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Abstract

Ensuring the trustworthiness and robustness of deep learning models remains a fundamental chal-
lenge, particularly in high-stakes scientific applications. In this study, we present a framework
called attention-guided training that combines explainable artificial intelligence techniques with
quantitative evaluation and domain-specific priors to guide model attention. We demonstrate that
domain-specific feedback on model explanations during training can enhance the model’s gen-
eralization capabilities. We validate our approach on the task of semantic crack tip segmentation
in digital image correlation data, which is a key application in the fracture mechanical character-
ization of materials. By aligning model attention with physically meaningful stress fields, such as
those described by Williams’ analytical solution, attention-guided training ensures that the model
focuses on physically relevant regions. This finally leads to improved generalization and more
faithful explanations.

1. Introduction

Deep learning (DL) has led to enormous breakthroughs in many scientific fields, from computer vis-
ion [1] to biology [2], material science [3-5], computational mechanics [6],failure modeling [7], and
fracture mechanics [8] because of its ability to identify patterns in complex, high-dimensional data. DL
is based on the training of a highly flexible deep neural network, consisting of millions of trainable para-
meters, with large amounts of data. While typically improving performance, deep neural networks are
trained end-to-end and lack interpretability and explainability. This black-box problem raises critical
questions regarding reliability and trustworthiness, in particular in high-risk and high-stakes applications
such as autonomous vehicles and robots, healthcare, or maintenance of aircraft systems and components.
These considerations have been recently recognized as a legal issue in guidelines issued by the EU Al Act
[9] and more specifically for aerospace applications by EASA [10] and NASA [11].

Explainable artificial intelligence (XAI) [12] addresses these issues by proposing processes and meth-
ods that provide insights into the decision-making processes of DL models. There are two approaches

to XAI: on the one hand, one can aim to achieve intrinsic interpretability by designing inherently trans-
parent models that are human-understandable [13]. On the other hand, post-hoc explainability seeks to
clarify model predictions without modifying the internal model structure, for example, through gradient-
based sensitivity analysis [14] or model-agnostic feature attribution methods [15, 16]. While models
designed for intrinsic interpretability offer clarity, they often lack the complexity needed to capture
intricate data patterns, which can result in suboptimal performance. This trade-off between interpretab-
ility and accuracy is particularly evident in complex tasks tackled with DL, where simpler models do not
suffice.

© 2026 The Author(s). Published by IOP Publishing Ltd
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For convolutional neural networks (CNNs), a class of DL models used mainly for spatial, grid-like data,
post-hoc explanations in the form of attention heatmaps based on class activation mappings (CAM) [17]
have gained wide popularity. While originally only designed for classification tasks, CAM-based methods
have recently been extended to semantic segmentation architectures [18] and applied for crack tip seg-
mentation models [19]. Despite their success, post-hoc explainability also faces criticism for producing
explanations that can be misleading or unfaithful to the original black-box model or may oversimplify
complex relationships [20]. Moreover, even when focusing solely on CAM-based approaches, there is a
vast array of methods,including gradient-based variants such as Grad-CAM and its extensions [21-24],
as well as perturbation- and decomposition-based approaches [25-27], making it challenging to determ-
ine which method is best suited for a given model and task.

To address these concerns, researchers have called for rigorous, standardized metrics to quantitat-
ively evaluate XAI methods. Vilone & Longo [28] propose a hierarchical classification of XAI methods
and conceptualize their evaluation, also pointing out that research currently lacks a consensus on how
to assess explainability. Nauta et al [29] propose conceptual properties such as correctness (i.e. faithful-
ness), completeness, and compactness to measure, among others, how well explanations align with the
true behavior of a model and how effectively they convey relevant information to users.

Moreover, recent work has explored novel approaches that incorporate explanations into the train-
ing process. Some methods integrate human-based feedback on explanations, for example, through cor-
rective supervision [30], interactive rationale selection [31], or explanation-informed learning object-
ives [32]. These approaches demonstrate that interacting with and reflecting upon model explanations
can prevent bias, improve accuracy, and reduce required training samples. However, relying on human
interaction is tedious and time-consuming, and particularly for specific tasks, it requires experts with
domain knowledge. Recently, Stammer et al [33] instead sourced explanatory feedback from a second-
ary critic model. Although their results show improved model generalization and provide more faithful
explanations, it does not allow for the explicit inclusion of known concepts and domain knowledge.

