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Abstract

Explaining the decisions of deep neural networks is essen-
tial for building trust in Al systems, particularly when de-
ployed in sensitive domains such as healthcare, security,
and autonomous transport. Path-based attribution meth-
ods such as Integrated Gradients provide local explanations
by integrating model gradients along a path from a base-
line to the input image. However, such methods require
user-defined baselines and often accumulate noisy gradi-
ents from saturated regions of the prediction landscape.
To address these limitations, we propose the Self-guided
Integrated Gradient Method for Attribution (SIGMA), a
baseline-free path-based method that stochastically ex-
plores the model’s confidence landscape to identify input
features responsible for the collapse of class confidence. By
following the model’s decision boundary, SIGMA produces
interpretable and reliable attributions without requiring ref-
erence inputs or access to a model’s internal representation
layers. Evaluations across diverse architectures, includ-
ing Vision Transformers, and computer vision datasets in
healthcare and security, demonstrate that SIGMA provides
spatially coherent attribution maps with strong faithfulness
to the model’s internal reasoning. Additionally, SIGMA
generates zero-confidence variants of the input, recognis-
able to humans but adversarial to the model. We show
that augmenting the original training dataset and retrain-
ing with these samples improves both robustness to noise
and resistance to adversarial attacks. The code is publicly
available at: https://github.com/HWQuantum/
SIGMA

1. Introduction

With machine learning systems becoming increasingly
adopted in critical sectors such as healthcare [1-4], fi-
nance [5-7], security [8—10], and autonomous vehicles [1 1—
14], the need for interpretability has become essential to
building user trust [15]. At the same time, the growing com-
plexity of these models makes their internal reasoning dif-
ficult to understand [16]. In response, research in eXplain-
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able Artificial Intelligence (XAI) has emerged to develop
methods that help humans interpret, and when appropriate,
trust, the decisions of modern Al systems [17].

Feature attribution methods provide post-hoc, local ex-
planations by estimating how each input feature contributes
to a model’s prediction [18]. Broadly, these methods can
be grouped into perturbation-based and gradient-based ap-
proaches. Perturbation-based techniques, such as occlu-
sion [19, 20], LIME [21], and SHAP [22], assess feature
importance by masking or perturbing regions of the input
and measuring the corresponding change in model output.
While intuitive, such methods are often sensitive to the
choice of masking strategy, with resulting attributions that
may lack spatial precision [23]. In contrast, gradient-based
methods leverage the model’s internal derivatives to infer
feature relevance, allowing for pixel-level attributions [24].

Among these gradient methods, path-based techniques
such as Integrated Gradients (IG) [25] assign feature impor-
tance by integrating the gradient of the model output with
respect to its input features along a continuous path in in-
put space. In IG, this path is a straight line interpolating
between a baseline, a reference input representing the ab-
sence of information (such as a black image), and the input
being explained. Subsequent work has shown that IG attri-
butions are sensitive to the choice of baseline [26] and can
accumulate noise from irrelevant gradients [27]. Several ex-
tensions have been proposed to mitigate the noise in attribu-
tions [28, 29], with Guided Integrated Gradients (GIG) [30]
introducing the idea of an adaptive path. Rather than per-
turbing all features uniformly, GIG adaptively updates only
those with the smallest partial derivatives, producing less
noisy attributions. While effective, GIG and other IG vari-
ants still rely on user-defined baselines, introducing subjec-
tivity and instability into the resulting explanations [26].

Extending this line of work, IG? [31] formulates attri-
bution as a counterfactual problem. It constructs a path by
minimising the distance in representation space between the
input to be explained and a manually chosen counterfac-
tual reference. Gradients from the input and counterfactual
classes are then combined during integration to produce an
attribution map. This approach depends on the selection of
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Figure 1. Illustration of the proposed SIGMA path method. The input image, or—o is iteratively perturbed to progressively reduce the
model’s confidence in the target class f toward zero. At each iteration, the pixel-wise gradients of the softmax confidence with respect to
the input image are computed and accumulated, resulting in a cumulative attribution map ¢ highlighting influential regions to the prediction

of the target class.

a counterfactual reference, with the resulting attribution be-
ing sensitive to different types of reference [31]. It also re-
quires access to intermediate model representations. Select-
ing such representation layers requires architectural knowl-
edge and may be non-trivial for modern architectures such
as Vision Transformers (ViTs), whose internal representa-
tions differ from traditional CNNs [32].

