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Abstract

Feature attribution has gained prominence as a tool for ex-
plaining model decisions, yet evaluating explanation quality
remains challenging due to the absence of ground-truth expla-
nations. To circumvent this, explanation-guided input manip-
ulation has emerged as an indirect evaluation strategy, mea-
suring explanation effectiveness through the impact of input
modifications on model outcomes during inference. Despite
the widespread use, a major concern with inference-based
schemes is the distribution shift caused by such manipula-
tions, which undermines the reliability of their assessments.
The retraining-based scheme ROAR overcomes this issue by
adapting the model to the altered data distribution. However,
its evaluation results often contradict the theoretical founda-
tions of widely accepted explainers. This work investigates
this misalignment between empirical observations and theo-
retical expectations. In particular, we identify the Sign issue
as a key factor responsible for residual information that ul-
timately distorts retraining-based evaluation. Based on the
analysis, we show that a straightforward reframing of the
evaluation process can effectively resolve the identified issue.
Building on the existing framework, we further propose novel
variants that jointly structure a comprehensive perspective on
explanation evaluation. These variants largely improve evalua-
tion efficiency over the standard retraining protocol, thereby
enhancing practical applicability for explainer selection and
benchmarking. Following our proposed schemes, empirical re-
sults across various data scales provide deeper insights into the
performance of carefully selected explainers, revealing open
challenges and future directions in explainability research.

Code — https://github.com/caiy0220/KAFT-C
Extended version — https://arxiv.org/abs/2511.08281

1 Introduction

Explainable AI (XAI) has gained significant attention over
the past decade, motivated by the blooming real-world ap-
plications of data-driven models. These models learn deci-
sion rules implicitly from data; however, the self-learned
decision processes — shaped by complex and non-linear
model architectures — are often opaque, raising concerns
about transparency and trustworthiness. As a foundational
step towards model explainability, feature attribution aims
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at quantifying the contribution of input features to inquired
predictions, thereby identifying the most influential evidence
during inference. Encouraged by the growing demand for
transparency, numerous attribution methods have been pro-
posed, each claiming improved performance and distinct
advantages. Despite this progress, an objective assessment
of explanation quality has long been a challenge in XAI
Unlike standard machine learning tasks, feature attribution
naturally lacks ground truth that exactly describes model be-
havior (Hedstrom et al. 2023). Moreover, the premise that
humans have limited insight to model internals prohibits
the application of human judgment in explanation evalua-
tion. This circumstance creates a paradox of explanation
evaluation: assessing explanation quality requires precise
knowledge of model behavior, yet explainability is pursued
because that behavior is unknown. In practice, the optimal
explainer choice and its hyperparameter configuration vary
across use cases, affected by factors such as input modality,
model architecture, and feature space dimensionality. The
challenge in explanation evaluation enhances the difficulty in
selecting and configuring explainers for a given scenario.

Compromising with the explanation evaluation paradox,
input manipulation has become a commonly adopted strategy
for indirectly evaluating explanations by quantifying their
effectiveness in affecting model outcomes. Intuitively, an ef-
fective explainer should identify influential features whose
absence triggers significant prediction changes. We refer to
such evaluation strategies as inference schemes, since they
investigate explanation impacts at inference time. While in-
ference schemes offer an efficient means of explanation eval-
uation, concerns have been raised regarding the reliability
of resulting assessments. Hooker et al. (2019) point out that
the performance changes may stem from distribution shifts
caused by input manipulations, rather than the absence of in-
fluential features. Wang and Wang (2024) further emphasize
this issue by showing that the evaluation outcome of infer-
ence schemes can be treated as an optimization objective,
delivering manipulation sequences that maximize prediction
change but deviate from the intent of explainability — to
reflect model behaviors rather than to optimize the manipula-
tion process.

