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ABSTRACT

Mask-based explanation methods offer a powerful framework for interpreting
deep learning model predictions across diverse data modalities, such as images
and time series, in which the central idea is to identify an instance-dependent
mask that minimizes the performance drop from the resulting masked input. Dif-
ferent objectives for learning such masks have been proposed, all of which, in
our view, can be unified under an information-theoretic framework that balances
performance degradation of the masked input with the complexity of the result-
ing masked representation. Typically, these methods initialize the masks either
uniformly or as all-ones. In this paper, we argue that an effective mask initial-
ization strategy is as important as the development of novel learning objectives,
particularly in light of the significant computational costs associated with existing
mask-based explanation methods. To this end, we introduce a new gradient-based
initialization technique called StartGrad, which is the first initialization method
specifically designed for mask-based post-hoc explainability methods. Compared
to commonly used strategies, StartGrad is provably superior at initialization in
striking the aforementioned trade-off. Despite its simplicity, our experiments
demonstrate that StartGrad enhances the optimization process of various state-of-
the-art mask-explanation methods by reaching target metrics faster and, in some
cases, boosting their overall performance.

1 INTRODUCTION

As machine learning models become deeply integrated into critical areas such as healthcare or
medicine, the need for transparency and interpretability grows ever more urgent (Vellido, [2020).
Explainable AI (XAI) research has responded by developing various XAl frameworks, with saliency
methods—also referred to as feature attribution methods—at the forefront. These methods seek to
highlight the most relevant inputs that drive a model’s prediction, offering insights into how complex
models, often regarded as black boxes, make decisions.

Mask-based explanation methods, a particularly powerful subset of feature attribution techniques,
aim to learn sparse masks that highlight the key inputs driving a prediction. These methods are
highly flexible: the objective function can be designed to capture specific notions of relevance, while
constraints like sparsity or smoothness can be added to meet criteria for a *good’ explanation. This
is often formalized through an information-theoretic framework, such as the information bottleneck
(IB) principle (Tishby et al.,|1999) and the rate-distortion function (Thomas & Joy,[2006). The care-
fully designed objective function in mask-based methods allows them to adapt effectively to different
data modalities, resulting in superior performance compared to approaches such as Saliency maps
(Simonyan et al., 2014), Integrated Gradients (Sundararajan et al., 2017), SmoothGrad (Smilkov
et al., 2017), or surrogate-based methods like LIME (Ribeiro et al., 2016) and SHAP (Lundberg &
Leel 2017). These approaches have been also shown to produce explanations that are fragile and
noisy, or even ones that can be manipulated (Adebayo et al., 2018} |Ghorbani et al., |2019; |Slack’
et al., [2020).

Despite their effectiveness, state-of-the-art mask-based explanation methods come with heavy com-
putational costs due to their prolonged optimization process with hundreds of epochs of iterations,
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especially when compared to gradient-based saliency techniques like SmoothGrad (SmilKov et al.,
2017) or Integrated Gradien{s (Sundararajan &l al.,|2017). For instance, the most advanced mask-
based methods in the vision domain such as the recently proposed WayeletX (Kolek et al., 2023)
and ShearletX| (Kolek et al., 2023), require orders of magnitude more execution time to generate
explanations than their gradient-based counterparts.

This trade-off between performance and speed presents a major limitation for mask-based methods,
especially in time-sensitive applications where rapid decisions are critical. As a result, users are
often forced to choose between the superior faithfulness of mask-based explanations and the faster,
but potentially less reliable, gradient-based alternatives. This tension between explanation accuracy
and real-time applicability remains a key challenge in making mask-based methods more widely
applicable in high-stakes environments such as healthcare.

To address the challenge of balancing performance and computational ef ciency in mask-based
methods, we draw on two key insights: First, while the way how to initialize masks in existing
mask-based XAl methods is usually neglected, it plays a crucial role in optimization in terms of both
running time and the nal achievable maximum or minimum value. Second, although gradient-based
saliency methods are not explicitly designed to meet desiderata of high-quality explanations, they
do provide valuable signals about the model's decision-making process with minimal computational
overhead. By combining these two insights, we propose StartGrad, a novel gradient-based mask
initialization technique speci cally designed for post-hoc explanation methods. StartGrad leverages
gradient signals to provide provably superior initialization masks in terms of minimal distortion and
sparsity—two essential criteria for mask-based explanation methods—compared to commonly used
strategies. By doing so, StartGrad harnesses the strengths of gradient-based approaches to enhance
existing mask-based explainability techniques.

We summarize our contributions as below:

* We introduce StartGrad, a novel gradient-based mask initialization algorithm grounded in
the rate distortion explanation (RDE) framewdrk (Macdonald et al.,|2019), representing the
rst initialization technique explicitly designed to enhance the performance of mask-based
explanation methods.

» We prove that StartGrad is superior at initialization compared to other initialization strate-
gies in reducing distortion and improving sparsity—two essential criteria for effective
mask-based explanations.

» Extensive experiments on vision and time-series tasks demonstrate that StartGrad enables
state-of-the-art methods like ShearletX (Kolek €t al., 2023) and ExtremallMask (Enguehard,
2023) to reach target metrics faster while also improving overall performance in some
cases.

» To the best of our knowledge, this work presents the rst comprehensive theoretical and
empirical analysis of mask initialization techniques across both vision and time-series do-
mains, providing critical insights for improving mask-based explanation methods.

2 RELATED WORK

Feature attribution methods can be divided into white-box, gray-box, and black-box approaches,
depending on the amount of information required to generate an explanation (Muzellgc et al., 2024).
Mask-based explanation methods are considered black-box attribution techniques, as they do not
require access to the model's internal architecture and rely only on model predictions. Recently,
these methods gained attraction in the community and have been subsequently applied to different
domains such as vision (Fong & Vedaldi, 2017; Petsiuk ét al., |2018; Kolek|et al.| 2022; 2023)
or time series| (Cral#b& Van Der Schaai, 2021; Enguehard, 2023; Liu et al., 2024; Zichuan Liu,
2024). A key advantage of these techniques is their explicit optimization of an objective function
that formalizes desiderata for “good” explanations, such as parsimony and delity to the model and
often formalized via the IB principle (Tishby et al., 1999) or the RDE framework (Macdonald et al.,
2019) which formalize the trade-off between explanation complexity and predictive accuracy.

Despite their strong performance, mask-based approaches are often computationally expensive due
to iterative optimization, limiting their practicality in real-world applications. However, much of
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the previous work has mainly investigated designing novel objective functions suited for either the
data modality at hand (Ying et al., 2019; Cr&l® Van Der Schaar, 2021), proposing new architec-
tural design choices such as learning the perturbation function(Enguehard, 2023; Liu et al., 2024),
or even learning a trainable masking model that can produce masks after training (Dabkowski &
Gal, 2017). To the best of our knowledge, no previous work has investigated the role of mask ini-
tialization scheme itself, which is surprising given the role initialization schemes can have on the
overall performance of the optimization result (Glorot & Bengio, 2010; He et al., 2015). In fact,
we noticed that across data modalities, different initialization techniques are used. For instance,
mask-based XAl methods in the time-series domain initialize their masks uniformly at startCrabb
& Van Der Schaar, 2021; Enguehard, 2023; Liu et al., 2624hereas vision explanation models

use an all-ones initialization scheme (Kolek et al., 2022; 2023).

3 BACKGROUND

Different objectives have been developed to learn an “optimal” nmaskBased on our observa-

tion, these objectives can be uni ed under the same umbrella, formalizing the trade-off between the
complexity of the masked input and its predictive performance from an information-theoretic per-
spective. At their core, all methods revolve around these two fundamental concepts, with additional
constraints, such as smoothness, often incorporated to further re ne the explanations.

Given a pre-trained predictive mode} : R ! [0; 1]° for a total ofc classes and an input instance

x 2 RY, the goal of the mask-based post-hoc explanation to a black-box ougfxi} is to identify

a sparse mask 2 f 0; 1g° overx, such that the resulting perturbed inputeads to the minimum
performance drop in the model's prediction (Fong & Vedaldi, 2017; Macdonald et al., 2019). Usu-
ally,*:=m x+( m) u,whereu?2 RYisrandom noise following a prede ned probability
distributionV, such as a Gaussian distribution.

3.1 THE RATE-DISTORTION EXPLANATION (RDE) FRAMEWORK

Formally, the objective of the RDE framework can be de ned as the following constrained optimiza-
tion problem (Macdonald et al., 2019; Kolek et al., 2022):
min Ey v[D( c(%¥); <(X))] stkmko s; )

m2f 0;1gd
whereD : [0;1F [0;1]° ! R.: quanties the performance difference between the classi er's
prediction for the original inpuk and the perturbed inpw, a term which is also referred to as
the “distortion”. s 2 f 1;:::; dg controls the sparsity of the mask. The mean-squared error loss
function is often used as the distortion meaddré

In practice, the RDE optimization framework in equation 1 is relaxed using both a continuous mask
m 2 [0;1]" and ak ki norm:

min Ey v [D( c(6); c()NI+ kmky; )

m2 [0;1]d

which can be optimized using gradient-based methods. Moreover, instead of applying the RDE
framework to the original input domain, one can rst transfaxnusing an invertible functiofr :
RY 1 Rk, suchas Wavelet transform (Kolek et al., 2022) and Shearlet transform (Kolek et al., 2023),
and enforce sparsity in the frequency domain. In this scenario, the resulting objective becomes:

zﬁ[]oiq]k Euv D oF *(m F (x)+(@ m) u); o(x) + kmki: ®)

3.2 THE INFORMATION BOTTLENECK (IB) EXPLANATION FRAMEWORK

An alternative, yet increasingly popular, objective for learning the nmask based on the IB prin-
ciple (Tishby et al., 1999; Gilad-Bachrach et al., 2003):

mzr?oi;q]d L %)+ 1 (x;%); “4)

Istrictly speaking, these methods start with a constant value of 0.5 which is the expected value of an uniform
distributionU(0; 1).

2In fact, Kolek et al. (2022) report that the choice of the distortion function has limited effect on the perfor-
mance of their proposed mask-based vision explanation methods.
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wherel (; ) represents the mutual information between two random variaples, (x) is the
black-box output, > 0is a Lagrange multiplier. Maximizing(¥;x) ensures that the perturbed
input x retains suf cient information to approximate or explain the black-box ougpiBang et al.,
2021), while minimizingl (x; %) encourages compression such thatoes not capture any redun-
dant information irx thatis irrelevant to explaif. In other words, the compression terms essentially
encourages the conditional independence betwemmdx, conditioning ong (Fischer, 2020).

Same to the RDE framework, the mask can be applied in a latent space (Schulz et al., 2020; Demir
et al., 2021). In this case, the compression terms becdizeg m +(1 m) u), in which
z = f(x) refers to thd-th layer output of an instance

Recently, the general idea of IB has been extended to the design of built-in interpretable deep learn-
ing architectures for image data (Choi et al., 2024) and graphs (Yu et al., 2021), fnsesplaced
by the ground-truth labsl. However, our paper remains focused on post-hoc explanations.

From our perspective, there is a clear resemblance between equation 4 and the RDE objective in
equation 2, as illustrated in Proposition 1 and Remark 1.

Proposition 1 Maximizingl (§; %) is equivalent to minimizing the expected Kullback—Leibler (KL)
divergenceE(Dk( <(%); <(X))), under the choice of KL divergence as the distortion measure

in the RDE framework. Furthermore, the expected KL divergence provides an upper bound for the
“1-loss, e E(Dki( (%) o(X)  pgzE K o(¥) (K] .

Remark 1 In the IB implementation, the compression tdr(®; x) can simply be replaced by an
entropy termH (x)3 (Strouse & Schwab, 2017; Kirsch et al., 2020). In fact, the simplest way to
compres$ () is by encouraging the number of explanatory variables to be small, i.e., encouraging
m to be sparse (Bang et al., 2021; Tao et al., 2020). This regularization can be expredsa#as

or approximated wittkkmk; .