To address these challenges, we introduce the Self-
guided Integrated Gradient Method for Attribution
(SIGMA), a baseline-free method that constructs its path
directly from the model’s confidence landscape. Rather
than relying on a manually defined baseline, counterfac-
tual reference or access to internal representation layers,
SIGMA stochastically explores the input space using
the Simultaneous Perturbation Stochastic Approximation
(SPSA) algorithm [33]. At each iteration, SIGMA perturbs
the input in random directions and estimates a descent
direction that drives the model’s confidence in the predicted
class toward zero. Gradients are accumulated along this
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self-guided path and weighted by the corresponding drop
in confidence, ensuring sensitivity to informative gradients.
See Figure | for an illustration of the algorithm with
further implementation details discussed in Section 3.1. We
summarise our contributions as follows:

We propose SIGMA, a path-based attribution method that
stochastically explores a model’s confidence landscape to
construct attribution paths that avoid regions of gradient
saturation.

SIGMA eliminates the need for an arbitrary baseline,
counterfactual class selection, or internal model represen-
tation layers.

We evaluate SIGMA across diverse network architectures
and computer vision tasks, including real-world applica-
tions in healthcare and security, and demonstrate its ex-
tension to sub-patch interpretability in Vision Transform-
ers.

The stochastic nature of SIGMA supports path averaging
and enables the computation of confidence metrics, pro-
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Figure 2. Comparison of attribution paths for Integrated Gradients (IG) and SIGMA for the input image shown inset and the class ‘La-
dybug’. (a) The IG path rapidly reaches a high-confidence plateau where gradients become saturated and uninformative. (b) SIGMA
explores the model’s confidence landscape, progressively reducing the model’s confidence without saturation. Gradient visualisations from
the sensitive and saturated regions, as well as the total attribution, are shown below each plot. IG accumulates noise from the saturated
region, whereas SIGMA maintains spatially coherent, meaningful gradients throughout. This saturation behaviour is also observed when
using logits rather than probabilities, but we report softmax confidence for consistency with XAl literature [27].

viding a quantitative measure of attribution map reliabil-
ity.

SIGMA generates noisy augmentations of the original
data, which are zero-confidence variants of the input that
exploit the model’s decision boundary. These images re-
main recognisable to humans but receive a near-zero con-
fidence from the network, mimicking an adversarial at-
tack. Incorporating these samples during retraining can
improve model robustness to noise and increase resis-
tance to adversarial attacks.

2. Accumulation of Gradients

The goal of an attribution method is to identify which in-
put features most influence the model’s confidence. In
computer vision this involves revealing the pixels that the
network is most sensitive to when forming its prediction.
IG achieves this by integrating the model gradient along a
straight path from a baseline «’ to the input image x:
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Here, ¢ indexes the input feature (or pixel), and each gradi-
ent is weighted by the total change of the corresponding in-
put feature from the baseline, (x;—x), which arises directly
from the path integral formulation. While this satisfies the
desirable completeness property, ensuring that the sum of
the attribution equals the change in model output [25], it
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does not control how individual gradients along the path
contribute to the final attribution. As a result, gradients
computed in regions where the model’s confidence is sat-
urated can accumulate in the final attribution, even though
they have little influence on the prediction. Figure 2(a) il-
lustrates this behaviour by showing the model’s confidence
along the IG path, highlighting a sensitive region where
confidence changes rapidly and a saturated region where it
plateaus, a common observation in IG [26, 27, 30]. Gra-
dients accumulated in the saturated region introduce noise
that overshadows the more meaningful contributions from
the sensitive region, causing the final attribution to inherit
this noise.

In contrast, SIGMA stochastically explores the model’s
confidence landscape without requiring a baseline. The in-
put is perturbed in random directions, and incremental up-
dates are taken along the direction that minimises model
confidence in the predicted class. This process avoids the
early saturation observed in IG and instead constructs a
gradual trajectory that captures multiple stages of confi-
dence decay, resulting in a more complete and informative
attribution. This behaviour is visualised in Figure. 2(b),
where SIGMA continues to accumulate informative gradi-
ents even in regions where IG becomes saturated.