To address distribution shift during input manipulation,
Hooker et al. (2019) proposed ROAR, arguing that retraining
the tested model is mandatory after feature occlusion. Specif-



ically, the retraining scheme creates manipulated copies of
the dataset by removing the most influential features, then re-
trains the model on these modified copies. The performance
degradation of the retrained model is interpreted as an in-
dicator of explanation effectiveness. Surprisingly, ROAR re-
ports that many popular explanation methods perform no
better than random (Hooker et al. 2019). This striking con-
flict between empirical observations and the well-founded
theoretical backgrounds of feature attribution methods (Sun-
dararajan, Taly, and Yan 2017; Sundararajan and Najmi 2020;
Erion et al. 2021) motivates the investigation presented in this
work. The contributions of this paper are: 1. We investigate
the catastrophic explainer performance reported by ROAR and
identify an implicit, unrealistic assumption as the primary
source of evaluation distortion; 2. We further strengthen this
claim by highlighting the Sign issue as a concrete violation of
ROAR’s assumption; 3. We address the distortion by refram-
ing the retraining scheme and propose additional evaluation
variants for computational efficiency, promoting their practi-
cal applicability; 4. Our empirical results reveal limitations
in certain attribution methods, exposing open challenges and
future research directions in explainability research.

2 Related Work

The use of inference schemes for explanation evaluation
spans from the early stages of XAI studies (Samek et al.
2016; Montavon, Samek, and Miiller 2018) to recent de-
velopments (Cai and Wunder 2024; Muzellec et al. 2024).
The core idea is to assess explanation quality indirectly by
examining whether the attribution scores assigned to input
features correspond to their actual impact on model predic-
tions (Zeiler and Fergus 2014; Bach et al. 2015). For explain-
ers that correctly capture relevant evidence, removing the
highly attributed features should lead to substantial drops
in model confidence. Samek et al. (2016) formalized this
idea by recursively removing features in descending order
of attributions and quantifying explanation quality with the
area over the perturbation curve (AOPC). Subsequent studies
extended this approach by altering the feature removal or-
der (Petsiuk, Das, and Saenko 2018; Brocki and Chung 2023)
and normalizing AOPC scores to mitigate the sensitivity of
the measure to the original prediction confidence (Cai, Ar-
doin, and Wunder 2025). Similarly, Bhatt, Weller, and Moura
(2020) and Yeh et al. (2019) evaluated explainer performance
by measuring the correlation between attribution scores and
prediction changes under random feature removal.
Although inference schemes are widely adopted for their
efficiency, there has been criticism about the validity of their
evaluation results due to the out-of-distribution (OOD) con-
cern (Hooker et al. 2019; Jain et al. 2022). The difficulty
in disentangling the effects of feature removal (intentional)
from the consequences of distribution shift (unintentional)
undermines the trustworthiness of inference-based evalua-
tion results. To address this, Hooker et al. (2019) proposed
incorporating model retraining after input manipulation as
part of the evaluation process, introducing remove and retrain
(ROAR). ROAR retrains the target model on manipulated in-
puts and interprets the retraining accuracy as a proxy for ex-
planation quality. While retraining mitigates the OOD issue,
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the assessments by ROAR contradict theoretical expectations
and may appear misleading (Lundberg et al. 2020).

Rong et al. (2022) and Park et al. (2023) sought to improve
the retraining protocol by refining the choice of replacement
values during feature removal. However, since most feature
attribution methods are baseline-dependent (Lundberg and
Lee 2017; Sundararajan, Taly, and Yan 2017), decoupling the
removal process from the baseline value — which provides
the necessary context to interpret the derived explanations
— can introduce evaluation biases. In particular, the use of
generative models for feature removal (Park et al. 2023) loses
precise control over the manipulation process, challenging
the transparency of the evaluation framework. Beyond con-
cerns of bias, the intensive computational overhead associated
with exhaustive retraining remains unaddressed, limiting the
broader impact of retraining-based evaluation schemes.

3 Distortion in Retraining Scheme

To investigate the source of distortion in retraining-based
evaluation, we focus on ROAR — the standard protocol in
this category. Under the ROAR scheme, an effective explainer
is expected to induce greater performance degradation after
retraining on manipulated data with the highest attributed
features removed (Hooker et al. 2019). This expectation im-
plicitly poses the following evaluation question:

Question 1 (ROAR). Does the tested explainer identify all
task-relevant features?

