process simulates a caption generation
task indirectly. We provide a randomly chosen caption from
the available captions to the CLIP text encoder to produce a
text embedding. Then, generate an explanation map for the
vision model using the text embedding as the label to guide
FovEx.We follow the parameter setup suggested in Schwinn
et al. (2022), Zanca et al. (2023). Figure 24 presents a visu-
alization for the explanation maps and the captions used
to generate such explanations. From inspection, it can be
observed that FovExproduces visually plausible text-specific
explanation maps.
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Fig. 23 Qualitative assessment.
Visual comparison of attribution
maps generated using FovEx
and D-RISE for the SSD model

Original FovEx D-RISE Original Fovex D-RISE

Table 9 Quantitative assessment for Object detection. Higher value
represents a better score

Method Name PG EBPG IoU

FovEx 0.7 0.32 0.833

D-RISE 0.9 0.22 0.094
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Fig. 24 Qualitative assessment.
Visual comparison of attribution
maps generated using FovEx for
CLIP model
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Appendix D Additional Visualizations of
ExplanationMaps

Figures 25, 26 and 27.
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Fig. 25 Qualitative assessment. Visual comparison of attribution maps
generated using FovEx, gradCAM, gradCAM++, GAE, Cls. Emb.,
Mean. Pert., and RISE for ViT-B/16 model used in Section 4.1

Fig. 26 Qualitative assessment. Visual comparison of attribution maps
generated usingFovEx, gradCAM,gradCAM++,Mean. Pert., andRISE
for ResNet-50 model used in Section 4.1
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Fig. 27 Qualitative assessment. Visual comparison of attribution maps
generated using FovEx, gradCAM, gradCAM++, and Mean. Pert. for
ConvNeXt model used in Appendix A
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