Proof. All proofs can be found in Appendix A.

4 METHOD

In this section, we present StartGrad, our novel gradient-based mask initialization algorithm. Unlike
traditional approaches, StartGrad leverages gradient information to provide tailored initialization
of masks based on the speci ¢ characteristic of the sample and model. This gradient-informed
initialization can not only provide a more effective starting poiniratialization in light of the
previously discussed RDE and IB framework, but can also signi cantly boost the performance of
subsequent mask-based explanation algorithms as we will show in section 5.

4,1 APPROXIMATING THE DISTORTION LOCALLY

Given a differentiable classi er ¢, we can use a rst-order Taylor expansion to approximate the
prediction for the distorted inpuk:

c(x) (X)X (X)X ®)
wherer « ¢(X) represents the gradient of the model's prediction with respect to the original input
featurex and x = x X denotes the distortion induced due to the miaskTo ensure that this
approximation is accurate, we require thatis locally linear in a small neighborhood arourd

Formally, this neighborhood is de ned as the open Bal(x) = fx 2 RY : kx xk< g, where
> 0ensures that higher-order terms in the Taylor expansion.@fre negligible.

Using ak kp norm as a choice for the distortion functibn we can leverage equation 5 to approx-

imate the distortion:
!

xd
D( c(¥); c(X))=k (%) c(XNko kr x c(X)  xkp= irx () XijP
i=1

1
P

(6)

3If the mapping fromx to x is deterministic, we always have this equivalence; however, this may not hold
true in practice, such as when unmasked regions of an image are substituted with random Gaussian noise.
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From the approximation in equation 6, it follows that minimizing the distorfioh .(%); (X))
requires controlling the tertkr , ¢(x)  xkp. In particular, we can leverage the gradient infor-
mation to the minimize the distortidgh Features with small gradient magnituges,, .(x)j have
less impact on the distortion term and can be therefore masked without signi cantly incr&€asing
This insight leads to the following heuristic:

1 if jr , <(X)j is“large™; 7
! 0 if jr , <(x)j is“small’:
Sincer 4, ¢(x) indicates the sensitivity of the model's prediction to changes in the corresponding
feature, masking features with “small” gradients ensures that any induced changes minimally impact
the model prediction. This approach is crucial in maintaining the predictive performance while
modifying or explaining the input, effectively balancing sparsity and distortion.

4.2 GRADIENT-BASED MASK INITIALIZATION

A key challenge in our approach is setting appropriate thresholds to distinguish between “large” and
“small” gradients when de ning the mask in equation 7. As discussed in section 3.1, we avoid a
binary threshold by leveraging continuous masks. Speci cally, we de ne the absolute gradient of
the model's prediction with respect to the class of interest as:

@ <(x) .
&

For multi-channel inputs such as RGB images, we take the maximum value across channels. We
then apply a transformation functidh: R ! [0; 1]%, which normalizes the gradient sigri(x)

into the rangg0; 1]°. The primary challenge lies in selecting a suitable transformation function that
preserves the relative importance of each feature.

Se(x) = (8)

Empirically, we observe that the absolute gradient values follow a highly skewed distribution, similar
to a Laplace distribution(see Appendix D). Given this skewness, we employ the Quantile Transfor-
mation Function (QTF), which maps the gradient values to a uniform distribu{onl). The QTF

has two key advantages: (1) it handles the skewness in the data effectively, and (2) it preserves the
relative feature importance based on the absolute gradient values. Furthermore, using the QTF facil-
itates direct comparison with the standard uniform mask initialization scheme, thereby simplifying
the evaluation of our proposed framework. Algorithm 1 gives pseudocode for our gradient-based
initialization method which we call StartGr&d.

Algorithm 1: Gradient-based Mask Initialization (StartGrad)

Input : Pre-trained classi er ¢, input sample$x; g\, with x; 2 RY, quantile
transformatior : RY ! [0; 1]

Hyperparameters: Output distributionJ(0; 1), number of quantiles (bins) far

Output : MasksM 2 [0;1]N ¢

Initialize mask listM :=[] and quantile transformér;
fori 1toN do
¢ argmax( ¢(x;)) /I Class prediction
S jr x c(Xi)j. /Ml Gradient magnitudes
m; T (S;)// Quantile transform
Appendm; toM ;
end for
return M

4An alternative strategy is to trivially setx = 0Og, i.e.m = 14, thereby keeping all features and eliminat-
ing distortion entirely. However, this solution fails to satisfy the sparsity objective of the RDE framework and
is thus suboptimal for the overall task.

5This behavior has been previously observed in other domains as well, such as time series (Ismail et al.,
2020) and graph-based models (Xie et al., 2022)

SFor simplicity, we assume for the pseudocode in algorithm 1 that we operate in the same inpdt space
Appendix B, a more general version is provided where we we use an invertible and differentiable fénction
A visualization of StartGrad is also provided in the Appendix, as it was moved there due to space constraints.
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4,3 BALANCING SPARSITY AND DISTORTION UNDER THERDE FRAMEWORK

As outlined in section 3.1, the primary objective of mask-based explanation algorithms is typically
to identify a sparse mask that minimally distorts the model's predictiongile our previous dis-
cussion in 4.1 has centered on minimizing distortion at initialization, we now turn our attention to
sparsity, comparing the standard initialization strategies of all-ones and uniform to our newly in-
troduced algorithm StartGrad. Speci cally, we provide formal proofs that StartGratbisably
superior at initializationin balancing the trade-off between distortion and sparsity, as formalized
in the RDE framework, when compared to other mask initialization strategies. To the best of our
knowledge, this represents the rst formal comparison of different mask initialization methods.

Proposition 2 Let (x) with . : R4 ! [0;1]° be a classi er that is differentiable and locally
linear in the neighborhood of an input 2 RY. Formally, this neighborhood is de ned as the open
ballB (x)= fx 2 RY:kx xk< g, where > 0ensures that higher-order terms in the Taylor
expansion of . are negligible. Additionally, lem i; represent the uniformly-initialized mask and
Mgrad the mask initialized based on the gradient of(x) with respect tax, transformed using a
quantile function so that graq 2 [0; 1]9. Then, given a norrk kp withp 1 as a choice for the
distortion functionD, the following inequality holds at initialization:

Emg,ad;u v [D ( c(x'grad); cX)+ km grade] Emu v [D( cCeunit); (X)) +  kmynitks]

With %ynit = Myng X + (1 Myni) U and Xgrad = Mgrad X + (1 mgrad) u, where
u 2 RYis arandom perturbation drawn from a prede ned distributidrand is a hyperparameter
encouraging sparsity in the masks.

Proposition 3 Let ¢(x) with ¢ : R4 | [0;1]° be a classi er and letmynes denote the mask
initialized with all ones, i.emgnes= 14 Wherely is a vector of ones with dimensiahand m graq
denote the mask initialized based on the gradient gfx) with respect tax, transformed using
a quantile function so thain gag 2 [O; 1]9. Given a nornmk kp withp 1 as a choice for the
distortion functionD, the following inequality holds at initialization:

Em gradil V [D ( c(x'grad); C(X)) + km gradkl] Em onesU V. [D ( c(x'oneg; c(X)) + km oneé(l]
for

20+@2 1lc 2)°
d

With Xones = Mones X + (1 Mone9 U and Xgrad = Mgrad X + (1 mgrad) u, where
u 2 RYis arandom perturbation drawn from a prede ned distributigrand is a hyperparameter
encouraging sparsity in the masks.

Proof. All proofs can be found in Appendix A.

Remark 2 In case we want to explain the class prediction of a classi g(x) for a speci c cate-
gory, i.e.c = 1, Proposition 3 reduces to

ol

Remark 3 Proposition 3 holds in the same manner for the comparison betwegpandm gnes

Proposition 2 and 3 together provide a principled approach for selecting an initialization strategy
within the RDE framework. Our proposed gradient-based initialization algorithm yields an expected
loss in terms of distortion and sparsity that is less than or equal to that of uniform initialization.
Additionally, StartGrad outperforms all-ones initialization in high-dimensional settings (vehisre

large) which is a typical setting for deep learning models, and consequently, mask-based explanation
approaches.

’In addition to sparsity and distortion, some mask-based algorithms also regularize the smoothness of the
mask (Fong & Vedaldi, 2017). Furthermore, rather than minimizing distortion, certain algorithms aim to nd
the smallest mask that induces the maximum distortion (Enguehard, 2023).
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5 EXPERIMENTS

In this section, we evaluate our gradient-based initialization scheme using state-of-the-art mask-
based explanation methods across two challenging data modalities: vision and tim& Ssies.

is a domain where mask-based explanation methods are well-established, while time-series data,
though less studied in the XAl community, is critical in elds like healthcare and nance, gaining
more attention in recent years (Cr&bf Van Der Schaar, 2021; Enguehard, 2023; Liu et al., 2024;
Queen et al., 2023; Zichuan Liu, 2024). These domains present distinct challenges for gradient
estimation—vision involves spatial complexity, while time-series data introduces temporal depen-
dencies (Ismail et al., 2020). This cross-domain evaluation demonstrates how StartGrad adapts to
varied data characteristics and model architectures, underscoring the robustness and potential of our
proposed initialization algorithm.

5.1 VISION

We evaluate StartGrad using two state-of-the-art mask-based explanation methods: WaveletX,
ShearletX (Kolek et al., 2023) and a well-established third method, i.e. PixelMask (Fong & Vedaldi,
2017). These vision methods were chosen as they apply masking in different input spaces and vary
in their objective formulations, creating a diverse and challenging testbed for our proposed initial-
ization method.

For quantitative evaluation, we use the conciseness-preciseness (CP) Pixel and L1 scores introduced
by Kolek et al. (2023), calculated on 500 random samples from the ImageNet validation dataset
(Deng et al., 2009). These information-theoretic metrics are designed to reward masks that preserve
classi cation accuracy while minimizing the amount of information used, making them well-suited

for mask-based methods that prioritize sparsity and compressed explanations. Unlike faithfulness
metrics (e.g., insertion and deletion), which rely on an inherent ranking of feature importance, CP
scores are speci cally designed for methods like ours that optimize binary masks without order-
ing feature relevance (Kolek et al., 2023). Additionally, using CP scores ensures consistency and
comparability with the baseline methods in Kolek et al. (2023).

As in Kolek et al. (2023), we use a pretrained ResNet18 model (He et al., 2016) and VGG16 (Si-
monyan & Zisserman, 2014) for classi cation. We also evaluate StartGrad on vision transformers
(Dosovitskiy et al., 2021) and swin transformers (Liu et al., 2022). Due to space constraints, only
results for the ResNet18 model are shown in the main body of the paper, with results for other archi-
tectures provided in Appendix F.1, F.4, and F.3. The qualitative ndings discussed here are vastly
consistent across all tested models. For all mask-based vision models, we use the default parameter
settings as reported in the respective papers to facilitate comparisons. Further details on the expla-
nation models and hyperparameters are in Appendix C.1. Additional results and ablation studies are
provided in section D.3 and F. In Appendix F.18, F.19, F.20 we also provide visual results.

Results. Table 1 shows the median performance difference between StartGrad and both all-ones
and uniform initialization strategies. Across all mask-based explanation methods, StartGrad signif-
icantly improves performance compared to the uniform initialization which shares the underlying
initialization distribution. This underscores the advantage of using gradient signals to guide the
mask initialization process.

For PixelMask (Fong & Vedaldi, 2017) and WaveletX (Kolek et al., 2023), StartGrad particularly
enhances performance at early iteration steps, whereas at the nal iteration step (300) no statistical
differences can be observed for these two mask-based explanation methods. However, initializing
ShearletX (Kolek et al., 2023) with our proposed StartGrad algorithm leads to a substantial and
statistically signi cant performance improvement at all iteration steps.

In addition to measuring performance at a given iteration step, we examine how StartGrad reduces
runtime (as measured in iteration steps) when aiming for a speci c target metric. However, de ning

a universally “good” target score is inherently challenging due to the absence of a clear threshold.
To tackle this, we de ne the per image target score as the highest attainable score across all three
initializations and measure subsequently the iterations required to this speci ¢ normalized score.