Addressing these challenges, this paper introduces a framework that integrates faithful explanations
and domain knowledge directly into the model training process. We call this framework attention-
guided training (AGT). The framework is shown in figure 1 and enables the determination of trust-
worthy explanations and provides alignment with domain knowledge during training. The framework
starts with the identification of relevant expert knowledge for a specific task, which should be tackled by
DL. Then, suitable explainability methods are identified and evaluated using objective metrics. Lastly, the
core of AGT is a novel training process where the task-specific classical loss function is combined with
an additional loss, which assesses the alignment of the explanation with domain-specific expectations.

While AGT serves as a general framework, its development was inspired by the findings of Melching
et al [19]; hence, we focus on its specific application in the field of fracture mechanics. In [19], the
authors employ the explainability method Grad-CAM [21] for the semantic segmentation of fatigue
crack tips in digital image correlation (DIC) data. They train models with different architectures, includ-
ing a U-Net [34] and the so-called ParallelNets approach [19]. The resulting model explanations exhibit
distinct semantic characteristics, as illustrated in figure 2. While the U-Net primarily highlights the
crack path, the ParallelNets explanations align more closely with the physical crack tip field described
by Williams [35]. Despite the improved generalization capabilities of the latter approach, a framework
that explicitly controls network attention during training remains absent.

In this work, we present an AGT of a U-Net model for crack tip segmentation in DIC data. First, we
adapt existing CAM-based XAI methods to semantic segmentation models. Next, we systematically eval-
uate their suitability for the given task by assessing correctness, completeness, continuity, and compact-
ness, as proposed by Nauta et al [29], and select the most appropriate XAI method accordingly. Finally,
as AGT leverages domain knowledge to guide the training process and align model explanations with a
predefined target, we calculate the representative von Mises equivalent stress field for the present load
case—depicted exemplarily in figure 2(c) — as the desired attention target. This choice is motivated by
the findings of [19] and discussions with experts in the field of fracture mechanics.

The paper is structured as follows: In section 2.1, we adapt CAM-based XAI methods to the applic-
ation of crack tip segmentation in DIC data and present their quantitative evaluation. Building on these
evaluations, we apply AGT using physical target explanations motivated by domain knowledge in the
form of the crack tip field. We then compare the resulting model performances with models trained
using AGT on non-physical target explanations and a reference batch trained conventionally (without
AGT) in section 2.2. In section 3, we discuss the results together with possible applications and limita-
tions of the framework. Details regarding the methodology of the fracture mechanical experiments, the
machine learning and XAI approach, and details on the AGT framework and application-specific imple-
mentations can be found in section 4.
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Figure 1. Overview of attention-guided training (AGT); AGT builds upon conventional machine learning principles, providing
enhancements through explainable artificial intelligence (XAI) techniques. It incorporates post-hoc explanations and objective
XAI evaluation metrics to assess model explainability and integrates domain knowledge through a modified training loop, ensur-
ing better alignment between trained patterns and expert insights.
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Figure 2. Semantic differences in model explanations, calculated using Grad-CAM, despite similar predictions. (a) The explan-
ation of the U-Net model prediction shows that the model identifies the crack path to predict the crack tip location. It is known
that experimental data in this region likely contains artifacts from the digital image correlation evaluation (see section 4.1 for
the experimental context). (b) In contrast, the explanation of the ParallelNets [19] model prediction highlights the region ahead
of the crack tip as most relevant for its prediction This attention aligns closely with domain knowledge shown in (c), where the
crack tip stress field is accurately represented by the widely accepted Williams series (equation (3)), thus relating model behavior
directly to theoretical foundations in fracture mechanics.

2. Results

We present the key findings of our study for the task of semantic segmentation of crack tips in DIC
data.

Accurately quantifying fatigue crack growth (FCG) is essential for assessing the service life and dam-

age tolerance of critical engineering structures and components exposed to variable service loads [36]. In
recent years,DIC has played a crucial role in capturing full-field surface displacements and strains dur-
ing fatigue crack propagation experiments. The fracture mechanical evaluation of DIC data requires an
exact and robust (i.e. reliable) determination of the crack tip positions [37]—an extremely challenging
task due to inherent noise and artifacts [38]. Strohmann et al [8] created a labeled dataset and trained
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Figure 3. Illustration of the exemplary DL task. We obtain data through full-field DIC analysis during fatigue crack growth exper-
iments (left). The resulting displacement fields are input into a segmentation CNN (here, U-Net architecture), which is trained
to segment the most likely crack tip pixels. The centroid of the predicted segmentation yields the crack tip position, which is then
translated back into the reference frame of the sample surface.
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Figure 4. Visualization of explanations and performance comparison: The top row displays attention heatmaps generated using
various CAM techniques, each corresponding to the same prediction made by ParallelNets on a sample of the Sie0 4.7,var dataset
(see section 4.1). These heatmaps are based on the encoder layers of the U-Net architecture. Given the significant visual differ-
ences between methods, the accompanying bar plot quantifies their relative performance based on the four criteria—correctness,
completeness, continuity, and compactness.