3.1 Distortion by Residual Information

Let' N = {z1,...,2,} be the full feature set and S C
NN represent the subset of the most important features for
the model function f(IN). Borrowing the notion of mutual
information from information theory, let I (IN; y) represent
the utility of the input features for predicting the target label
y. The core expectation of Question 1 can be formalized as:
I(N;y) > 0" [(N\Siy) ~0 (1)
where I denotes the remaining utility after distribution shift
caused by explanation-guided input manipulation. While this
expectation appears reasonable — the most important fea-
tures .S should be identified and removed — a subtle gap
between model knowledge and data information can lead to
deviations from the expected manipulation results.
Specifically, feature attribution reflects model knowledge
in solving a specific task, which does not necessarily align
with the true utility of input features as represented by the
underlying data distribution. This misalignment can arise
because standard machine learning theory does not guarantee
that a trained model will capture and exploit all relevant
features in accordance with their ground-truth importance. As
a result, residual information can persist in the manipulated
data and distort evaluation outcomes, reflected as:

I(N\S;y) >0 2

"Throughout the paper, vectors and sets are typeset in boldface,
whereas scalars are presented in plain font.
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Figure 1: Example of the Sign issue. The first two columns show the original input and the attributions derived by IG. The
subsequent columns show manipulated inputs after removing 90% of features following three evaluation schemes: ROAR, KEAR,
and |ROAR|. In ROAR, the target-overlapping negative features leak information about the target object, leading to evaluation
distortion. Despite the visual similarity, retraining following KEAR achieves over 20% higher accuracy, indicating that the tested
explainer correctly identifies contributing features for the queried decision. As a control group, |ROAR| removes all relevant
features and behaves as expected from Equation (1), yielding the lowest accuracy, 6% below random removal.

Retraining after manipulation fits the model to the residual
information, producing unexpectedly high accuracies and
leading to an underestimation of explanation quality. Prac-
tically, residual information can arise from various sources,
such as model underfitting, which overlooks relevant fea-
tures, or feature redundancy, which renders some informative
features completely unused. While some factors can be con-
trolled through careful experimental setup, we particularly
highlight the Sign issue, which can provably harm evaluation
validity under mild conditions.

3.2 The Sign Issue

Under the highest-first occlusion strategy, features with neg-
ative attributions survive the manipulation process. Despite
their negative scores, features with large attribution magni-
tudes are often highly task-relevant. During retraining, such
“negative” features can leak substantial task-relevant informa-
tion, leading to unexpectedly high performance of retrained
models. We refer to the distortion caused by negatively at-
tributed features as the “Sign” issue.

In contrast to positively attributed features that support the
target decision y, negative attributions arise when features
serve as evidence for an alternative class y* # y while being
shared with y. We refer to such shared features as secondary
evidence for y, formally defined below.

Definition 1 (Secondary Evidence). Two disjoint feature
subsets S1,.52 C N are called the primary and secondary
evidence, respectively, for class y if they satisfy:

I(S1;y) > 1(S2;y) > 0 and 1(S2;y") > I(S2;y)

The second condition indicates the greater utility of So
for y*, which can lead to negative attributions w.r.t. y. When
removing features in descending attribution order, these neg-
atively scored secondary features will remain and turn into
primary evidence for predicting y, as formalized in Theo-
rem 1 (see Appendix A.1 for the detailed proof).

Theorem 1 (Increasing Utility of Secondary Features). The
mutual information between So and y increases due to dis-
tribution shift after input manipulation:

1(S2;y) > I(S23y) > 0
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The increase in utility pinpoints the emergence of residual
information, as described in Equation (2). Notably, the pres-
ence of shared features across multiple classes is common
in classification tasks, where the targets often involve over-
lapping low-level concepts. The statement in Theorem 1 is
related to the information swapping issue raised by Lundberg
et al. (2020) in the context of binary classification; our dis-
cussion formalizes and generalizes this concern to a broader
multi-class setting.

3.3 Weak Positive Contributor

Figure 1 qualitatively illustrates information leakage caused
by the Sign issue under the highest-first occlusion strategy.
Although Theorem 1 establishes the utility of negatively at-
tributed features, it may still appear counterintuitive when
regions representing the target object receive negative at-
tribution scores. This subsection concretizes a case where
even positively correlated features can receive negative at-
tributions, thereby demonstrating that the target-overlapping
negatives are not necessarily indicative of poor explanation
quality.