To assess the contribution of gradients accumulated
along the path, we use the Softmax Information Curve
(SIC) [34], shown in Figure 3. The SIC quantifies how ef-
fectively an attribution map reconstructs the model’s con-
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Figure 3. Softmax Information Curve (SIC) analysis of gradients
along the SIGMA path for the same input shown in Fig. 2(b). Gra-
dients accumulated from saturated regions of the confidence curve
contribute less to reconstructing the model’s confidence than those
from sensitive regions, where there are larger changes in confi-
dence. Nevertheless, they still encode useful information about
the model’s internal response, as indicated by a higher AUC com-
pared to revealing pixels in random order.

fidence as image regions are progressively revealed in or-
der of attribution importance. An ideal method recovers
confidence rapidly, producing a high area under the curve
(SIC-AUC). As seen in Figure 3, gradients from saturated
regions contribute less to this reconstruction than those from
the sensitive region, indicating that uniform accumulation
can overemphasize less informative areas. To address this,
SIGMA weights each gradient map by the model’s change
in confidence between successive steps, ensuring that each
step’s attribution preserves the relative influence of gradi-
ents while maintaining the completeness property.

3. The Self-Guided Integrated Gradient
Method for Attribution

3.1. Path Construction

The core of the SIGMA attribution method is summarised
in Figure 1. The first block illustrates the path construc-
tion inspired by SPSA [33], an optimisation algorithm
widely adopted as an alternative to traditional gradient de-
scent for problems with noisy or high-dimensional cost
landscapes [35-37], making it particularly well suited for
exploring the complex prediction landscape of deep neural
networks. At each iteration &, the current parameter vector
o}, is perturbed simultaneously along all dimensions using
a random perturbation vector Ay, whose components are
drawn from a symmetric Bernoulli distribution (£1 with
equal probability). Two evaluations of the objective func-
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tion are then performed at symmetrically perturbed points:
f(ak + ﬁAk) and f(ak - ﬁAk),

where 3 controls the magnitude of the perturbation. The
stochastic gradient estimate of the objective function f (o)
is obtained from these two measurements as

flor + BAy) — flor — BAy)
23

This estimated gradient is then used to update o in the
descent direction:

Vf(or) = Ap, 2

3)

okt1 =0 —aVf(og),

where « is the step-size parameter. Through this simultane-
ous perturbation and two-sample gradient estimate, SPSA
efficiently approximates the descent direction with only two
function evaluations per iteration, regardless of the dimen-
sionality of o.

In the context of SIGMA, f (o) represents the model’s
prediction landscape for the originally predicted (target)
class, defined by the model’s confidence score f(o) as a
function of the input image o, with o ;—( the original input
and o1<i<N each perturbed image along the path. Here,
f denotes the model’s output corresponding to the target
class, this may be logits or normalised softmax probability,
for the purpose of this work we refer to model confidence
as softmax probability. As shown in Figure | the random
perturbation Ay, is applied independently to each pixel of
the input and drawn from a symmetric Bernoulli distribu-
tion, where each component takes the value +1 with equal
probability. In practice, the magnitude of the perturbation is
matched to the dynamic range of the input image and sub-
sequently scaled by a small constant 3 to ensure that each
step represents a local perturbation within the valid range
expected by the model. We find that, as long as the per-
turbations remain symmetric about zero, the specific noise
pattern or scale used does not significantly affect the final
attribution or conclusions drawn, as discussed in Supple-
mentary Material Section A3. The resulting stochastic gra-
dient V f(o) is then used to update the input according
to Eq. (3), driving the model’s confidence in the predicted
class toward zero. Analyses of the sensitivity to step-size
(a) and perturbation magnitude (3) parameters are provided
in the Supplementary Material A4; in practice, we find that
the method remains robust across a broad range of constant
values (0.01 < 8 < 0.5, a < 1). Iteratively applying
this procedure produces a path through input space that fol-
lows the model’s confidence landscape, forming the self-
guided path. This path is illustrated in Figure 4, showing the
original input, belonging to the ‘Goldfish’ class, being pro-
gressively perturbed toward a minimum in the confidence
landscape of that same class. Unlike IG?, which leverages
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Figure 4. t-SNE plot of the SIGMA path. The image to be
explained belongs to the Goldfish class and SIGMA efficiently
minimises the model’s confidence in the Goldfish class. Seven
SIGMA paths are shown with dashed lines with the crosses in-
dicating the end points of the path in feature space and resulting
images of minimised confidence in Goldfish shown. The model
now considers these images of belonging to different classes (Log-
gerhead, Tiger Shark and Hammerhead) without the images being
near those classes in the feature space.

a representation layer to guide the input toward a different
class in feature space, SIGMA traces a locally minimal path
within the model’s confidence landscape, connecting the in-
put to a nearby low-confidence region. These final inputs
are misclassified due to the collapse of class confidence, yet
they remain outside their newly predicted class clusters in
feature space.