a U-Net [34] for crack tip segmentation. Melching et al [19] refined this model and employed Grad-
CAM [21] to generate attention heatmaps, providing explanations that guided the selection of models
aligning with domain knowledge. An overview of the deep learning task is given in figure 3.

2.1. Evaluation of explainability methods

In order to answer the question of which explainability method to choose, we fix the model choice to

a single trained instance, namely the open-source ParalleINets from Melching et al [19], truncated to

the U-Net architecture for inference. We generate explanations for various methods based on CAM. We
refer to appendix A below for details on these methods and their adaptation to semantic segmentation.
The resulting explanations in the form of attention heatmaps for the different methods are shown in
figure 4(top) and show significant differences, both regarding semantic concepts and intuitive quality.
While minor differences are expected and can be observed in explanations generated for classification
CNNs as well, see, e.g. [25, 39], the adaptation to semantic segmentation appears to have a significant
impact. Specifically, the explanations differ considerably across methods, in contrast to the more consist-
ent patterns observed for classification in [40]. We further observed that the choice of considered neural
block(s) and score (see figure 1 and appendix A, respectively) impact the resulting attention heatmaps
even within the context of a single CAM method. This is related to the different fidelity and nature of
features learned by each model block. Furthermore, we hypothesize that the skip connections in the
U-Net architecture, along with the associated feature propagation, further contribute to a more com-
plex and less localized feature representation [41]. As a result, depending on the explanation method,
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this complexity may not be adequately captured in the final explanations. Since each of the considered
methods aims to explain the predictions of the underlying model, our objective is to quantitatively assess
which method is best suited for this task. To achieve this, we employ a subset of the Co-12 criteria pro-
posed by Nauta et al [29]. We objectively evaluate which of the provided methods is the most faithful,
referred to, in the spirit of Co-12, as correctness (Co;), complete (Co,), continuous (Coy), in the sense
that small changes in the input data lead to small changes in the explanations, and compact (Coy), refer-
ring to the size of the explanation. Using data obfuscation strategies, we implemented metrics for each of
these four criteria and refer to section 4.4 for details. Figure 4(bottom) presents a concise, comprehens-
ive comparison of the method performance among these criteria.

For the chosen ParalleINets model and the task of crack tip segmentation, the above metrics conclus-
ively indicate that the gradient-based methods (Grad-CAM [21], Grad-CAM++ [22], Grad-CAM™ [23],
and elementwise-GradCAM [24]) are significantly more correct, complete, and compact, but are similarly
continuous, compared to the gradient-free approaches (Score-CAM [25], Eigen-CAM [26], and Ablation-
CAM [27]). While, e.g. Score-CAM appears unsuitable for this model and task, particularly due to its
poor performance in terms of correctness and completeness, Grad-CAM+ and Grad-CAM++ demon-
strate strong overall evaluation results. Ultimately the results found in figure 4 indicate that it is entirely
possible to explain segmentation models using the CAM techniques originally intended for classification
CNNs.

2.2. AGT

Considering the vast possibilities of model attention patterns, as presented in figure 2, we argue that it

is beneficial to guide these patterns by aligning them with domain-specific, theory-guided target explan-
ations. The alignment is carried out by training a model with a total loss function Ly, combining a
prediction loss L4 and an explanation loss Ley, between the current and target explanation. We provide
the target explanation @ using the relevant domain knowledge. The total loss is expressed as:

Liota = Lpred (Ya )A’) + >\Lexp (‘I’, (ﬁ) ) (1)

where A > 0 is a hyperparameter balancing both loss contributions. Here, y and y denote the actual and
target predictions, respectively, while & and @ denote the current and domain-guided target explana-
tions, respectively. Thus, the explanation loss term ensures coherence (Coy;) of explanations with expert
knowledge (see section 4.4).