80ur code is publicly available #ittps://github.com/BuelentUendes/StartGrad
°For a more detailed justi cation of using the CP scores in place of faithfulness, see Appendix C.2.2.
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Table 1: Median pairwise performance difference between StartGrad and alternative initialization
methods across iteration steps for 500 ImageNet (Deng et al., 2009) samples using a ResNet18 (He
et al., 2016) classi er. Baseline refers to the initialization scheme originally used for each mask
explanation method. Statistical signi cance is marked as ***, ** and * for 1%, 5%, and 10%
levels, respectively, using a one-sided Wilcoxon signed-rank test with Bonferroni correction. For
PixelMask (Fong & Vedaldi, 2017), CP-Pixel and CP-L1 scores are identical as it operates only in
the pixel space.

4 CP-Pixel" 4 CP-L1"
Iteration steps Iteration steps
Method Reference initialization 50 100 300 50 100 300
. All-ones (baseline) 2:.09™ 072 033 209™ 072 33
PixelMask ) itorm 111" 1267 112" 1117 126" 1127
All-ones (baseline) 255" 0737 011 o711 0377 014
WaveletX niorm 2:35™ 339" 520" 060" 0:88" 1:04™
Shearletx  All-ones (baseline) 5291™ 13528™ 23637 2:89" 20677 51:82"
Uniform 5865 13071™ 20874™ 3:09™ 3342™ 6557

As shown in Figure 1, StartGrad outperforms the other two initializations strategies for PixelMask
(Fong & Vedaldi, 2017) and WaveletX (Kolek et al., 2023) for medium target scores and for Shear-
letX (Kolek et al., 2023) beginning from a score of 0.3.

(a) PixelMask (b) WaveletX (c) ShearletX

Figure 1: Normalized CP-Pixel score vs. iteration steps for the PixelMask (Fong & Vedaldi, 2017)
(a), WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing
three initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dot-

ted line). The curves represent the average number of iteration steps needed to reach a normalized
target CP-Pixel score. This target score is de ned as the highest CP-Pixel value achieved across
all three initialization methods for each model, then normalized by the overall maximum score ob-
served. The shaded regions represent the standard error across 500 randomly selected ImageNet
(Deng et al., 2009) validation samples, evaluated using a pretrained ResNet18 (He et al., 2016) clas-
sier.

Given the strong performance of the StartGrad initialization method for the ShearletX (Kolek et al.,
2023) model, we seek to evaluate how quickly a mask-based algorithm initialized with StartGrad
can reach the nal performance levels of the all-ones and uniform initialization strategies. As it
can be seen from table 2, we achieve large speedups up to 6.73, further illustrating the potential
of StartGrad and designing mask-based initialization strategies in general. To further understand
the dynamics of the optimization process and the effectiveness of StartGrad, we analyze its role
in guiding mask-based explanation methods. As shown in Appendix F.6, F.7, F.8, initializing the
mask using gradient signals, as implemented in StartGrad, provides a crucial early advantage by
guiding the optimization process toward regions of minimal distortion, consistent with theoretical
predictions. This early advantage is critical, as uniform initialization fails to catch up in terms
of distortion reduction throughout the optimization process which underlines the importance of an
effective initialization.
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Table 2: Average iteration steps for the ShearletX (Kolek et al., 2023) method initialized with Start-
Grad to match the performance of the all-ones or uniform initializations. Reported are the iteration
steps to match the interquartile mean (IQM) and median of the CP-Pixel and CP-L1 scores, along
with speedup calculated as the ratio of reference initialization to StartGrad iteration steps. All exper-
iments use 500 randomly selected ImageNet (Deng et al., 2009) samples with a pretrained ResNet18
(He et al., 2016) classi er, and metrics are computed over 300 iterations. Average and standard er-
rors are estimated via bootstrapping (250 resamples). For each rheteieptes higher is better and

# lower is better. Values that are two standard errors away from the baseline (300 iterations, 1 for
speedup) are highlighted in bold.

S U 2
Iterations# Speedup Iterations# Speedup
All-ones IQM 4457 236 6.73 035 71.09 6.47 4.24 0.38
(baseline) Median 49.60 3.39 6.06 041 87.70 9.98 3.45 0.38
Uniform IQM 4550 3.18 6.60 0.45 7292 8.68 4.16 0.47
Median 50.58 4.26 5.95 0.49 94.44 15.10 3.24 0.47

5.2 TIME SERIES

Following Tonekaboni et al. (2020), Crabl& Van Der Schaar (2021) and Enguehard (2023), we

test StartGrad on two commonly used synthetic benchmark datasets, i.e. state and switch-feature
data both of which use a hidden Markov model (HMM) to generate the data. In line with&gabb

Van Der Schaar (2021); Enguehard (2023) we train a one-layer GRU (Cho et al., 2014) for each of
the experiments. As a baseline mask-based explanation method we use the recently introduced Ex-
tremalMask (Enguehard, 2023), which showed state-of-the-art performance on the aforementioned
datasets. As a perturbation model, we use a bidirectional one-layer GRU (Cho et al., 2014) model.
We evaluate StartGrad using the following four metrics: area under recall (AUR), area under preci-
sion (AUP), information (I) and mask entropy (E), where the last two were introduced by&gabb

Van Der Schaar (2021). For both synthetic datasets, we use the same experimental setup as in pre-
vious studies (Cralib& Van Der Schaar, 2021; Enguehard, 2023; Liu et al., 2024), i.e. we generate
1,000 samples and train the classi er on 800 training examples, and evaluate the performance on the
remaining 200 samples while reporting results across ve folds. We use the default hyperparameter
settings as well as the same random seed as used by Enguehard (2023) to facilitate fair comparisons.

A complete description of the datasets, models and hyperparameters used in this study can be found
in the Appendix C.3. Due to space constraints, we only report the results on the dwitch-feature
dataset for the preservation game version of the ExtremalMask (Enguehard, 2023) model. All re-
maining results are provided in section E.

Results. As illustrated in Table 3, initializing ExtremalMask (Enguehard, 2023) with StartGrad
yields strong performance improvements especially in the early iteration steps. At iteration 50,
StartGrad outperforms the baseline (uniform) in all metrics, with notably performance improve-
ments. Compared to the all-ones initialization, StartGrad provides performance improvements in
3 out 4 metrics, with the exception of AUP which is slightly lower. However, the all-ones mask
initialization has a low corresponding AUR score, indicating that ExtremalMask (Enguehard, 2023)
initialized with all-ones method misses a lot of important features. This advantage is maintained
through iteration 100. By iteration 500, all methods converge to similar nal performance, demon-
strating that StartGrad provides a strong initial boost without compromising the overall outcome
for ExtremalMask (Enguehard, 2023). The ndings are consistent across datasets and objective
formulations as shown in Appendix E.

6 LIMITATIONS AND FUTURE RESEARCH

Despite the promising results of the StartGrad initialization algorithm, few limitations require atten-
tion:
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Table 3: Average performance for the ExtremalMask (Enguehard, 2023) explanation method

(preservation game objective) across iteration steps for the switch-feature dataset when initialized
with StartGrad, all-ones and uniformly. The reported numbers are the mean and standard deviation
across ve folds. For each metrit,indicates that higher is better, a#dhat lower is better. Base-

line refers to the initialization scheme originally used for the respective mask explanation method.

Outcomes that are one standard deviation away from the second-best ones are highlighted in bold.

Iteration steps

Metric Initialization 50 100 300 500
Uniform (baseline) 0.849 0.049 0.942 0.039 0.982 0.008 0.986 0.004
AUP " All-ones 0.952 0.003 0.967 0.004 0.986 0.003 0.986 0.003

StartGrad (ours) 0.922 0.004 0.984 0.003 0.987 0.003 0.987 0.003

Uniform (baseline) 0.746 0.029 0.737 0.023 0.747 0.020 0.748 0.020
AUR" All-ones 0.696 0.015 0.769 0.017 0.751 0.020 0.750 0.020
StartGrad (ours) 0.805 0.014 0.758 0.020 0.751 0.020 0.751 0.021

Uniform (baseline) 1.069 0.085 1.876 0.229 2.513 0.079 2.533 0.078
I [10°]"  All-ones 1.905 0.061 2.446 0.091 2.541 0.079 2.539 0.072
StartGrad (ours) 2.498 0.105 2.533 0.083 2.544 0.082 2.540 0.082

Uniform (baseline) 2.325 0.151 1.659 0.197 1.281 0.071 1.267 0.072
E[10# All-ones 1.984 0.066 1.582 0.085 1.277 0.070 1.276 0.072
StartGrad (ours) 1.688 0.103 1.370 0.074 1.276 0.069 1.278 0.069

First, StartGrad's effectiveness relies on accurate gradient estimation, making it potentially sensitive
to noise. In Appendix F.5, we assess the impact of noisy gradients in the vision domain by adding
Gaussian noise to the gradient signal. Appendix F.13 examines uninformative gradients by shuf ing
values and explores an adversarial setting where gradient-mask associations are inverted. Finally,
Appendix F.10 evaluates sensitivity to gradient estimation methods using SmoothGrad (Smilkov
et al., 2017). Our ndings show StartGrad remains robust to noise and alternative estimation tech-
niques, matching uniform initialization in uninformative scenarios. However, its failure to recover
from adversarially initialized masks highlights the importance of proper initialization.

Second, the choice of the transformation funcflothat maps the gradients into a continuous mask

is crucial for StartGrad as illustrated in Appendix F.11. Future work could investigate alternative
transformations functions other than the QTF. Another promising direction for future work is Iter-
ing high-frequency artifacts in gradient signals before applying the QTF transform, as this has been
shown to improve the quality of the resulting gradient signal (Muzellec et al., 2024).

Third, compared to other initialization techniques, StartGrad involves some computational overhead.
Yet, as illustrated in Appendix D.2, the additional computational costs are negligible, especially in
light of the presented performance gains and speedups.

7 CONCLUSION

In this work, we present the rst comprehensive theoretical and empirical analysis of mask ini-
tialization techniques and introduce StartGrad, a novel gradient-based mask initialization method.
Speci cally designed for post-hoc mask-based explanation methods, we demonstrate that StartGrad
is provably superior in terms of distortion and sparsity at initialization compared to other techniques.
Despite its simplicity, our experiments demonstrate that StartGrad enhances the optimization process
of various state-of-the-art mask-based explanation methods, particularly by improving performance
early on.

Given its effectiveness, StartGrad can serve as a strong baseline initialization method moving for-
ward. We also hope that this work sparks further interest in exploring strategies for effective initial-
ization technigues in mask-based explanation methods in an attempt to improve their practicality in
real-world applications.

10
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A PROOFs

A.1 RESEMBLANCE BETWEENIB OBJECTIVE ANDRDE OBJECTIVE

The IB optimization trade-off can be considered as a generalized rate-distortion problem (Tishby
etal., 1999; Piran et al., 2020) with the distortion function between an insxaaice a (compressed)
representatiow taken as the KL-divergence between their predictions of the black-box qutput

dig(x; %) = Dk [p(9ix); p(9i%)]

P(gix) . ©)
p(ix)

X .
= p(9jx) log
b2

The expected distortioB[dig (X; x)] simply reduces tb(x;¥) |(x;¥). This is because:

X X
Eooan [dis(x; )] = E[  p(gjx)logp(gix)]  E[  p(9ix)log p(gjx)]

x A S _ _
= p(X; %) p(9ix) log p(¥jx) p(X; %) p(9ix) log p(¥jx)
X XX oox XX ! _
= p(X; %; ¥) log p(9jx) p(X; %; ¥) log p(9jx)
X % 9 X x ¢

Eflogp(¥jx)]  Ellogp(¥jx)]
H@ix)+ H@®)+ H@px) H(®)
LX) 1(9:%);

(10)

where the third line of equation uses the Markov chain propgrty x ! X, i.e., p(§jx;x) =
p($jx). Line ve uses the de nition of conditional entropy, i.&l (§jx) = E[log p($jx)]: and line
six the de nition of mutual information (9;x) = H(¥) H(¥jx) respectively.