3.2. Attribution and Weighting

After each update of o, the perturbed input is passed

through the model, and a pixel-wise gradient, g,(;) = %
is calculated with respect to the model output for the tariget
class, consistent with other gradient-based methods. We re-
fer to the gradients across all pixels as the gradient map,
gy, depicted in Figure 1. These gradient maps are then
weighted such that the sum of the pixel gradients for that
step is equal to the model’s drop in confidence between it-
erations as motivated in Section 1. These weighted gradient
maps are then summed to form the final attribution map. We
formalise this accumulation as follows:

Definition 1 (SIGMA Attribution). Let N denote the total
number of iterations, o, the input at the current iteration
on the SIGMA path, f the model’s prediction function for
the target class and g,, the gradient map at iteration k. The
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attribution map at iteration k is therefore:

N
_ flok—1) = f(ok)
¢SIGMA _ ng % le/ gl(:/) )

Here we use i’ to index over all of the pixel-wise gradients
in the gradient map at iteration k.

“4)

k=1

Pseudocode outlining the full implementation of the
SIGMA path creation and resulting attribution is available
in Section A1 of Supplementary Material.

3.3. Axiomatic Properties

Path methods are known to satisfy a number of desirable
axioms, formally introduced in [25], as a substitute for con-
crete ground-truth comparisons. As discussed, the formula-
tion of SIGMA ensures gradients are directly scaled by the
model output at each stage of the path. This also ensures
the axiom of Completeness, that summing over all pixels in
the attribution map equals the total change in model confi-
dence along the path, is inherently satisfied. Summing the
attributions of each pixel ¢?'MA Eq.4 becomes:

N
SIGMA __ flor=1) — flow) (#)
T L
Setting the index of each pixel in the gradient map ¢’ to the
index of each pixel in the image 7, the sum over all pixels
in the final attribution map equal to the total drop in con-
fidence between the first (¢ = 0) and final (kK = N) iter-
ations. Further discussion and proofs of the other axioms
SIGMA satisfies, including Sensitivity (a), Sensitivity (b),
Implementation Invariance and Symmetry can be found in
Section A2 of Supplementary Material.

4. Experimental Evaluation
4.1. Datasets

SIGMA is validated across three diverse computer vision
datasets: ImageNet—a widely used benchmark dataset con-
taining 1,000 object classes [38]; the Disease Risk Estima-
tion Dataset (Disease-XAl); and the Security Check Dataset
(Security-XAI), both of which are part of Saliency-Bench
[39]. Saliency Bench is a set of benchmark datasets cre-
ated to test explainable AI models. They are accompa-
nied by human annotations, enabling visual comparisons
in lieu of ground truth attributions and allow for quantita-
tive alignment metrics for a more robust comparison. The
Disease-XAl dataset comprises 5250 annotated CT scans
from lung cancer screenings, derived from LIDC-IDRI [40],
with radiologist agreement used to define positive nodule
regions. The CNN classifier, MobileNetV2, was fine-tuned
on Disease-XAI images to distinguish nodule and non-
nodule cases and attributions were evaluated against the an-
notated lesion masks. The Security-XAI dataset contains
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Figure 5. Comparison of attribution quality using the Softmax
Information Curve (SIC) and visual attributions for InceptionV3
predicting the class ‘Dobermann’. (a) Qualitative maps show that
SIGMA produces sharper, more spatially focused attributions. (b)
SIGMA achieves the highest SIC AUC, indicating stronger align-
ment between revealed pixels and model confidence.

17654 X-ray baggage images from the Sixray dataset [41],
annotated by security experts to identify prohibited items.
An InceptionV3 model was fine-tuned for classification of
the five prohibited items present in the dataset.