For the case of crack tip segmentation, this total loss consists of the Dice loss [42] between current
and target predictions and the cosine similarity (Sc) between current and target explanations. The loss
then reads:

Ltotal = Dice (Y? i’) + )‘SC (‘Pa q;) ’ (2)
where
23 yid
Dice(y,y) =1— 2ty :
Zij ()/ij +yij)
and

Sc (<I>,<f>> 1 325y

(Zij lzj) 1/2 (Zij (2512]) 1/2°

We further evaluate the model’s generalization capabilities in terms of reliability. Reliability scores
serve as a quantitative measure of generalization performance and are defined as the fraction of samples
with valid segmentations (i.e. exactly one contiguous patch of segmented pixels; section 4.2) for any
given dataset.

2.2.1. Training phases

To ensure successful training, we divide the process into two phases. The first phase, an initial pretrain-
ing,follows a conventional DL approach using only the prediction loss (i.e. A=0), which serves to prime
the explanatory component of AGT and allows the model to produce meaningful explanations. In the
second phase, a finite A >0 is introduced to refine the learned behavior towards the theory-guided tar-
get explanations ®. To preserve the model’s predictive performance throughout the alignment stage,

5
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the hyperparameter A\ must remain sufficiently small, preventing over-steering, which would result in
non-salient explanations. For this particular use case, the useful range A € (0.5,3) has been empirically
estimated.

2.2.2. Domain knowledge
For crack tip segmentation, our domain knowledge is based on analytical expressions describing the dis-
placement and stress fields near the crack tip of an open crack. More precisely, we use the analytical
derivation by Williams [35]:

In planar linear-elastic fracture mechanics, the stress and displacement fields induced by a single
open crack with traction-free crack faces can be described in polar coordinates (r,6) by the Williams
series expansion [43]

Tij (1‘, 9) = Zr%_l (Aﬂfl,ij (9,71) +anH,ij (9371))» (3)

T2
Uij (1’, 9) = En: @ (Angl,ij (67 n) + BngII,ij (97 n)) (4)
To estimate the stress field o in equation (3) for experimental DIC data, we optimize the parameters
Ay, B, € R, called Williams coefficients, by fitting the theoretical field (4) to the DIC displacement data
using the over-deterministic method implemented in CrackPy [44]. From this, the von Mises equivalent
stress is computed as oyy = \/07, + 03, — 01102 + 307,

2.2.3. Effectiveness of AGT

Figure 5 shows an example result of AGT for crack tip segmentation, illustrating the initial unaligned
attention after 30 epochs of pretraining (see figures 5(a)—(c)) and the final explanation, aligned to the
theory-guided target (see figure 5(e)). The number of epochs used for pretraining was empirically
determined. To avoid overfitting, we used the trained weights saved from the epoch with the lowest
total validation loss (see figures 5(b)—(d)) as the final model to compute predictions and corresponding
explanations. In this example, the target explanation is based on the corresponding stress field using the
strategy Gradual Williams (GW) introduced below. This strategy steers the attention towards regions of
high von Mises equivalent stress larger than 75 MPa (see figure 5(e)). For details on the used processing
of our target explanations, we refer to section 4.5 and appendix C.

Preliminary experiments indicated that it is beneficial to avoid large corrective updates; large A can
cause over-correction of the model weights within the first few AGT epochs, which causes the predictive
performance to deteriorate, leading to non-salient explanations. Models found in this state were rarely
able to recover the intended training. Similarly, small A had insufficient effect on the resulting explan-
ations. To mitigate these effects, loss scaling was applied, and the present experiment was conducted
using a weight factor of A =2. We observe that both training phases, pretraining and attention-guided,
successfully converge. In this example, both validation and explanation loss exhibit significant variance,
underpinning our approach of selecting the epoch with the lowest validation loss. For this model, the
attention (figure 5(d)) aligns with the target GW attention (figure 5(e)), demonstrating the effectiveness
of AGT.

2.2.4. Comparison of attention strategies

To investigate whether models guided by physically meaningful explanations exhibit improved general-
ization and trustworthiness, we conduct a series of experiments. For this, we introduce different target
attention maps—two physical strategies that build on expert knowledge and intuition, i.e.

o Binary Williams (BW): The target explanation is obtained by binarizing the Williams stress field
using a fixed threshold: regions of elevated mechanical stress were assigned a target attention of 1, all
others 0,

o GW: The target explanation is derived by truncating the Williams stress field at a specified threshold
and rescaling the resulting values to the range [0, 1], yielding a continuous, non-binary attention map
with gradually fading intensity,

and two non-physical strategies that are intentionally designed to steer attention towards allegedly less
informative regions, i.e.

o Binary Misleading (BM): The target attention is set to 1 within a small square located in the bottom-
right corner of the domain and 0 elsewhere.