Let o(IN) be the output of the final dense layer in a classi-
fier (i.e., the classification head) and o, (IN') be the activation
corresponding to class y. A common practice in classifica-
tion tasks is to apply a softmax function to normalize the raw
model outcomes at inference time: f(IN) = o (o(IN)). How-
ever, this softmax normalization can unintentionally result
in target-overlapping negative attributions. In certain cases,
even features that positively activate the output node o, (V)
can dramatically receive negative attributions for the final
prediction f, (IN'). We refer to such features as weak positive
contributors.

Definition 2 (Weak Positive Contributor). A feature x; is
called a weak positive contributor to class y if its attribution
ff Y to the output logit o, satisfies:

Weak Contribution

1 <exp(§”) <Eyepy [eXp(fioy* )}
—_——

Positive Contribution

3

By writing the expectation E,-,, we interpret the final
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Figure 2: Example of a weak positive contributor. The feature z; is a weak contributor to class 1: it positively influences o; but

yields a negative contribution to fi.

model output f(IN), normalized by a softmax layer, as a
probability distribution over labels conditioned on y* # y.
The first inequality in (3) indicates the positive contribu-
tion to o,, whereas the second implies that this contribution
is weak relative to its expected exponential contributions
to the remaining classes. Please note that §f ¥ refers to the
ground-truth attribution, i.e., the quantity that feature attri-
bution methods seek to estimate. Therefore, the discussion
of weak positive contributors is independent of any specific
explanation method and reflects intrinsic properties of the
model’s predictive behavior.

Theorem 2 (Negative Attribution). The attribution ng Y ofa
weak positive contributor w.r.t. the final prediction is negative,
despite its positive attribution to oy.

Figure 2 showcases that a positively associated feature can
negatively affect the prediction confidence of the correspond-
ing class, as stated in Theorem 2 (see Appendix A.2 for proof
and further details).

4 Keep and Fine-tune (KAFT)

Based on the previous discussion, a direct remedy for the
Sign issue is to perform feature manipulation in descending
order of attribution magnitudes. This variant is denoted by
|ROAR|, where the absolute value operator implies that only
attribution magnitudes are used to rank features. We refer
to this occlusion strategy as relevant-first occlusion, since
high-magnitude attributions reflect feature relevance, regard-
less of their signs. However, |ROAR| remains sensitive to
residual information arising from redundant features, which
are informative but receive low attribution scores with their
significance masked by redundancies.

An alternative is to reframe the occlusion strategy com-
pletely, thereby relieving the evaluation scheme from the
over-restrictive expectation of I(IN\S;y) = 0. Instead of
removing the most important features, we argue that retain-
ing the top-ranked features for retraining yields more reliable
assessments of explanation quality. Keep and retrain (KEAR)
reframes the evaluation question as follows:

Question 2 (KEAR). Does the tested explanation method
correctly identify influential features for model decisions?

The lowest-first occlusion strategy was first mentioned by
Hooker et al. (2019). Appendix A.3 further discusses the
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role of KEAR in prior work and interprets the differences
in empirical observations. By reversing the occlusion prior-
ity, an effective explanation method should capture relevant
information learned by the target model, resulting in less
performance degradation after retraining with the same pro-
portion of retained features. Compared to ROAR, Question 2
loosens the assumption of exact model-data alignment and
shifts the focus towards model behavior.

4.1 Retraining? Fine-tuning!

Parallel to distortion in evaluation results, the heavy computa-
tional cost also limits the practical use of retraining schemes
for explainer selection and benchmarking. The evaluation
costs are twofold: the expense of deriving explanations for
numerous training data, and the overhead of the multiple
retraining epochs. Unlike inference schemes, which typically
require explanations for only the test set or even a subset of
it, retraining schemes must derive explanations for the en-
tire dataset, including training, validation, and test splits, to
reproduce the training environment. Additionally, these ma-
nipulated entries are visited repeatedly during retraining to re-
fine model performance. While such costs are manageable in
small-scale settings, efficiency concerns become significant
as training pipelines become more complicated. This chal-
lenge is pronounced when benchmarking explainers on down-
stream models fine-tuned from pretrained versions, where
reproducing the entire training process becomes infeasible.