4.2. Methods

We compare SIGMA with three established path-based at-
tribution methods: the straight-line path of IG [25], the
adaptive path of GIG [30], and the counterfactual formu-
lation of IG? [31]. Due to its stochastic nature, the ex-
act SIGMA trajectory from the original input to a low-
confidence variant varies across runs. Averaging over multi-
ple paths yields smoother and more stable attributions with
a trade off with computational time. These experiments
choose n = 7 paths as an appropriate trade off between at-
tribution quality and computational time. (see Supplemen-
tary Section A6 for full discussion). Unlike IG and GIG,
which require a fixed number of integration steps (200 in
this study, following [25]), SIGMA terminates dynamically
once model confidence in the target class falls below 1%.
Step size and perturbation magnitude parameters, o and
B were set to 0.1 and 0.5 respectively for all experiments,
further explanation on this parameter selection is available
in Supplementary Section A4. For IG and GIG, a black
image was used for the baseline as recommended in prior
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Figure 6. Binary feature attributions overlaid on a positive nodule
image from the Disease-X Al dataset. The annotated region (green)
indicates the nodule area agreed upon by at least 50% of radiolo-
gists. Attribution maps are shown in green to enable direct visual
comparison with the annotation. Both IG and SIGMA produce
sharp, spatially aligned attributions consistent with the annotated
region, whereas Guided IG and IG? yield sparser, less localised
responses.

work [25, 30]. IG? requires both a counterfactual reference
and a representation layer; we use random counterfactuals
and the penultimate layer, following the setup in [31].

4.3. Qualitative Comparison

Qualitative comparisons between SIGMA and the gradient-
based methods outlined above are visualised for one exam-
ple from ImageNet in Figure 5(a), Disease-XAlI in Figure 6
and Security-XAI in Figure 7. Across datasets, SIGMA
produces attributions that are spatially coherent, less noisy,
and closely aligned with annotated regions. In this work we
also extend our comparison to Vision Transformers (ViTs),
see Figure 8, to assess the applicability of path-based attri-
bution methods beyond convolutional networks and high-
light the potential for attributions at a finer resolution than
the transformer’s own patch-limited attention maps, for this
experiment, the ViT’s own attention map was computed
via attention rollout [42], aggregating multi-head attention
across layers. Note that IG?> was omitted from this study
as it did not yield meaningful attributions for Vision Trans-
formers. This may be related to architectural differences
between convolutional and transformer-based models [32]
as IG? requires a representation layer.

4.4. Quantitative Evaluation

We evaluate SIGMA using the SIC-AUC metric discussed
in Section |1 and two techniques outlined in Saliency-
Bench [39]. The analysis techniques in Saliency-Bench are
designed to assess alignment, that is, how closely attribution
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Figure 7. Comparison of attribution maps on an annotated X-
ray baggage scans from the Security-XAlI dataset with attributions
overlayed for the prediction of the class ‘Knife’. SIGMA high-
lights the annotated region with higher spatial precision and less
background noise than IG, GIG, and 1G>,
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Figure 8. Attribution comparison for the ViT-B/16 Vision Trans-
former architecture, introduced in [43] with the input predicting
the class ‘Dragonfly’. SIGMA aligns with the model’s attention
map while also revealing sub-patch structure. As shown with one
patch enlarged and compared for each method.

maps correspond to human understanding. Following the
evaluation framework, we report two metrics: mean Inter-
section over Union (mloU), which measures spatial overlap
between attribution maps and human annotations; and the
Pointing Game (PG), which checks whether the maximum
attribution falls within the annotated region. For mloU, at-
tribution maps are thresholded to produce binary masks,
where values closer to one indicate greater overlap. For PG,
values closer to one imply that a higher percentage of at-
tributions have their maximum value within the annotated
region. Further discussion of these metrics, along with their
formal definitions, is provided in the Section A7 of the Sup-
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plementary Material.

Across all evaluated datasets and network architectures,
SIGMA achieves comparative scores to existing path-based
attribution methods (Tables 1-2). On the ImageNet bench-
marks, SIGMA consistently attains high SIC-AUC val-
ues, indicating strong faithfulness between attribution and
model confidence. Similarly, on the XAI-Bench datasets,
SIGMA shows consistent scores across the two networks
and real-world datasets. These results suggest that SIGMA
generalises effectively across both CNN and ViT architec-
tures, and to more complex real-world datasets providing
reliable explanations without the need for a baseline or
counterfactual reference.

Table 1. Comparing the average SIC-AUC scores for attributions
of 1000 ImageNet images tested across three CNNs and one Vision
Transformer. Highest score is highlighted in bold.