6
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Figure 5. Example of an AGT for crack tip segmentation. The Dice loss provides feedback on the segmentation quality, while

the cosine similarity loss quantifies coherence with the target explanation (e). Plots (a) and (b) show the loss curves of the seg-
mentation quality and explanation coherence, respectively. Plot (c) shows the attention heatmap after the pretraining phase

of 30 epochs. Plot (d) depicts the heatmap of the model with the smallest validation loss during the AGT phase (indicated by a
dashed orange line in (a) and (b)). All attention heatmaps were obtained using the Grad-CAM++ method on the encoder layers
of the U-Net.

o Multi-gradual misleading (MGM): The target attention is set to 1 at the top- and bottom-right corners
and gradually fades to 0.

The results presented in figure 6 show similar features as discussed in more detail in figure 5. Although
the models can be qualitatively aligned with each of the considered explanation strategies without com-
promising predictive performance, the quantitative alignment of the explanation loss term is markedly
lower for the non-physical target attentions compared to those guided by more salient, physically
informed strategies.

Considering the large volatility in the validation loss and following up on previous work [19], we
evaluate the models trained with different AGT strategies regarding their robustness and trustworthiness.
For this, we compare the validation (Dice) loss, the reliability of the model (see section 4.2), and the
explanation correctness (see section 4.4), ensuring that the learned explanations are faithful. By calculat-
ing both validation loss and reliability on in-distribution and reliability on out-of-distribution datasets
(see section 4.1), we can qualitatively estimate the generalization capabilities of the respective models.

For each attention strategy, we trained 10 randomly initialized models. All experiments were per-
formed with A =2, which was determined empirically and worked consistently for the present task. In
addition, we trained 10 models without AGT as an independent baseline (Reference (R); A =0).

The results of this study are presented visually in figure 7 and quantitatively in table 1, with statist-
ical significance assessed using Mann—Whitney-U (MWU) tests (appendix D).

On average, models trained with AGT using physical target explanations (BW, GW) achieve lower
validation loss compared to the non-physical (BM, MGM) and the unguided reference (R). This differ-
ence is statistically significant when comparing physical strategies against both misleading targets and the

7
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Figure 6. Comparison of different attention target strategies for exemplary training runs: Binary Williams (BW) and Gradual
Williams (GW) are adaptations of the Williams stress field, whereas BM and Multi-Gradual Misleading (MGM) are intentionally
steering attention towards allegedly less informative regions. All attention heatmaps were obtained using the Grad-CAM++
method on the encoder layers of the U-Net.

reference baseline (see table 2; appendix D). Among all strategies, the BW explanation yields the best
single model in terms of validation loss.

In terms of reliability, on the in- or near-distribution datasets (S160.4.7, S160,2.0)> all strategies exhibit
saturated behavior, whereas for the further out-of-distribution datasets (Sos,1.6) the BW strategy shows
significantly higher reliability values compared to every other strategy with statistical significance (see
appendix D for details).

As far as correctness is concerned, the physical strategies (BW and GW) improve the correctness of
their explanation with AGT, while non-physical strategies (BM and MGM) deteriorate correctness, as
indicated by decreased and increased area under the curve (AUC) values, respectively. Moreover, the
physical strategy BW resulted in the overall best model in terms of validation loss, reliability, and cor-
rectness of the explanations.
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Figure 7. Quantitative evaluation of attention strategy experiments. Left: Validation (Dice) loss (lower is better) to measure pre-
dictive performance. Middle: Reliability of detection (larger is better) as a metric for generalization capacity (see section 4.2).
Right: Explanation correctness, measured by area under the curve (AUC) (lower is better) to characterize faithfulness of explan-
ations (see section 4.4). Both in-distribution (Si60,4.7) and out-of-distribution datasets (S160,2.0, S950,1.6) are considered (see
section 4.1). Numeric representation can be found in table 1.