Sincel (¥; x) is a constant that is independent of the optimization, minimizing the expected IB
distortionE[D ¢ [p($jX); p(¥j*)]] is equivalent to maximizindy(§; x).

Note that, in neural networks implementatigjx) is approximated by the output of last softmax
layer, i.e., ¢(x). Similarly, p(§jx) is approximated by ().

On the other hand, due to the Pinsker's inequality (Pinsker, 1964; Canonne, 2022) which implies
that for any two distributionp andq,

. 1
minf Dy (p;@); Dk (P9 5 log SKP oki: (11)
from which we obtaiDg ( <(%); (X)) ﬁk (%) c(X)K3.

To summarize, maximizing(§; x) is equivalent to minimizing the expected Kullback—Leibler (KL)
divergenceE (DL ( c(%); <(X))), and it provides an upper-bound to other loss functions such as
the 1-lossE k (%)  c(X)k? .

To motivate the link between the compression term in the IB principle and the sparsityntefm
the RDE objective, we begin by rewriting the mutual informati¢r; x) as:

I(x;%)= H(X)+ H(x) H(x;%) (12)

SinceH (x) is constant when optimizing for a sparse mask2 [0; 1] within the 1B principle, it
can be dropped, yielding:

I(x;%)= H(x) H(x;%) (13)

Using the conditional entropy de nition, we get:
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H(x;%) = H(xjx) + H(x) (14)

DroppingH (x) for the same reason as above, we obtain:

[(x;%)= H(®) H(xjx) (15)

Sincex X, the conditional entrop#d (xjx) is small, leading to the approximation:

L(x%)  H(x) (16)

This demonstrates that the mutual informatldm; x) can be effectively approximated by the en-
tropy of the masked inpuH (x) (Strouse & Schwab, 2017; Kirsch et al., 2020). A practical way to
minimizeH (x) is to reduce the number of explanatory variables, which corresponds to encouraging
sparsity inm (Bang et al., 2021; Tao et al., 2020). This sparsity constraint is commonly represented
by kmkg and is approximated usirign k; for optimization purposes. Thus, the sparsity term in the
RDE objective conceptually aligns with the compression term in the IB principle

A.2 EXPECTEDRDE LOSS AT INITIALIZATION UNIFORM VERSUS GRADIENTBASED
INITIALIZATION

Letx 2 RY denote the original input with dimensionalitly Further letmyq 2 [0; 1]¢ be the uni-
formly initialized mask where eadm; is independently sampled frok(0; 1). Similarly, denote
Mgrad the gradient-based initialized mask as described in section 4, where we transformed the gra-

dient values using a quantile transformation function so gty 2 [O; 1]9. We aim to prove the
following inequality:

Emgrad;u v [D( c(*grad); c(x)) + kmgraokl] Emgiu v [D( cCtuni); c(X))+ kmynitkq]

17)

Here Xgrad= Mgrad X+ (1 Mgrad Uandxyns = Muns X+ (1 myni) U are the distorted
versions of the input 2 RY with random perturbation 2 RY drawn from a prede ned probability
distributionV such as Gaussian. Hererepresents a hyperparameter, encouraging sparsityia
andmyp.

Let further denote .(x) a classi er's prediction for the input 2 RY where . : RY ! [0;1]°
with ¢ 1 representing the number of classes. Assume that the classi er's predictiot) is
differentiable and locally linear in the neighborhoodkofFormally, this neighborhood is de ned as
the openbalB (x) = fx 2 R% : kx xk < g, where > 0 ensures that higher-order terms in
the Taylor expansion of . are negligible.

Then, we can use the a rst-order Taylor expansion around

c(®) ()T X (x) (x X (18)

wherer x (x) represents the gradient of (x) with respecttox and x = x X. The distortion
D( ¢(®); c(x)) can therefore be approximated, for a ndenk,, as:

D( c(%); c(x))=k (%) c(XNkp kr x o(x)  xkp (19)
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Using this, we get the following expression:

Emgrad;U \ [kr X C(X) ka + kmgraokl] Emunif;'»I \ [kr X C(X) ka + kmunifkl] (20)

SinceMynitorm; Mgrad U (0; 1)4, the termsEy,,.,[ kKMgrakki] and B, [ kmuynitk] simplify to 5 d
as the expected value for eash is % Both sparsity terms can be omitted from the comparison
since they are equal. Therefore, we only need to show that:

Emgagu v [KM x c(X) (Xgraa  X)Kp]  Emyru v KM x c(X) Ctunit X)kp]: (21)

holds. By using the de nitions foxgaq andxnit, we get the following after rearranging terms:

Xgrad X =(Mgag 1) (X U); (22)
Xunit X = (Mype 1) (X u): (23)

Hence, we can rearrange 21:

Emgagu v KM x c(X)  (Mgraa 1) (X WkKp]l Emyeu v KM x (X)) (Mune 1) (X u)kp]
(24)

The key observation is that the gradient-based nmagky is constructed to minimize the distortion

by assigning values af; close tol whenr ,  ¢(x) is large, thus reducing the effect of perturbations

in important directions. On the other hand, the uniform mask;; is assigned independently of

the gradient, making it less likely to reduce distortion effectively. Consequently, the gradient-based
method is expected to achieve lower distortion compared to the uniform initializttioitialization

by design, thereby validating the claim.

This completes the proof.

A.3 EXPECTEDRDELOSS AT INITIALIZATION ALL -ONES VERSUS GRADIENTBASED
INITIALIZATION

Let mgnes denote the mask initialized with all ones, i.Bynes = 14 Wherely is a vector of ones

with dimensiond. Let further denote .(x) a classi er's prediction for the inpuk 2 RY where
¢RI [0:1F withc 1 representing the number of classes. Given the fundar{0; 1]°

[0;1F ! R.: that measures the distortion between the classi er's prediction for the original input

x and the 'distorted' inpuk, the all-ones initialization results D ( (x); (%)) =0 as we have

X = % Furthermore, letgag U (0; 1)¢ denote the mask initialized using the gradient-based

scheme as described in section 4. We aim to show that

Emg,ad;u vID( c(%); c(x)+ kmgrackl] KMoneK1 (25)

holds, where represents a hyperparameter balancing the trade-off between distortion and sparsity.
Sincemgpesis initialized with all ones, we havemgneks = d. Formgag U (0; 1)¢, the expected

value of thel;-norm is given byEn, ., [KMgraK1] = % Therefore, we can simplify the inequality as
follows:

Emgasu v [D(c(%); c(x)I+ 5d d (26)
Emgasu v [D(c(x); ()] 5d (27)

If we use anornk k, withp  1as a choice for the distortion functidh, we can upper bound the
expected distortion on the left-hand side of equation in the following way:
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Emgegu v D ( c09); c(X)] (1+@ 1Dic )F =d (28)

2
d . . . . P C

as ¢ : R®! [0;1]° for the classi cation setting we consider, where_, ;i (x) =1 for any

inputx 2 RY. Therefore, the gradient-based mask initialization has a lower expected loss in terms

of distortion and sparsitgt initialization, if

20+@2 1l 2)°
d

(29)
holds. In high-dimensional settings, which are typical for deep learning models and, consequently,

for mask-based explanation methods, this condition is generally satis ed.

This completes the proof.

18



Published as a conference paper at ICLR 2025

B PSEUDOCODE

B.1 GENERAL VERSION OF THESTARTGRAD ALGORITHM

While we assumed in the pseudocode for Algorithm 1 that we operate in the same inpukKspace
we outline in Algorithm 2 a more general version of the StartGrad algorithm, where we rst use an
invertible mapping- .

Algorithm 2: General version: Gradient-based Mask Initialization (StartGrad)

Input : Pre-trained classi er ¢, input sample$x; g\, with x; 2 RY, quantile
transformatiorT : RY | [0;1]9, invertible and differentiable function
F:RI!I RK
Hyperparameters: Output distributionJ(0; 1), number of quantiles (bins) far
Output : MasksM 2 [0; 1N @
Initialize mask listM :=[] and quantile transformér;
fori 1toN do
¢ argmax( ¢(x;)) // Class prediction
Si I fx;) c(Xi) ./l Gradient magnitudes
m; T (S;)// Quantile transform
Appendm; toM ;
end for
return M

Figure 2 visually illustrates the pseudocode.

Figure 2: Visual illustration of the StartGrad algorithm.

19



Published as a conference paper at ICLR 2025

C EXPERIMENTAL SETTINGS AND DETAILS

C.1 ViIsION

Here we describe the explanation methods used for the vision part of the experiments in more detail.
We use the same notation as already introduced in section 3.

For all vision experiments, we optimize the mask coef cients for 300 steps, using an Adam optimizer
(Kingma & Ba, 2014) with learning rate dfo *.

C.1.1 BRXELMAsK
The objective for the PixelMask model as rst introduced by Fong & Vedaldi (2017) is:

min Ey v [D( c(¥); c(X)]+ 1kmk; (30)
m2 [0;1]k

We set ; = 1, and estimate the expectation via Monte Carlo sampling across 16 samples, where we
draw the perturbation from an uniform distribution. In particular, we use an uniform noise from

[ ; + ],where and are the empirical mean and standard deviation of the pixel values of
the image as it is been done in (Kolek et al., 2022; 2023).

For the PixelMask (Fong & Vedaldi, 2017) model, we use 65,536 bins for the QTF function in
Algorithm 1 which equals the width and the height (256 by 256) of the images used for the pretrained
vision models.

C.1.2 SHEARLETX & WAVELETX

For the ShearletX (Kolek et al., 2023) and WaveletX model (Kolek et al., 2023), we utilized the
original implementations and follow their experimental setting closely.

With the same notation as used in section 3, Kolek et al. (2023) extend equation 30 in the following
manner:

omin Eu v D (0 o0+ skmka+ okFE T(m o ())k, (31)

wherex .= F I(m F (x)+(1 m) u) denotes now the distorted input image after applying the
mask in the transformed space. The WaveletX model uses fdr e discrete wavelet transform
(DWT), whereas the ShearletX makes use of the digital shearlet transform (Kutyniok et al., 2016;
Kolek et al., 2023). For the WaveletX we use the daubechies-3 as a mother wavelet with ve scales.

The expectation in 31 is approximated using Monte Carlo sampling using 16 samples where the
perturbation for scala and shearing is sampled uniformly fronf as; as T as] Here

as and s are the empirical standard deviation and mean of the image's shearlet coef cients at
scalea and shearing. In line with Kolek et al. (2023), we set for ShearletX=1 and , =2. For
WaveletX we set 1 =1 and , = 10. We use the mean-squared error as a choice for the distortion
functionD.

For the ShearletX and WaveletX (Kolek et al., 2023), we use 10,000 as the number of bins for the
former, and the following bins for each of the scales, 144, 16900, 4489, 1296, 400, 144 for the latter.

C.2 VISION EVALUATION METRICS

C.2.1 CP-L1AND CP-RXEL SCORE

As outlined in section 5, we use the conciseness-preciseness (CP) Pixel and L1 score rstintroduced
by Kolek et al. (2023) as quantitative performance metrics which are de ned as follows:
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Cp= Reta.uned. class -probabllllty (32)
Retained image information

where the numerator is de ned by:

Retained class probability CE:; (33)

Cc

while the denominator in case of the CP-Pixel is de ned as:
Retained image information Pixel M (34)

kx k]_
whereas for the CP-L1 we have:
Retained image information L& % (35)
1

wherec 2 RK represents the coef cients of the latent space such as the shearlet or wavelet space.
Note that for the PixelMask model, the CP-L1 and CP-Pixel metrics are identical as the masking is
only applied in the pixel space.

Given the aforementioned formulations of the CP scores, one can notice that these scores strive to
balance both, preciseness and sparsity of the explanation. Higher scores indicate superior masks
(Kolek et al., 2023).