Method ResNet50 InceptionV3 MobileNetV2 ViT

IG 0.53 0.56 0.55 0.76
GIG 0.58 0.53 0.53 0.73
1G2 0.59 0.54 0.48 -

SIGMA 0.60 0.60 0.56 0.75

Table 2. Quantitative comparison of attribution methods on XAI-
Bench datasets. 1000 images were taken from each dataset, with
the average metric across all attributions reported below. The high-
est scores for each metric are highlighted in bold.

Dataset Network Method mIOU PG SIC
1G 023 094 0.72

. GIG 0.17 080 0.74

Nodule-XAI  MobileNetV2 G2 002 034 050
SIGMA 020 058 0.76

1G 0.07 023 0.60

. . GIG 0.12 053 0.60
Security-XAI  InceptionV3 1G2 005 014 052
SIGMA 015 058 0.62

5. Confidence Bounds

Employing multiple stochastic paths enables estimation of
the standard error of the attribution map, providing a quan-
titative measure of uncertainty in the explanation. The stan-
dard error reflects the consistency of the attributions across
paths and is computed as the standard deviation of attribu-
tions divided by the square root of the number of paths,
A¢/+/n. As shown in Figure 9, this measure highlights
regions where the model’s explanations are most stable and
reveals areas of higher variability where the attribution is
less certain. Increasing the number of paths reduces this
variance, yielding smoother and more coherent attribution
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Figure 9. (a) Average attribution maps for 20, 200, and 2000 paths
for the ‘Goldfish’ example from Fig. 1. The attribution maps be-
come cleaner as the number of paths is increased, at the cost of
computational time. The dotted lines indicate the cross sections
shown in (b). The standard error (purple) is given by A¢/+/n,
where n is the number of paths.

maps that capture a fuller picture of the model’s decision
process. Further, the relative standard error could be used
as a stopping criterion to determine the number of SIGMA
paths, such that all attribution maps are standardised in
terms of their confidence. See Supplementary Material Sec-
tion A5 for further discussion on path averaging and confi-
dence bounds.

6. Increasing Model Robustness

As discussed in Section 1, the SIGMA path naturally gen-
erates zero-confidence variants of the input that resemble
noisy versions of the original image. These images re-
main recognisable to humans but receive a near-zero con-
fidence from the network, mimicking an adversarial attack.
Here, we evaluate the potential of these images used as
data augmentations to improve model robustness to both
noise and adversarial attacks. A total of 500 training images
from the Security-XAI dataset were augmented under three
conditions; Gaussian noise, a Fast Gradient Sign Method
(FGSM) adversarial attack [44], and a SIGMA attack, these
were then each used to retrain the InceptionV3 model used
in Section 4, creating three augmented models.

Each retrained model was then evaluated on 100 images
drawn from the test dataset under four conditions, the clean
images with no augmentation applied, images with Gaus-
sian noise applied, FGSM attacked images and SIGMA at-
tacked images. This enables a direct comparison of ro-
bustness across different retraining strategies and test con-
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Model Accuracy on Augmented Images
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Figure 10. (a) Example augmentations applied to the Security-
XAI test dataset, including Gaussian noise, FGSM perturbations,
and SIGMA-generated zero-confidence inputs. (b) Model accu-
racy on test images augmented with each method after retrain-
ing. Retraining with SIGMA augmentations (green) improves ro-
bustness to both Gaussian and adversarial noise while maintaining
high clean-image accuracy.

ditions. Figure 10 shows that the model retrained with
SIGMA augmentations achieves the highest combined ac-
curacy across all perturbation types. It maintains clean-
image performance, while also providing robustness to
Gaussian noise and FGSM attacks, suggesting that SIGMA
provides a balanced regularisation between noise-based and
adversarial strategies.

7. Conclusion

This work introduced SIGMA, a baseline-free, path-based
attribution method that explores the model’s confidence
landscape through stochastic perturbations. By dynamically
tracing confidence descent paths without predefined base-
lines or counterfactuals, SIGMA produces interpretable and
faithful attribution maps across diverse architectures and
datasets. The method satisfies key axiomatic properties and
enables path averaging and uncertainty estimation, provid-
ing a quantitative measure of explanation reliability. Be-
yond interpretability, the same mechanism generates low-
confidence variants of inputs, offering a general framework
that has the potential to increase network robustness to both
noise and targeted attacks.
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