Table 1. Performance comparison across target explanation types. Reported values are mean =+ standard deviation and 95% confidence
intervals over 10 independent training runs. The evaluate model instances were selected based on the lowest-achieved validation loss,
representing their respective peak performance potential. Sub-tables show (a) validation loss on the in-distribution dataset Sie0,4.7; (b)
reliability on in-distribution and out-of-distribution datasets; and (c) explanation correctness before and after attention-guided
training (AGT). Bold values indicate the best-performing method within each category. For correctness, additionally the relative change
induced by AGT is evaluated per method. Colored arrows indicate whether explanation trustworthiness improved (), deteriorated (1),
or remained unchanged (-).

(a) Validation loss (lower is better)

S160,4.7
Mean =+ Std 95% CI
BW 0.67 £ 0.04 [0.64, 0.69]
GW 0.67 + 0.03 [0.65, 0.68]
BM 0.70 +0.02 [0.69, 0.71]
MGM 0.724+0.01 [0.72, 0.73]
R 0.72 +£0.02 [0.71, 0.74]

(b) Reliability (higher is better)

S160,4.7 S160,2.0 S950,1.6
Mean £Std  95% CI Mean =+ Std 95% CI Mean =+ Std 95% CI
BW 0994001  [0.99,1.00] 0974001  [0.97,098]  0.9440.05  [0.90,0.96]
GW 0.994+0.02  [0.97,1.00] 09840.01  [0.98,0.99]  0.674028  [0.50,0.82]
BM 0.98 +0.01 [0.98, 0.99] 0.98 + 0.01 [0.97,0.98] 0.78 +0.22 [0.63,0.88]
MGM 0.98 +0.03 [0.97, 1.00] 0.98 4 0.01 [0.97, 0.98] 0.8510.08 [0.80, 0.90]
R 0.99 4 0.02 [0.98, 0.99] 0.98 1 0.01 [0.97, 0.98] 0.86+0.12 [0.79, 0.92]

(c) Correctness (lower is better)

Pretrained—SmoAJ AGT—trained—SmoAj
Mean = Std 95% CI Mean = Std 95% CI
BW 0.51£0.1 [0.45,0.57] 0.36 £0.18 [0.25, 0.46]
GW 0.47+0.14 [0.38,0.54] 0.31 £0.09 [0.25,0.37]
BM 0.47 +£0.10 [0.41,0.52] 0.59+0.12 [0.52, 0.66] T
MGM 0.52+0.09 [0.46,0.57] 0.55+0.13 [0.47,0.62] 0
R 0.60 +0.22 [0.49, 0.72] 0.60 +0.22 [0.49, 0.72] -

3. Discussion

Utilizing DL methods in a faithful and trustworthy manner remains a challenge, especially in scientific
domains, as highlighted by recent work on robustness and generalization [45] and on the faithfulness
of learned representations [46]. In this work, we show that integrating XAI techniques with evaluation
metrics and domain knowledge to guide model attention can enhance both generalization capabilities
and trustworthiness of DL models. We validate this claim in the context of machine-learned crack tip
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segmentation in full-field displacement fields obtained by DIC during FCG, which is a critical task in
fracture mechanics where model interpretability and robustness are paramount.

We build upon state-of-the-art methodology by extending techniques based on CAM to semantic
segmentation tasks, similar to [18]. These methods can be applied to a variety of neural layers of the
network, or a combination of such, and provide meaningful insight into the internal decision-making
process of our DL model, as illustrated in figures 2 and 4. Adapting these methods has proven to be
non-trivial. Even upon fixing the CAM target layers, the visualizations in figure 4 reveal substantial vari-
ation among different CAM-based methods with respect to attribution shape, spatial alignment, and
total relevance. These differences underscore the heuristic and often inconsistent nature of post-hoc XAI
techniques, exposing them to warranted critique [20] and necessitating cautious application, especially in
contexts where explanation fidelity (correctness [29]) is critical.

Therefore, it is imperative to complement the visualizations with objective and quantitative metrics,
evaluating, among others, the fidelity between the model and provided explanations. To that end, we
address four of the twelve XAI evaluation criteria of Nauta et al [29], tailored to the task of crack tip
segmentation in DIC data. Evaluation of these metrics allows us to systematically determine the faith-
fulness and quality of different methods, as depicted in figure 4, identifying the gradient-based methods
Grad-CAM ([21] and Grad-CAM++ [22] as most effective for this task and data. While these objective
criteria provide valuable insights, further investigation is required to refine the implementation of the
metrics and their applicability to other tasks and explanation methods. In general, it should be men-
tioned that the evaluation results depend on multiple parameters, among others the chosen model archi-
tecture, task, and data. Therefore, one cannot provide general guidance or static performance values, as
each use case and model has to be evaluated separately.