Given that retraining serves to adapt the target model to
the disrupted data distribution, we propose replacing full
retraining with model fine-tuning. When the manipulated
dataset is viewed as representing a different distribution that
preserves partial information overlap with the original data,
fine-tuning offers a lightweight alternative for model adap-
tation under distribution shift. By leveraging the explained
model as initialization, fine-tuning requires fewer training
samples and epochs. More specifically, keep and fine-tuning
(KAFT) creates manipulated copies of a subset of training
samples and, instead of training from scratch, fine-tunes the
explained model on the manipulated data. As in the original
retraining scheme, the performance of the fine-tuned model
serves as an indicator of explanation quality.

Following this direction, we further simplify the eval-
uation scheme by restricting keep and fine-tuning to the
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Figure 3: Visualization of model updates under different evaluation schemes. The inference scheme is sensitive to distribution
shifts as it does not update the tested model. KAFT and its variants overcome this limitation while mitigating distortions inherent
in other retraining schemes. Particularly, KAFT-C evaluates explanation quality by assessing the utility of preserved features
through restricted updates, striking a balance between resolving distribution shifts and maintaining focus on model behavior.

classification head (KAFT-C)2. This simplification is inspired
by the observation that the hidden layers of a model function
primarily as feature extractors, deriving and summarizing
high-level representations that support the final decisions at
the classification head. An effective explainer should capture
input features that contribute to these informative high-level
representations (from the model perspective) and ensure that
they are preserved during explanation-guided manipulation.
Although input perturbation may degrade model performance
by disrupting contextual dependencies, the feature extraction
performed by the hidden layers should remain at least par-
tially effective if the most relevant input components are
preserved. Consequently, adapting the classification head al-
lows the model to reuse the extracted representations under
the altered context, achieving higher classification accuracy
without full model updates. From the efficiency perspec-
tive, when fine-tuning with 10% of the data and 10% of the
training epochs used for full retraining, KAFT-C achieves a
100 x speedup over KEAR. Figure 3 provides an overview of
the three retraining alternatives and compares them to the
inference-based evaluation scheme.

Compared to full retraining or unrestricted fine-tuning,
fine-tuning only the classification head further simplifies the
retraining process and strengthens the connection to the ex-
plained model. This modification better aligns the evalua-
tion process with the goal of feature attribution methods.
By freezing the hidden layers of the tested model, the eval-
uation concentrates on the original behavior of the target
model without completely altering its internal characteris-
tics. This restriction further mitigates the distortion caused
by feature redundancy when applying relevant-first occlu-
sion, as unused features are no longer reorganized through
full retraining. Following this direction, we propose another
alternative evaluation scheme |RAFT-C| (remove and fine-
tuning on the classification head following attribution mag-
nitude). Compared to KAFT-C, which reflects the utility of
the highest-attributed features, |[RAFT-C| assesses the ability
of an explainer to identify irrelevant features, providing a
complementary perspective for assessing explanation quality.

2 Abbreviation naming rules are detailed in Appendix A.4.
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5 Experiments

To demonstrate the validity of the proposed evaluation
schemes and their differences from ROAR, we begin with
small-scale experiments with a carefully selected set of ex-
plainers. These explainers are chosen based on their differ-
ent theoretical backgrounds, serving as a reference for ex-
planation quality. Following the small-scale tests, we adopt
KAFT-C and |RAFT-C|, the most efficient retraining variants,
for benchmarking an extended set of attribution methods in
large-scale settings.

Across all tests, full retraining (ROAR and KEAR) is per-
formed on the complete dataset, whereas 20% and 10% of the
training samples are used for fine-tuning and classification-
head-only fine-tuning, respectively. All reported values are
averages over 5 repetitions for better reliability of the results.

5.1 Small-scale Experiments

Datasets and Classifiers The small-scale experiments are
conducted on three publicly available datasets: MNIST (Le-
Cun et al. 1998), CIFAR10 (Krizhevsky and Hinton 2009),
and STL10 (Coates, Ng, and Lee 2011), covering input
types with varying color models and resolutions. A simple
CNN, WideResNet (Zagoruyko and Komodakis 2016), and
EfficientNet-BO (Tan and Le 2019) are trained on MNIST,
CIFARI10, and STL10, respectively. All classifiers are trained
from scratch for efficient reproduction of the exact training
environments during retraining.