C.2.2 WUSTIFICATION OFCP-L1AND CP-RXEL SCORE AS OPPOSED TO DELETION AND
INSERTION SCORE

Attribution methods like Integrated Gradients (Sundararajan et al., 2017) and SmoothGrad (Smilkov
et al., 2017) are typically evaluated using insertion and deletion scores. Unlike the mask-based
explanation methods in this study, they provide a clear feature importance ranking, usually in pixel

space. In contrast, mask-based methods do not inherently rank coef cient relevance but instead
optimize a binary, sparse mask using a relakedorm to approximate the idedd norm. This

binary nature complicates insertion and deletion scores, which require an ordered ranking. This
issue was previously highlighted by Kolek et al. (2023), who introduced CP-scores; we refer to their

work for further discussion.

To highlight the issues with using the insertion and deletion metrics to evaluate mask-based explana-
tion methods, we computed the faithfulness scores which is the difference between the former two
for PixelMask (Fong & Vedaldi, 2017), WaveletX, and ShearletX (Kolek et al., 2023) across mul-
tiple iterations, as shown in the following gure. As we can see from the gure 3 the faithfulness
scores decreases with increasing iteration steps across all three methods and all initializations and
reach their maximum scores at very early iterations steps which is in sharp contrast to the results
obtained using the CP-scores and also counterintuitive as this implies that the learned mask gets less
faithful over time. This illustrates the problem of faithfulness score which presumes an inherent
ordering of the mask values, even though the mask-based explanation methods optimize a relaxed
binary problem with no inherent ordering. For comparison reasons, we included two non-masked
based attribution methods Integrated Gradients (Sundararajan et al., 2017) and GradCAM (Selvaraju
etal., 2017)

For completeness, Table 4 includes a comparison between the two aforementioned gradient-based
methods and the mask-based explanation methods used in this study using the CP-Pixel and CP-L1
evaluation metric. The results clearly demonstrate that mask-based explanation methods consistently
outperform non-mask-based methods across all iteration steps. However, it is important to note that
mask-based methods, with their learned binary mask, are explicitly designed to balance distortion
and sparsity, giving them an advantage in this trade-off.
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(a) Faithfulness across iterations: PixelMask

(b) Faithfulness across iterations: WaveletX

(c) Faithfulness across iterations: ShearletX

Figure 3: Faithfulness scores across iteration for the PixelMask (Fong & Vedaldi, 2017) (a),
WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing three
initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dotted
line). For comparison reasons, we added two non-masked based explanation methods, i.e. Gradient-
weighted Class Activation Mapping (Grad-CAM) (Selvaraju et al., 2017) and Integrated Gradients
(Sundararajan et al., 2017). As these methods are not iteratively optimized, the faithfulness values
for these methods remain constant. The curves represent the interquartile mean (IQM) across 100
randomly selected ImageNet validation samples (Deng et al., 2009), evaluated with a pretrained
ResNet18 classi er (He et al., 2016).indicates that higher is better. We can see that the faithful-
ness score decreases across all methods and initializations over the course of optimization which is
counterintuitive and in contrast to the CP-scores, thereby illustrating the problem associated with
using faithfulness scores as an evaluation metric for mask-based explanation methods that do not
inherently order their mask-values according to importance.
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Table 4: Interquartile mean score (IQM) for the PixelMask (Fong & Vedaldi, 2017), WaveletX
(Kolek et al., 2023), ShearletX (Kolek et al., 2023), Integrated Gradients (IG) (Sundararajan et al.,
2017), Gradient-weighted Class Activation Mapping (Grad-CAM) (Selvaraju et al., 2017) of the
CP-Pixel and CP-L1 score across iteration steps. All mask-based methods are initialized with Start-
Grad. To map the gradient-based attributions (1G, GradCAM) into the desired raf@d pkither

a min-max normalization (Min-Max) or a quantile transformation function (QTF) were used. All
experiments use 500 randomly selected ImageNet (Deng et al., 2009) samples evaluated on a pre-
trained ResNet18 (He et al., 2016) classi er. For each metrindicates that higher is better, and

# that lower is better. Values that are two standard errors away from the second-best values are
highlighted in bold. As IG (Sundararajan et al., 2017) and GradCAM (Selvaraju et al., 2017) are
both methods that are not optimized iteratively, their scores remain constant across the shown iter-
ation steps. The CP-Pixel and CP-L1 scores differ only for the WaveletX (Kolek et al., 2023) and

ShearletX (Kolek et al., 2023), as only these methods operate also in a latent space.

Iteration steps

Metric Initialization 50 100 300
PixelMask 37395 1:119 51217 1:478 65766 1:767
WaveletX 48973 0:604 64551 0:809 77534 0:976
ShearletX 216:908 6:997 359:803 9:675 481:314 11:829

CP-Pixel" 1G (Min-Max) 3:237 0:015 3237 0:015 3237 0:015
IG (QTF) 2:037 0:001 2037 0:001 2037 0:001
GradCAM (Min-Max) 2:841 0:019 2841 0:.019 2841 0:.019
GradCAM (QTF) 1:987 0:004 1987 0:004 1987 0:004
PixelMask 37:395 1:119 51217 1:477 65766 1:767
WaveletX 11:208 0:128 14505 0:173 17484 0:204
ShearletX 123:791 4:760 199:193 6:384 270:438 7:931

CP-L1" IG (Min-Max) 3:237 0:.015 3237 0:.015 3237 0:.015
IG (QTF) 2:037 0:001 2037 0:001 2037 0:001
GradCAM (Min-Max) 2:841 0:019 2841 0:.019 2841 0:.019
GradCAM (QTF) 1:987 0:004 1987 0:004 1987 0:004

C.3 TIME SERIES

C.3.1 SATE DATASET

The dataset for the synthetic state dataset as introduced by Tonekaboni et al. (2020) generates data
according to a 2-state hidden Markov model (HMM). Ite2 [t : T] represent the discrete time
steps ands; 2 f 0;1g denote the speci ¢ states. For this dataset, the inp@ R® is generated
using a multivariate Normal distribution N ( s,; s, ), where the means, and the variance-
covariance matrix s, are dependent on the statesatIn particular, we sety = [0:1; 1:6; 0:5] and

1=[ 0:1; 04; 15]. The variance-covariance matrix is given by:

"o08 o1 aor’
= 001 08 00
001 00 08

The rst feature dimension is irrelevant for the lalyg] whereas the label is distributed as:

vyt  Bernoulli(p;)

(L +expl 2xz]) *
(L+exp[ 2xa]) *

ifsg =0

ifsg=1 (36)

pt:
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The transition probabilities are given by:

01 09

T= 001 09

with the starting state at= 0 being determined with equal probability, i.e= [ %; % .
For the experiments, we generate 1,000 time series, 800 for training, and 200 for testing.

C.3.2 SWITCH-FEATURE DATASET

Following the setup introduced by Tonekaboni et al. (2020), the switch-feature dataset uses a Gaus-
sian process mixture in place of the multivariate normal distribution with means

"08 05 02"
= 00 10 00
02 02 08

The Gaussian process over time is governed by a RBF kernel witl® :2, with marginal feature
set to 0.1 for all states. In a similar vein to the state dataset, the label is distributed as:

vyt Bernoulli(p;)

8
<@+exp[ X)) ! ifs =0
pt= . (L+exp[ 3xpt]) ' ifs =1 (37)
(L+expl 3xa]) ! oifs =2
The transition probabilities are given by:

095 002 @3 #
T= 002 095 003
0:03 002 @95
with the starting state at= 0 being determined with equal probability, i.e=[ %; %; 1].

For the experiments, we generate 1,000 time series, 800 for training, and 200 for testing.

C.4 EXTREMALMASK

ExtremalMask (Enguehard, 2023) is a mask-based explanation method speci cally designed for
multivariate time-series data and is de ned by:

min - D( c(x); o(x))+ 1kmky+ okf (X)kg (38)
m2[0;1]9T

wherex = m x+(1 m) f (x)andx 2 R*T whered is the input dimensionality, ar@l
represents the time dimension, respectively.

Equation 38 denotes the preservation game which aims to nd the sparsest mask that preserves the
most class probability. In the deletion game formulation of ExtremalMask (Enguehard, 2023), the
objective function is de ned as:

min D( <(%); <(0)+ 1k1I mky+ okf (X)kg (39)
m2 [0;1]9T ;

In line with the experiments conducted in Enguehard (2023), we use a one-layer, bidirectional GRU
(Cho et al., 2014) model with hidden dimensionality of 200 as choice fof th&urthermore, we
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use the Adam (Kingma & Ba, 2014) optimizer with learning ra@e . We run the ExtremalMask
(Enguehard, 2023) model for 500 iterations. We use the mean-squared error as a choice for the
distortion function.

As opposed to the original formulation of the distortion objective 39, we use a slightly modi ed
version of the objective which has shown to signi cantly boost the performance (Bant et al., 2024):

min D( ¢(®); c(0)+ 1k1 mky+ 2kf (X) xk% (40)
m2[0;1]9T ;

For all the experiments, we t a single layer one-directional GRU (Cho et al., 2014) as a baseline
classi cation model with hidden dimension 200 and train it for 50 epochs, batch size 128, learning
rate ofle 4 with the Adam (Kingma & Ba, 2014) optimizer. We minimize the cross-entropy loss
for training the GRU model.

For both time-series datasets, we use 600 (which is equal to the signal length times the feature
dimension) as the number of bins for the Quantile Transformation Function (QTF) in our StartGrad
algorithm 2.

C.5 TIME-SERIES EVALUATION METRICS
Given that the ground truth salient features are know in our synthetic dataset, we use the two standard

performance metric area under recall (AUR) and area under precision (AUP). We further evaluate
StartGrad using two additional metrics, information and mask entropy, with

X
v (A) = log(1 my;) (41)
ti 2A
forA [1:T] [1:dx]de ningthe information, and
X
Su (A) = mg; log(mg; ) + (1 mygi)log(l  my;) (42)
ti2A

the entropy respectively (Crabl& Van Der Schaar, 2021). A higher score indicates a better score
for information, whereas a lower score indicates a better performance with respect to entropy.

25



Published as a conference paper at ICLR 2025

D VISION EXPERIMENTS

D.1 DISTRIBUTION OF ABSOLUTE GRADIENT VALUES

Figure 4: Absolute gradient values for the input pixels for 100 randomly selected validation Ima-
geNet (Deng et al., 2009) samples using a pretrained ResNet18 (He et al., 2016) model. Here, the
gradient was taken with respect to the class prediction.

Figure 5: Absolute gradient values in the shearlet domain for the input pixels for 100 randomly
selected validation ImageNet (Deng et al., 2009) samples using a pretrained ResNet18 (He et al.,
2016) model. Here, the gradient was taken with respect to the class prediction.

D.2 RUNTIME ANALYSIS

On a Apple Macbook Pro with a M1 chip, we ran the StartGrad algorithm for all three vision models,
i.e. PixelMask (Fong & Vedaldi, 2017), WaveletX (Kolek et al., 2023) and ShearletX (Kolek et al.,
2023) across 100 randomly selected ImageNet validation samples (Deng et al., 2009) and obtain the
following average runtime (in seconds):

* PixelMask: 3.62s
* WaveletX: 0.72s
* ShearletX: 1.31s
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D.3 ADDITIONAL FIGURES FORVISION EXPERIMENTS

(a) PixelMask: CP-Pixel (b) PixelMask: CP-LT'
(c) WaveletX: CP-Pixel (d) WaveletX: CP-LI'
(e) ShearletX: CP-Pixel (f) ShearletX: CP-LT'

Figure 6: Comparison of StartGrad initialization (ours) with standard baseline initialization schemes
for the PixelMask (Fong & Vedaldi, 2017) ( rst row), WaveletX (Kolek et al., 2023) (second row)

and ShearletX (Kolek et al., 2023) (third row). Baseline refers to the originally used initialization
scheme for the respective mask explanation method. The solid line represents the average of the
interquartile mean (IQM) performance across 500 randomly selected validation ImageNet (Deng
et al., 2009) samples, while the shaded area denotes the standard errors respetiielytes that

higher is better, an#t that lower is better. We use a pretrained ResNet18 (He et al., 2016) classi er.