To leverage explanations during training, we adapt the learning by self-explaining (LSX) approach
recently proposed by Stammer et al [33]. LSX introduces a novel training paradigm where a learner
model is optimized not only for the primary predictive task but also through feedback from a critic
model that evaluates the quality of the determined explanations. However, a limitation of the LSX
framework is that it relies on explanations that have not been externally validated.

In our AGT approach, we address these issues by choosing a correct, complete, continuous, and
compact explanation method (see figure 4) and incorporating domain-specific knowledge to inform
and evaluate explanations, thereby providing more reliable feedback and enhancing the overall trust in
the model’s predictions and explanations. This idea is motivated by earlier work conducted by Melching
et al [19], where the authors observed that different model architectures lead to distinct attention pat-
terns. Specifically, while some models learn to focus attention on physically relevant regions like the
crack path or crack tip field, others display attention in presumably less meaningful areas, indicating that
not all trained models inherently learn the same physical features. However, the combination of physical
features and the inherent flexibility of deep learning often makes these models more powerful in terms
of generalization capabilities. To guide model attention towards regions of physical significance, i.e. areas
of high mechanical stress, we utilize the well-known von Mises stress field calculated using a Williams
series expansion fitted to displacement data as the physical attention prior.

Our findings show that models guided away from the natural crack path attention—including the
non-physical strategies (BM and MGM) — exhibit predictive performance comparable to, or slightly
exceeding, that of the unguided reference model. In this study, predictive performance is assessed using
a qualitative combination of the validation Dice coefficient, computed on the spatially and statistically
distinct validation side of our labeled dataset Sy40.4.7, and a task-specific reliability metric that enables
performance estimation on unlabeled, out-of-distribution datasets Sie0,2.0, S950,1.6-

Due to the severe class imbalance of the segmentation task and the resulting stochastic fluctu-
ations during training, model instances are selected based on their peak validation Dice performance.
Consequently, the quantitative results reported in figure 7 and table 1 represent the maximum achievable
performance of each training strategy rather than an unbiased estimate of expected deployment beha-
vior. While this model selection procedure constitutes a known form of optimization bias, it is applied
uniformly across all training regimes. As a result, relative comparisons between strategies remain mean-
ingful and allow a fair assessment of their achievable performance.

Within this evaluation protocol, physically inspired attention strategies (BW and GW) consist-
ently outperform both misleading and unguided baselines. This is reflected in lower mean validation
Dice losses (=20.67) compared to misleading and reference strategies (>0.7; table 1). One-sided non-
parametric comparisons using the MWU test confirm that physically guided strategies yield significantly
lower Dice losses than misleading baselines (p < 107°) and the unguided reference (p < 107%); full test
statistics are reported in appendix D.
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We attribute the improved performance of physically guided models to the induction of information-
dense, crack-tip-field-dependent decision patterns in the model’s internal representation. The marginal
performance gains of the misled models over the unguided reference are likely attributed to the avoid-
ance of experimental artifacts inherent to DIC measurements near the crack path. All guided strategies—
physical and non-physical alike—systematically suppress attention in this noise-dominated region and
instead emphasize areas containing crack-tip field information (see figure 6), which appears sufficient to
recover modest segmentation gains even in the absence of physically meaningful guidance.

Beyond in-distribution performance, generalization to unlabeled out-of-distribution data can be
assessed using the task-specific reliability metric. Here, physically guided models exhibit markedly
improved robustness, most prominently on the non-saturated OOD dataset Sos0 1.6. In this regime, the
BW strategy achieves mean reliability scores of approximately 94%, whereas all other strategies do not
exceed 86%. Corresponding hypothesis tests confirm that BW yields significantly higher reliability scores
than each other attention strategy (p < 7-107°; appendix D). Evidently, providing a binarized, physically
grounded representation of the crack-tip field as an attention prior is particularly effective in promoting
reliable and robust model behavior under distributional shift.

Importantly, even under this favorable peak-performance evaluation protocol, which affords all
models their best possible chance, physically guided strategies retain a clear and statistically supported
advantage. This demonstrates that aligning model attention with domain-consistent stress-field priors
raises the attainable performance beyond what can be achieved through unguided or arbitrarily guided
training.