Feature Attribution Methods Three gradient-based at-
tribution methods with various theoretical backgrounds are
selected: Vanilla Gradient (VG) (Simonyan, Vedaldi, and Zis-
serman 2014), SMOOTHGRAD (SG) (Smilkov et al. 2017),
and Integrated Gradients (IG) (Sundararajan, Taly, and Yan
2017). When configured with identical query budgets, SG and
IG share the same complexity. However, IG is distinguished
by explicitly modeling feature absence with a baseline. This
baseline, which also defines feature absence during input
manipulation, anchors the attribution process, allowing more
accurate quantification of how feature presence contributes
relative to absence. Founded on its theoretical strength, 1G is
expected to outperform SG, which in turn should outperform
VG by reducing sensitivity to gradient noise with smooth-
ing. Appendix A.4 provides additional experimental details
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Figure 5: Explanation quality in small-scale settings tested by KAFT-C and |[RAFT-C|.
AAcc. VG SG IG over, the variability in explainer rankings across test cases
— for example, IG ranking highest with STL10-EfficientNet
MNIST-CNN 26.01 48 724
ST-C 6.01  39.48 8 but lowest with MNIST-CNN — suggests that ROAR’s as-
CIFARIO-WRN | -1.44 524 20.03 sumption (inherited from Question 1) is highly sensitive to
STL-EfficientNet | -0.41 092 21.67 the characteristics of tested models. This sensitivity leads

Table 1: Quantification of explainer performance in the small-
scale settings. AAcc. represents the difference in prediciton
power, computed as the area between thede gradtion curves
produced by KAFT-C and |RAFT-C| as presented in Figure 5.

about the explainers and models, including implementation
specifics and configurations for (re-)training and fine-tuning.

Small-scale Results We start with empirically setting the
manipulation ratio to 90% and retrain the models on the
manipulated datasets. Figure 4 illustrates the retraining per-
formances®. As an indicator of explanation quality, the inter-
pretation of retraining accuracies depends on deletion prior-
ity: for KEAR, higher accuracy suggests better explanation
quality, as it reflects the preservation of influential features;
for ROAR, lower accuracy is preferred, which indicates the
effective removal of task-relevant features.

First, we concentrate on the relative ranking of competi-
tors within each evaluation scheme. Our results reproduce
the findings of Hooker et al. (2019), showing that all competi-
tors perform worse than random when tested under the ROAR
scheme, as demonstrated by the limited performance degrada-
tion. As discussed in Section 3, these misleading assessments
arise from residual information, where the remaining neg-
atively attributed features lead to information leakage and,
consequently, unexpectedly high retraining accuracies. More-

3Error bars are not presented for visual clarity. Please refer to
Appendix A.5 for the complete results and raw numerical values.

to varying degrees of distortion depending on the test sce-
nario. In contrast, the results by KAFT and other variants of
lowest-first occlusion match the theoretically grounded ex-
pectation: IG consistently outperforms other explainers due
to its explicit use of a baseline. Regardless of how a model is
updated, the KAFT family delivers coherent assessments of
explanation quality, as reflected by the consistent competitor
rankings.

To further demonstrate the effectiveness of gradient-based
approaches and to show that explainers capture not only in-
fluential features but also distinguish them from irrelevant
ones, we adopt KAFT-C and |RAFT-C|, reporting evaluation
results across manipulation ratios ranging from 0.1 to 0.9
in increments of 0.1. Figure 5 shows model performance
degradation curves as the manipulation ratio increases. The
solid and dashed lines correspond to performance degrada-
tion under different manipulation priorities. For an effective
explainer, the solid line should lie above the random baseline
(black), while the dashed line should fall below. Among the
competitors, only IG exhibits curves that are well-separated
by the random baseline across all three test cases, indicat-
ing the effectiveness of its explanations. Complementing the
line plots, explainer performance is further quantified by
the area between the solid and dashed lines associated with
each explainer. This area reflects the difference in prediction
power between irrelevant-first and relevant-first manipula-
tions. Table 1 confirms the superiority of IG with the largest
AAcc., highlighting its capability in identifying influential
features to model decisions. Appendix A.5 provides addi-
tional qualitative examples that visualize the manipulated
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Figure 6: Explanation quality in large-scale settings tested by
KAFT-C and |[RAFT-C|. The plots show a selected subset of
competitors for clarity. Table 2 reports AAcc. for all tested
explainers.