27



Published as a conference paper at ICLR 2025

(a) PixelMask: CP-L1

(b) WaveletX: CP-L1

(c) ShearletX: CP-L1

Figure 7: Normalized CP-L1 score vs. iteration steps for the PixelMask (Fong & Vedaldi, 2017)
(a), WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing
three initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dot-
ted line). The curves represent the average number of iteration steps needed to reach a normalized
target CP-L1 score. This target score is de ned as the highest CP-L1 value achieved across all three
initialization methods for each model, then normalized by the overall maximum score observed. The
shaded regions represent the standard error across 500 randomly selected ImageNet validation sam-
ples (Deng et al., 2009)xs, with a pretrained ResNet18 (He et al., 2016) classi er. StartGrad enables
all three models to achieve target scores with fewer iterations compared to standard initialization
schemes, with the effect being most notable for ShearletX (Kolek et al., 2023).
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E TIME-SERIESEXPERIMENTS

In this section, the main results from the time-series experiments are presented which were omitted
from the main text for the sake of brevity. A complete description of the datasets, models, hyperpa-
rameters and metrics used can be found in the Appendix C.3.

E.1 HGURES

E.1.1 SATE DATASET

(a) State: Preservation game

(b) State: Deletion game

Figure 8: Comparison of the performance of the StartGrad (ours), all-ones and uniform (baseline)
initialization on the state synthetic dataset. A one-layer GRU (Cho et al., 2014) is employed as a clas-
si er, whereas the ExtremalMask (Enguehard, 2023) is used as a mask-based explanation method.
The rst panel (a) shows the results for the preservation game formulation of the ExtremalMask
(Enguehard, 2023) model, where the goal is to preserve class probability as possible, while return-
ing a sparse mask. The second panel (b) shows the results for the deletion game formulation of the
ExtremalMask (Enguehard, 2023) model, where the objective is to nd the least possible changes
to the original input that distorts the class probability maximally. The solid line represents the av-
erage across ve runs, with the shaded area highlighting the standard deviation. The preservation
and deletion games objective versions are shown for both datasets. For each"niadizates that

higher is better, an#é that lower is better.
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E.1.2 SWITCH-FEATURE DATASET

(a) Switch: Preservation game

(b) Switch: Deletion game

Figure 9: Comparison of the performance of the StartGrad (ours), all-ones and uniform (baseline)
initialization on the switch-feature synthetic dataset. A one-layer GRU (Cho et al., 2014) is em-
ployed as a classi er, whereas the ExtremalMask (Enguehard, 2023) is used as a mask-based expla-
nation method. The rst panel (a) shows the results for the preservation game formulation of the
ExtremalMask (Enguehard, 2023) model, where the goal is to preserve class probability as possi-
ble, while returning a sparse mask. The second panel (b) shows the results for the deletion game
formulation of the ExtremalMask (Enguehard, 2023) model, where the objective is to nd the least
possible changes to the original input that distorts the class probability maximally. The solid line
represents the average across ve runs, with the shaded area highlighting the standard deviation. The
preservation and deletion games objective versions are shown for both datasets. For each metric,
indicates that higher is better, attdhat lower is better.
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E.2 AVERAGE PERFORMANCE RESULTS

E.2.1 SATE DATASET

Table 5. Average performance for the ExtremalMask (Enguehard, 2023) explanation method
(preservation game objective) across iteration steps for the state dataset when initialized with Start-
Grad, all-ones and uniformly. The reported numbers are the mean and standard deviation across ve
folds. For each metric, indicates that higher is better, adhat lower is better. Baseline refers

to the initialization scheme originally used for the respective mask explanation method. Outcomes
that are one standard deviation away from the second-best one are highlighted in bold.

Iteration steps

Metric Initialization 50 100 300 500
Uniform (baseline) 0.719 0.016 0.800 0.013 0.855 0.008 0.856 0.008
AUP" All-ones 0.879 0.006 0.847 0.008 0.860 0.007 0.860 0.007

StartGrad (ours) 0.840 0.007 0.862 0.007 0.861 0.008 0.861 0.007

Uniform (baseline) 0.694 0.011 0.728 0.009 0.741 0.010 0.742 0.010
AUR" All-ones 0.691 0.013 0.755 0.010 0.745 0.010 0.745 0.010
StartGrad (ours) 0.794 0.007 0.749 0.010 0.746 0.010 0.746 0.010

Uniform (baseline) 1.034 0.052 2.923 0.122 3.485 0.059 3.505 0.061
I [10°]"  All-ones 2.599 0.125 3.398 0.074 3.532 0.064 3.532 0.066
StartGrad (ours) 3.538 0.074 3.538 0.060 3.545 0.059 3.544 0.059

Uniform (baseline) 1.914 0.137 0.921 0.060 0.735 0.027 0.729 0.027
E[10*]1# All-ones 1.473 0.075 1.047 0.037 0.729 0.027 0.726 0.026
StartGrad (ours)  1.232 0.055 0.753 0.033 0.720 0.027 0.720 0.027

Table 6: Average performance for the ExtremalMask (Enguehard, 2023) explanation method (dele-
tion game objective) across iteration steps for the state dataset when initialized with StartGrad,
all-ones and uniformly. The reported numbers are the mean and standard deviation across ve folds.
For each metric; indicates that higher is better, akdhat lower is better. Baseline refers to the
initialization scheme originally used for the respective mask explanation method. Outcomes that are
one standard deviation away from the second-best one are highlighted in bold.

Iteration steps

Metric Initialization 50 100 300 500
Uniform (baseline) 0.630 0.029 0.712 0.024 0.821 0.028 0.870 0.026
AUP" All-ones 0.824 0.017 0.895 0.017 0.909 0.022 0.916 0.022

StartGrad (ours) 0.843 0.018 0.895 0.024 0.917 0.025 0.925 0.025

Uniform (baseline) 0.673 0.012 0.717 0.011 0.754 0.011 0.752 0.009
AUR" All-ones 0.481 0.020 0.600 0.011 0.747 0.011 0.752 0.010
StartGrad (ours)  0.815 0.004 0.763 0.007 0.754 0.009 0.754 0.009

Uniform (baseline) 1.072 0.049 3.948 0.064 4.326 0.032 4.377 0.039
[[10°]"  All-ones 0.739 0.052 0.891 0.030 4.340 0.042 4.395 0.042
StartGrad (ours) 4.415 0.037 4.416 0.042 4.416 0.041 4.413 0.040

Uniform (baseline) 1.536 0.053 0.479 0.019 0.348 0.048 0.283 0.037
E[10*1# All-ones 1.632 0.119 1.875 0.135 0.287 0.036 0.264 0.341
StartGrad (ours) 0.932 0.016 0.350 0.015 0.261 0.031 0.260 0.032
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E.2.2 SWITCH-FEATURE DATASET

Table 7: Average performance for the ExtremalMask (Enguehard, 2023) explanation method (dele-

tion game objective) across iteration steps for the switch-feature dataset when initialized with Start-

Grad, all-ones and uniformly. The reported numbers are the mean and standard deviation across ve
folds. For each metric; indicates that higher is better, akdhat lower is better. Baseline refers

to the initialization scheme originally used for the respective mask explanation method. Outcomes

that are one standard deviation away from the second-best one are highlighted in bold.

Iteration steps

Metric Initialization 50 100 300 500
Uniform (baseline) 0.825 0.025 0.875 0.041 0.913 0.071 0.932 0.078
AUP " All-ones 0.762 0.016 0.705 0.047 0.764 0.013 0.755 0.015

StartGrad (ours)  0.869 0.007 0.908 0.019 0.936 0.048 0.948 0.048

Uniform (baseline) 0.629 0.017 0.622 0.017 0.631 0.027 0.629 0.029
AUR" All-ones 0.695 0.038 0.545 0.026 0.563 0.012 0.547 0.013
StartGrad (ours)  0.693 0.011 0.634 0.013 0.629 0.024 0.628 0.029

Uniform (baseline) 0.781 0.052 1.532 0.112 2.232 0.217 2.248 0.241
I [10°]"  All-ones 0.923 0.128 0.559 0.053 1.410 0.037 1.548 0.058
StartGrad (ours) 1.734 0.103 2.046 0.072 2.211 0.155 2.220 0.168

Uniform (baseline) 2.639 0.163 1.842 0.077 1.410 0.082 1.378 0.074
E[10°1# All-ones 2.411 0.210 3.006 0.072 1985 0.053 1.717 0.051
StartGrad (ours)  2.399 0.044 1.680 0.065 1.398 0.073 1.366 0.060
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F ADDITIONAL ABLATION STUDIES

F.1 VISION EXPERIMENTS WITHVGG16AS BASELINE MODEL

F.1.1 HGURES FOR THEVGG16EXPERIMENT

(a) PixelMask: CP-Pixel (b) PixelMask: CP-LT'
(c) WaveletX: CP-Pixet (d) WaveletX: CP-LI"
(e) ShearletX: CP-Pixel (f) ShearletX: CP-LT'

Figure 10: Comparison of StartGrad initialization (ours) with standard baseline initialization
schemes for the PixelMask (Fong & Vedaldi, 2017) ( rst row), WaveletX (Kolek et al., 2023) (sec-
ond row) and ShearletX (Kolek et al., 2023) (third row) explanation models. Baseline refers to the
originally used initialization scheme for the respective mask explanation method. The solid line
represents the average of the interquartile mean (IQM) performance across 500 randomly selected
validation ImageNet (Deng et al., 2009) samples, while the shaded area denotes the standard errors
respectively. For each metrit,ndicates that higher is better, a#tdhat lower is better. We employ

a pretrained VGG16 (Simonyan & Zisserman, 2014) model as a classi er.
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(a) PixelMask: CP-Pixel (b) WaveletX: CP-Pixel

(c) ShearletX: CP-Pixel

Figure 11: Normalized CP-Pixel score vs. iteration steps for the PixelMask (Fong & Vedaldi, 2017)
(a), WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing
three initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dot-
ted line). The curves represent the average number of iteration steps needed to reach a normalized
target CP-L1 score. This target score is de ned as the highest CP-L1 value achieved across all three
initialization methods for each model, then normalized by the overall maximum score observed.
The shaded regions represent the standard error across 500 randomly selected ImageNet validation
samples (Deng et al., 2009), with a pretrained VGG16 (Simonyan & Zisserman, 2014) classi er.
StartGrad allows all three models to reach target scores in fewer iterations than the uniform initial-
ization. Compared to all-ones initialization, it accelerates PixelMask (Fong & Vedaldi, 2017) and
ShearletX (Kolek et al., 2023) while performing slightly worse for WaveletX (Kolek et al., 2023) for
medium to high scores.
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(a) PixelMask: CP-L1 (b) WaveletX: CP-L1

(c) ShearletX: CP-L1

Figure 12: Normalized CP-L1 score vs. iteration steps for the PixelMask (Fong & Vedaldi, 2017)
(a), WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing
three initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dot-
ted line). The curves represent the average number of iteration steps needed to reach a normalized
target CP-L1 score. This target score is de ned as the highest CP-L1 value achieved across all three
initialization methods for each model, then normalized by the overall maximum score observed.
The shaded regions represent the standard error across 500 randomly selected ImageNet validation
samples (Deng et al., 2009), with a pretrained VGG16 (Simonyan & Zisserman, 2014) classi er.
StartGrad allows all three models to reach target scores in fewer iterations than the uniform initial-
ization. Compared to all-ones initialization, it accelerates PixelMask (Fong & Vedaldi, 2017) and
ShearletX (Kolek et al., 2023) while performing slightly worse for WaveletX (Kolek et al., 2023) for
medium to high scores.
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F.2 COMPARISONPERFORMANCEDIFFERENCESSTARTGRAD VS. BASELINES

Table 8: Median pairwise performance difference between StartGrad and baseline initialization
methods across different iteration steps for 500 randomly selected validation ImageNet (Deng et al.,
2009) samples using a VGG16 (Simonyan & Zisserman, 2014) classi er. Baseline refers to the
originally used initialization scheme for the respective mask explanation method. Statistical signi -
cance is denoted by **, ** and * at the 1%, 5%, and 10% levels, respectively, based on an one-sided
Wilcoxon signed-rank test with Bonferroni correction at the method and metric level. Since Pixel-
Mask (Fong & Vedaldi, 2017) does only apply a mask to the pixel space, the CP-Pixel and CP-L1
scores are identical.

4 CP-Pixel" 4 CP-L1"
Iteration steps Iteration steps
Method Baseline initialization 50 100 300 50 100 300
, All-ones (baseline) 2:29™ 2047 165" 2:29™ 2:04™ 1.65"
PixelMask ;iform 260" 406" 333" 260" 406" 333"
All-ones (baseline) 3:61™ 088 0:11 111" 052" 010
WaveletX jpitorm 256" 204" 282" 0.85" 067" 085"
Shearletx  All-ones (baseline) 18031™ 45465™ 767:72™ 5522™ 19211™ 351:26™
Uniform 17349™ 46295™ 77024™ 52:93™ 201:90™ 37077

Table 9: Average iteration steps required for the ShearletX (Kolek et al., 2023) method initialized
with StartGrad to match the corresponding performance of the same method initialized with all-ones
or uniform. The table reports the time (in iteration steps) needed to match the interquartile mean
(IQM) and median performance of the CP-Pixel and CP-L1 score obtained. Additionally, speedup
is calculated as the ratio between the baseline iteration steps and the time taken under StartGrad
initialization. All experiments use 500 random ImageNet (Deng et al., 2009) samples evaluated on
a pretrained VGG16 (Simonyan & Zisserman, 2014) classi er. The target metrics are obtained for
running the ShearletX method across 300 iteration steps. To obtain the average and standard error,
we use bootstrapping across 250 resampled sets. For each rhétdicates that higher is better,

and# that lower is better. Values that are 2 standard errors away from the baseline values (300 for
iteration, 1 for speedup) are highlighted in bold.

Target metric CP-Pixel CP-L1
Reference (at 300 iterations) : :
lterations#  Speedup Iterations#  Speedup
All-ones  IQM 3310 155 9.05 042 4143 230 7.24 0.40
(baseline) Median 36.75 257 818 0.58 48.82 4.08 6.17 0.52
Uniform IQM 3258 150 9.20 0.42 40.79 2.23 7.35 0.40
Median 36.23 249 8.29 058 48.20 4.02 6.25 0.53
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F.3 VISION EXPERIMENTS WITH SWIN TRANSFORMER AS BASELINE MODEL

F.3.1 HGURES FOR THESWIN TRANSFORMER EXPERIMENT

(a) PixelMask: CP-Pixel (b) PixelMask: CP-LT'
(c) WaveletX: CP-Pixel (d) WaveletX: CP-L1'
(e) ShearletX: CP-Pixél (f) ShearletX: CP-LT'

Figure 13: Comparison of StartGrad initialization (ours) with standard baseline initialization
schemes for the PixelMask (Fong & Vedaldi, 2017) ( rst row), WaveletX (Kolek et al., 2023) (sec-
ond row) and ShearletX (Kolek et al., 2023) (third row) explanation models. Baseline refers to the
originally used initialization scheme for the respective mask explanation method. The solid line
represents the average of the interquartile mean (IQM) performance across 250 randomly selected
validation ImageNet (Deng et al., 2009) samples, while the shaded area denotes the standard errors
respectively. For each metrit,jndicates that higher is better, attidhat lower is better. We employ

a pretrained Swin Transformer (Liu et al., 2022) model as a classi er.
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(a) PixelMask: CP-Pixel (b) WaveletX: CP-Pixel

(c) ShearletX: CP-Pixel

Figure 14: Normalized CP-Pixel score vs. iteration steps for the PixelMask (Fong & Vedaldi, 2017)
(a), WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing
three initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dot-
ted line). The curves represent the average number of iteration steps needed to reach a normalized
target CP-Pixel score. This target score is de ned as the highest CP-Pixel value achieved across
all three initialization methods for each model, then normalized by the overall maximum score ob-
served. The shaded regions represent the standard error across 250 randomly selected ImageNet
validation samples (Deng et al., 2009), with a pretrained Swin Transformer (Liu et al., 2022) clas-

si er. StartGrad enables all three models to achieve target scores with fewer iterations compared to
uniform initialization scheme. Compared to the all-ones initialization, StartGrad enables to achieve
target scores with fewer iterations for the WaveletX (Kolek et al., 2023) and ShearletX (Kolek et al.,
2023) model, and performs on par for the PixelMask (Fong & Vedaldi, 2017) model.
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(a) PixelMask: CP-L1 (b) WaveletX: CP-L1

(c) ShearletX: CP-L1

Figure 15: Normalized CP-L1 score vs. iteration steps for the PixelMask (Fong & Vedaldi, 2017)
(a), WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing
three initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dot-
ted line). The curves represent the average number of iteration steps needed to reach a normalized
target CP-L1 score. This target score is de ned as the highest CP-L1 value achieved across all three
initialization methods for each model, then normalized by the overall maximum score observed.
The shaded regions represent the standard error across 250 randomly selected ImageNet validation
samples (Deng et al., 2009), with a pretrained Swin Transformer (Liu et al., 2022) classi er. Start-
Grad enables all three models to achieve target scores with fewer iterations compared to uniform
initialization scheme. Compared to the all-ones initialization, StartGrad enables to achieve target
scores with fewer iterations for the WaveletX (Kolek et al., 2023) and ShearletX (Kolek et al., 2023)
model, and performs on par for the PixelMask (Fong & Vedaldi, 2017) model.
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F.4 VISION EXPERIMENTS WITHVISION TRANSFORMER AS BASELINE MODEL

F.4.1 HGURES FOR THEVISION TRANSFORMER EXPERIMENT

(a) PixelMask: CP-Pixel (b) PixelMask: CP-LT'
(c) WaveletX: CP-Pixel (d) WaveletX: CP-L1'
(e) ShearletX: CP-Pixél (f) ShearletX: CP-LT'

Figure 16: Comparison of StartGrad initialization (ours) with standard baseline initialization
schemes for the PixelMask (Fong & Vedaldi, 2017) ( rst row), WaveletX (Kolek et al., 2023) (sec-
ond row) and ShearletX (Kolek et al., 2023) (third row) explanation models. Baseline refers to the
originally used initialization scheme for the respective mask explanation method. The solid line
represents the average of the interquartile mean (IQM) performance across 100 randomly selected
validation ImageNet (Deng et al., 2009) samples, while the shaded area denotes the standard errors
respectively. For each metrit,jndicates that higher is better, attidhat lower is better. We employ

a pretrained Vision Transformer model (Dosovitskiy et al., 2021) model as a classi er.
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(a) PixelMask: CP-Pixel (b) WaveletX: CP-Pixel

(c) ShearletX: CP-Pixel

Figure 17: Normalized CP-Pixel score vs. iteration steps for the PixelMask (Fong & Vedaldi, 2017)
(a), WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing
three initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dot-
ted line). The curves represent the average number of iteration steps needed to reach a normalized
target CP-Pixel score. This target score is de ned as the highest CP-Pixel value achieved across
all three initialization methods for each model, then normalized by the overall maximum score ob-
served. The shaded regions represent the standard error across 100 randomly selected ImageNet
validation samples (Deng et al., 2009), with a Vision Transformer model (Dosovitskiy et al., 2021)
classi er. StartGrad enables all three models to achieve target scores with fewer iterations com-
pared to uniform initialization scheme. Compared to the all-ones initialization, StartGrad enables to
achieve target scores with fewer iterations for the PixelMask (Fong & Vedaldi, 2017) and ShearletX
(Kolek et al., 2023) model, and performs on par for the WaveletX (Kolek et al., 2023) model.
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(a) PixelMask: CP-L1 (b) WaveletX: CP-L1

(c) ShearletX: CP-L1

Figure 18: Normalized CP-L1 score vs. iteration steps for the PixelMask (Fong & Vedaldi, 2017) (a),
WaveletX (Kolek et al., 2023) (b), and ShearletX (Kolek et al., 2023) (c) models, comparing three
initialization methods: StartGrad (ours) (solid line), All-ones (dashed line), and Uniform (dotted
line). The curves represent the average number of iteration steps needed to reach a normalized
target CP-L1 score. This target score is de ned as the highest CP-L1 value achieved across all three
initialization methods for each model, then normalized by the overall maximum score observed. The
shaded regions represent the standard error across 100 random ImageNet validation samples (Deng
et al., 2009), with a Vision Transformer model (Dosovitskiy et al., 2021) classi er. StartGrad allows

all three models to reach target scores in fewer iterations than the uniform initialization. Compared
to all-ones initialization, it accelerates PixelMask (Fong & Vedaldi, 2017) and ShearletX (Kolek

et al., 2023) while performing on par with WaveletX (Kolek et al., 2023).
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F.5 EFFECT OF NOISY GRADIENTS ONSTARTGRAD

(a) PixelMask: CP-Pixel (b) PixelMask: CP-LT'
(c) WaveletX: CP-Pixel (d) WaveletX: CP-LI'
(e) ShearletX: CP-Pixel (f) ShearletX: CP-LT'

Figure 19: Investigation of StartGrad's robustness to noisy gradients by progressively multiply-
ing the gradient with Gaussian noise of increasing standard deviation for the PixelMask (Fong &
Vedaldi, 2017) ( rst row), WaveletX (Kolek et al., 2023) (second row) and ShearletX (Kolek et al.,
2023) (third row) explanation models. The solid line represents the average of the interquartile mean
(IQM) performance across 500 randomly selected validation ImageNet (Deng et al., 2009) samples,
while the shaded area denotes the standard errors respectivetiicates that higher is better, and

# that lower is better. We use a pretrained ResNet18 (He et al., 2016) classi er.
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F.6 IMPACT OF GRADIENT-BASED INITIALIZATION ON DISTORTION AND SPARSITY
DYNAMICS FOR PIXELMASK

(a) PixelMask: Retained probability

(b) PixelMask: Retained information Pix#l

Figure 20: Overview of optimization dynamics of retained probability (a), measured as the ratio
between the masked input prediction and the original prediction, and retained information (in pixel
space) (b), for the StartGrad (ours) and uniform initialization method, using the PixelMask (Fong
& Vedaldi, 2017) model. We employ a pretrained ResNet18 (He et al., 2016) model as a classi-
er. The solid lines represent the average performance across 500 randomly selected ImageNet
validation samples (Deng et al., 2009). For each metrindicates that higher is better, adhat

lower is better. Results indicate that the gradient-information that StartGrad uses to initialize the
mask guides the mask-based explanation method effectively to achieve minimal distortion (as in-
dicated by high retained probability) early in the optimization process, consistent with theoretical
predictions. However, this comes at the cost of reduced sparsity, as evidenced by higher retained
information (b). In contrast, uniform initialization exhibits better sparsity (lower retained informa-
tion) but struggles to retain critical information as indicated by comparable low retained probability,
highlighting a trade-off between higher retained probability and increased sparsity. The optimization
dynamics further reveal that the early iteration steps are especially crucial for retaining probability,
as the mask-based explanation methods quickly converge in terms of retained probability for both
initialization schemes. This behavior underscores the importance of leveraging gradient signals for
ef cient initialization, achieving a favorable starting point for optimization in terms of minimal dis-
tortion (high retained probability).
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F.7 IMPACT OF GRADIENT-BASED INITIALIZATION ON DISTORTION AND SPARSITY
DYNAMICS FOR WAVELETX