AAcc. VG SG Gol 1G EG SIG
ResNet50 | 2.84 958 13.04 21.50 20.73 30.07
SwinT -5.02 1443 2.14 331 1559  30.05

Table 2: Quantification of explainer performmance with
AAcc. for the large-scale settings on ImageNet (Figure 6).

inputs, emphasizing the Sign issue.

5.2 Large-scale Experiments

Additional Competitors We extended the competitor set
with Gradient®©Input (GOI) (Shrikumar, Greenside, and Kun-
daje 2017), Expected Gradients (EG) (Erion et al. 2021), and
Smoothed Integrated Gradients (SIG). The last approach is
an ensemble of IG and SG, combining theoretical grounding
with denoising effects. All selected competitors are widely
used and generalizable feature attribution methods.

Dataset and Classifiers We benchmark the competitors
on classifiers trained with ImageNetlk (Russakovsky et al.
2015). For architectural diversity, we consider ResNet50 (He
etal. 2016), a CNN-based model, and SwinT (Liu et al. 2021),
a transformer-based model. For both architectures, pretrained
versions are used.

Large-scale Results We repeat the KAFT-C and |RAFT-C]|
evaluations in the large-scale settings, with results presented
in Figure 6 and Table 2. For ResNet50, attribution methods
that explicitly incorporate a baseline generally outperform
those that do not. Notably, G®I, which can be viewed as a
special case of IG with a single observation on the interpo-
lation path, improves explanation quality by amplifying raw
gradients with the corresponding input. In both cases, limited
performance degradation is achieved by the best-performing
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explainer (SIG) under the restrictive fine-tuning setting. This
observation supports the use of fine-tuning as an effective
and substantially more efficient alternative to full retraining
for handling distribution shifts.

On the other hand, IG exhibits a performance collapse
when tested on SwinT. As shown in the right panel of Fig-
ure 6, the degradation curves produced by IG are nearly
indistinguishable from the random baseline in both manipula-
tion orders, indicating a failure to identify features relevant to
model decisions. We consider two possible causes for the fail-
ure of IG on SwinT: 1. a long plateaux of gradient saturation,
and 2. the cancellation effect due to feature interactions. First,
a key motivation of the integration in IG is to resolve gradi-
ent saturation (Sundararajan, Taly, and Yan 2017). However,
when the interpolation path between an explicand and the
chosen baseline traverses a prolonged saturation region, the
evenly interpolated instances will be dominated by the satu-
rated gradients. As a result, the integrated gradients become
biased towards the saturation, failing to address the issue.
The similar performance of IG and G®I on SwinT supports
this interpretation — a long saturation plateau undermines
the effectiveness of integration over an even interpolation,
reducing IG to a single-sample explanation, as in the case
of GOL. Second, the straightline integration path can cause
underestimation of feature importance due to cancellation
effects from feature interactions. Consider the simple func-
tion f(z1,x2) = (x1 — x2)” as a concrete example. When
explaining the decision at (1, 1) relative to the baseline (0, 0),
IG assigns 0 attribution to both features, as their opposing
contributions cancel each other out along the interpolation
path, despite both being influential to the outcome. This limi-
tation can be mitigated by averaging over multiple integration
paths that deviate from the straightline, which decomposes in-
teractions into individual contributions. This simple solution
also underlies the improved performance of SIG: by adding
noise to the interpolated points, SIG implicitly averages over
observations from diverse paths, thereby revealing interaction
effects and recovering the performance of IG.

6 Conclusion

This work addresses the gap between the empirical assess-
ments by retraining-based schemes and the theoretical foun-
dations of gradient-based approaches. By identifying the
cause of evaluation distortion, we propose several alterna-
tives that reframe the evaluation objective to resolve this issue.
Among them, the fine-tuning variant KAFT-C largely reduces
the computational overhead associated with retraining-based
evaluation. Our empirical results generally align with the-
oretical expectations for the tested explainer — except for
the test on SwinT, where IG exhibits a performance collapse.
We discuss two possible causes of the collapse: saturation
plateaux and cancellation effects, both linked to the integra-
tion path. The discussion on the limitation highlights the
need for further investigation into path selection and alloca-
tion of feature interactions. Overall, this work provides a new
toolset for explanation evaluation, which differs from tradi-
tional inference-based schemes, and offers a complementary
perspective for benchmarking attribution methods.
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