(a) WaveletX: Retained probability

(b) WaveletX: Retained information L#

Figure 21: Overview of optimization dynamics of retained probability (a), measured as the ratio
between the masked input prediction and the original prediction, and retained inforntat)qb,

for the StartGrad (ours) and uniform initialization method, using the WaveletX model (Kolek et al.,
2023). We employ a pretrained ResNet18 (He et al., 2016) model as a classi er. The solid lines
represent the average performance across 500 randomly ImageNet validation (Deng et al., 2009)
samples. For each metritjndicates that higher is better, attdhat lower is better. Results indicate

that the gradient-information that StartGrad uses to initialize the mask guides the mask-based expla-
nation method effectively to achieve minimal distortion (as indicated by high retained probability)
early in the optimization process, consistent with theoretical predictions. However, this comes at
the cost of reduced sparsity, as evidenced by higher retained information (b). In contrast, uniform
initialization exhibits better sparsity (lower retained information) but struggles to retain critical infor-
mation as indicated by comparable low retained probability, highlighting a trade-off between higher
retained probability and increased sparsity. The optimization dynamics further reveal that the early
iteration steps are especially crucial for retaining probability, as the mask-based explanation meth-
ods quickly converge in terms of retained probability for both initialization schemes. This behavior
underscores the importance of leveraging gradient signals for ef cient initialization, achieving a fa-
vorable starting point for optimization in terms of minimal distortion (high retained probability).
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F.8 IMPACT OF GRADIENT-BASED INITIALIZATION ON DISTORTION AND SPARSITY
DYNAMICS FOR SHEARLETX

(a) ShearletX: Retained probability

(b) ShearletX: Retained information £

Figure 22: Overview of optimization dynamics of retained probability (a), measured as the ratio
between the masked input prediction and the original prediction, and retained inforntat)qb,

for the StartGrad (ours) and uniform initialization method, using the ShearletX model (Kolek et al.,
2023). We employ a pretrained ResNet18 (He et al., 2016) model as a classi er. The solid lines
represent the average performance across 500 randomly selected ImageNet (Deng et al., 2009) vali-
dation samples. For each metricindicates that higher is better, a#tdhat lower is better. Results
indicate that the gradient-information that StartGrad uses to initialize the mask guides the mask-
based explanation method effectively to achieve minimal distortion (as indicated by high retained
probability) early in the optimization process, consistent with theoretical predictions. However, this
comes at the cost of reduced sparsity, as evidenced by higher retained information (b). In contrast,
uniform initialization exhibits better sparsity (lower retained information) but struggles to retain
critical information as indicated by comparable low retained probability, highlighting a trade-off be-
tween higher retained probability and increased sparsity. The optimization dynamics further reveal
that the early iteration steps are especially crucial for retaining probability, as the mask-based ex-
planation methods quickly converge in terms of retained probability for both initialization schemes.
This behavior underscores the importance of leveraging gradient signals for ef cient initialization,
achieving a favorable starting point for optimization in terms of minimal distortion (high retained
probability).
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F.9 EFFECT OF UNINFORMATIVE AND ADVERSARIAL GRADIENTS ONSTARTGRAD

(a) WaveletX: CP-Pixel

(b) WaveletX: CP-L1"

Figure 23: Investigation of the robustness of StartGrad initialization under scenarios where gradients
are either uninformative or adversarial (misleading) for the WaveletX model (Kolek et al., 2023). In
the uninformative setting, gradient values were randomly shuf ed to destroy their structural signal,
effectively rendering them meaningless for guiding mask initialization. In the adversarial setting,
the correspondence between gradient values and mask initialization values was reversed, such that
features with higher gradient values were assigned lower mask values and vice versa.The solid line
represents the average of the interquartile mean (IQM) performance across 250 randomly selected
validation ImageNet (Deng et al., 2009) samples, while the shaded area denotes the standard errors
respectively. For each metritjndicates that higher is better, atithat lower is better. We employ a
pretrained ResNet18 (He et al., 2016) model as a classi er. Results reveal that under uninformative
gradient conditions, StartGrad's performance is comparable to the baseline uniform initialization,
indicating that StartGrad relies on meaningful gradient signals to offer an advantage. In the ad-
versarial setting, performance degradation highlights the importance of smart initialization, as the
algorithm struggles to recover from a poorly initialized mask during optimization. These ndings
emphasize the critical role of robust and informed initialization in achieving optimal performance.
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F.10 BEFECT OF USING DIFFERENT GRADIENT METHODS OSTARTGRAD

(a) PixelMask: CP-Pixel (b) PixelMask: CP-LI'
(c) WaveletX: CP-Pixet (d) WaveletX: CP-L1"
(e) ShearletX: CP-Pixél (f) ShearletX: CP-LT'

Figure 24: Effect of using a more advanced gradient-based saliency method (here SmoothGrad
(Smilkov et al., 2017)) in connection with our proposed StartGrad algorithm for the PixelMask (Fong
& Vedaldi, 2017) ( rst row), WaveletX (Kolek et al., 2023) (second row) and ShearletX (Kolek et al.,
2023) (third row) explanation models. The solid line represents the average of the interquartile mean
(IQM) performance across 500 randomly selected validation ImageNet (Deng et al., 2009) samples,
while the shaded area denotes the standard errors respectively. For each'miatticates that

higher is better, anét that lower is better. We employ a pretrained ResNet18 (He et al., 2016) model
as a classi er.
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F.11 BEFECT OF USING A DIFFERENT TRANSFORMATION FUNCTION INSTEAD OQTF

(a) PixelMask: CP-Pixel (b) PixelMask: CP-LT'
(c) WaveletX: CP-Pixet (d) WaveletX: CP-L1"
(e) ShearletX: CP-Pixel (f) ShearletX: CP-LT'

Figure 25: Effect of using a different transformation function in place of the proposed quantile
transformation function (QTF) for the PixelMask (Fong & Vedaldi, 2017) ( rst row), WaveletX
(Kolek et al., 2023) (second row) and ShearletX (Kolek et al., 2023) (third row). We took the square
root before the min-max scaling to account for the skewness typically observed in the dataset used
(see section D). The solid line represents the average of the interquartile mean (IQM) performance
across 500 randomly selected validation ImageNet (Deng et al., 2009) samples, while the shaded
area denotes the standard errors respectiveipdicates that higher is better, a#dhat lower is

better. We employ a pretrained ResNet18 (He et al., 2016) model as a classi er.
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F.12 BEFECT OF VARYING 1 FORPIXELMASK

(a) StartGrad (ours): CP-Pixél (b) StartGrad (ours): CP-L1
(c) Uniform: CP-Pixel' (d) Uniform: CP-L1"
(e) All-ones (baseline): CP-Pix&l (f) All-ones (baseline): CP-L1

Figure 26: Effect of varying the; hyperparameter for the PixelMask (Fong & Vedaldi, 2017) model
initialized with StartGrad ( rst row), uniform (second row) and all-ones (third row) on the interquar-
tile mean (IQM) performance across 250 randomly selected validation ImageNet (Deng et al., 2009)
samples for the CP-Pixel score ( rst column) and the CP-L1 score (second column). For each met-
ric, " indicates that higher is better, asidhat lower is better. We employ a pretrained ResNet18
(He et al., 2016) model as a classi er. Note that the CP-Pixel score is identical to the CP-L1 score
as PixelMask (Fong & Vedaldi, 2017) framework does not apply the mask to a latent representation.
Increasing ;1 improves the CP-L1 and CP-Pixel metric across all initialization methods.
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F.13 RXELMASK PERFORMANCE 1 =10

(a) PixelMask: CP-Pixel

(b) PixelMask: CP-LT'

Figure 27: Comparison of StartGrad initialization (ours) with standard baseline initialization
schemes for the PixelMask (Fong & Vedaldi, 2017) model fepr= 10. The solid line repre-

sents the average of the interquartile mean (IQM) CP-Pixel (a) and CP-L1 (b) performance across
250 randomly selected validation ImageNet (Deng et al., 2009) samples, while the shaded area de-
notes the standard errors respectively. For each métiigjicates that higher is better, adhat

lower is better. The CP-Pixel score is identical to the CP-L1 score as the mask-based model does
not apply the mask to a latent representation. We employ a pretrained ResNet18 model (He et al.,
2016) model as a classi er. We see that compared to all-ones and uniform, StartGrad leads to a
performance boost.
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F.14 BFECT OF VARYING 1 FORWAVELETX

(a) StartGrad (ours): CP-Pixél (b) StartGrad (ours): CP-L1
(c) Uniform: CP-Pixel' (d) Uniform: CP-L1"
(e) All-ones (baseline): CP-Pix&l (f) All-ones (baseline): CP-L1

Figure 28: Effect of varying the; hyperparameter for the WaveletX (Kolek et al., 2023) model ini-
tialized with StartGrad ( rst row), uniform (second row) and all-ones (third row) on the interquartile
mean (IQM) performance across 500 randomly selected validation ImageNet (Deng et al., 2009)
samples for the CP-Pixel score ( rst column) and the CP-L1 score (second column). For each met-
ric," indicates that higher is better, attithat lower is better. We employ a pretrained ResNet18 (He

et al., 2016) model as a classi er. Increasingimproves the CP-L1 metric across all initialization
methods, but decreases the CP-Pixel metric. The hyperparameter choice=cf and , = 10
therefore represents the middle ground with respect to CP performance.
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F.15 BEFECT OF VARYING 2 FORWAVELETX

(a) StartGrad (ours): CP-Pixél (b) StartGrad (ours): CP-L1
(c) Uniform: CP-Pixel' (d) Uniform: CP-L1"
(e) All-ones: CP-Pixet (f) All-ones: CP-L1"

Figure 29: Effect of varying the, hyperparameter for the WaveletX (Kolek et al., 2023) model ini-
tialized with StartGrad ( rst row), uniform (second row) and all-ones (third row) on the interquartile
mean (IQM) performance across 500 randomly selected validation ImageNet (Deng et al., 2009)
samples for the CP-Pixel score ( rst column) and the CP-L1 score (second column). For each met-
ric, " indicates that higher is better, asidhat lower is better. We employ a pretrained ResNet18
(He et al., 2016) model as a classi er. Increasing thémproves the scores across all initialization
methods. The hyperparameter choice pf=1 and , = 10 leads to the best overall performance
across all initialization methods.
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F.16 BEFECT OF VARYING 1 FORSHEARLETX

(a) StartGrad (ours): CP-Pixél (b) StartGrad (ours): CP-L1
(c) Uniform: CP-Pixel' (d) Uniform: CP-L1"
(e) All-ones: CP-Pixet (f) All-ones: CP-L1"

Figure 30: Effect of varying the; hyperparameter for the ShearletX model initialized with Start-
Grad ( rst row), uniform (second row) and all-ones (third row) on the interquartile mean (IQM)
performance for the CP-Pixel score ( rst column) and the CP-L1 score (second column). For each
metric," indicates that higher is better, atidhat lower is better. We employ a pretrained ResNet18
(He et al., 2016) model as a classi er. Due to time constraints, 500 samples were used forthe
and , = 2, whereas for the other hyperparameter we used a sample size of 50 explaining the larger
variation. With the exception of the CP-Pixel score for the StartGrad initialization, increasing the
1 increases both the CP-L1 and CP-Pixel scores across all initialization methods for both metrics.
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F.17 BEFECT OF VARYING 5 FORSHEARLETX

(a) StartGrad (ours): CP-Pixél (b) StartGrad (ours): CP-L1
(c) Uniform: CP-Pixel' (d) Uniform: CP-L1"
(e) All-ones: CP-Pixet (f) All-ones: CP-L1"

Figure 31: Effect of varying the, hyperparameter for the ShearletX (Kolek et al., 2023) model ini-
tialized with StartGrad ( rst row), uniform (second row) and all-ones (third row) on the interquartile
mean (IQM) performance across 500 randomly selected validation ImageNet (Deng et al., 2009)
samples for the CP-Pixel score ( rst column) and the CP-L1 score (second column). For each met-
ric," indicates that higher is better, attithat lower is better. We employ a pretrained ResNet18 (He

et al., 2016) model as a classi er. Increasing theincreases both the CP-L1 and CP-Pixel scores
across all initialization methods for both metrics.
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