With respect to explanation correctness, physically guided strategies (BW and GW) exhibit a con-
sistent improvement after attention-guided training, whereas non-physical strategies (BM and MGM)
show a deterioration in correctness, as indicated by decreasing and increasing AUC values, respectively
(see table 1(c)). Importantly, this trend cannot be attributed to longer training alone: although all AGT-
trained models undergo an extended optimization phase, the correctness of the unguided reference
model (A=0) remains unchanged throughout the training, while correctness for misleading strategies
degrades. This demonstrates that the observed correctness changes are not an artifact of additional train-
ing epochs but are specifically induced by attention guidance.

The pretrained correctness values of all strategies exhibit noticeable variability; however, these ini-
tial values lie comfortably within the standard deviation of the reference baseline (0.60 + 0.22) and can
therefore be attributed to the inherent stochasticity of deep learning training rather than systematic dif-
ferences between strategies. The subsequent divergence in correctness-improvement for physically guided
models and deterioration for misleading ones thus reflects a genuine effect of the respective attention
strategies.

While, in principle, predictive accuracy and explanation quality need not be coupled, our results
indicate that under attention-guided training, aligning optimization with physically meaningful explana-
tions can positively influence explanation faithfulness. In particular, models guided by physical attention
priors consistently produce more faithful explanations, suggesting a non-trivial interplay between pre-
diction learning and explanation alignment. This interaction represents a promising direction for future
investigation into training paradigms that jointly optimize predictive performance and interpretability.

This work presents a framework for objectively selecting suitable XAI methods for specific semantic
segmentation tasks and introduces a novel approach to guide model attention by domain knowledge. It
serves as a compelling example of how XAI can move beyond post-hoc interpretation to actively inform
and guide model development. Importantly, the proposed framework is not limited to specific data
types, physical models, or explanation formats. In principle, any expert knowledge, independent of its
origin, that can be used to determine the coherence of explanations may be used to guide model atten-
tion. In practice, however, we recognize the significant difficulty of finding a suitable setup that would
benefit from AGT. Partly due to the sparsity of meaningful domain priors that can be related to model
explanations without requiring manual generation or annotation of such.

Future research should aim to develop more principled and robust XAI methods tailored specifically
for segmentation tasks. Establishing standardized evaluation protocols and benchmarks will be essential
to assess explanation quality and model alignment across applications. Ultimately, we aim for a more
interactive and iterative approach to scientific machine learning, where explanations are not just used
after the fact but become an integral part of training, evaluation, and scientific understanding.

4. Methods

To demonstrate AGT, we applied it to crack tip segmentation in fatigue experiments. Figure 8 shows the
task-specific implementations of the general framework.
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Figure 8. Visual summary of the task-specific AGT framework. (a) Experimental DIC data (section 4.1). (b) Crack tip specific
domain knowledge via Williams series (section 4.5). (¢) and (d) Crack tip segmentation task and U-Net architecture (section 4.2).
(e), (f) CAM explanations and evaluation with Col2 criteria (sections 4.3 and 4.4). (g) Joint loss combining segmentation

and explanation supervision (section 4.5). (h) Metrics to estimate model performance and robustness during generalization
(section 4.2).

4.1. Experimental data

We used previously published DIC data from three FCG experiments on AA2024-T3 middle-crack
tension specimens [8, 47, 48]. Displacement fields were interpolated on a 256 x 256 grid using
CrackPy [44], yielding two-channel inputs (u,,u,) for deep learning. No new experiments were
performed.

The dataset Sy50,4.7 (166 samples at maximum force per side of the crack) was labeled using addi-
tionally obtained images of the polished sample surface. The data is split into training and validation
based on sample side, where the crack growing to the right is used for training and the left for valida-
tion. The left side inputs are mirrored such that they match the right. Two additional datasets, Si0.2.0
(280 samples) and S¢s0,1.¢ (102 samples), provided out-of-distribution test cases with different geomet-
ries and loading conditions. Further details on the data and the generation of ground-truth labels are
provided in our previous work [8].

4.2. Machine learning

4.2.1. Task and architecture

Crack tip detection was formulated as a binary semantic segmentation task [19]. A U-Net [34] with
LeakyReLU activations was used, mapping two-channel displacements to a single-channel crack-tip-
probability map. The encoder consists of four convolutional blocks and a bottleneck, mirrored by a
decoder with linear upsampling. A visual representation of this structure is depicted in figure 3.

4.2.2. Data preparation

Displacements were channel- and sample-wise normalized using the mean and standard deviation of
each sample. Annotated single-pixel crack tips were expanded to 5 x 5 (train) and 3 x 3 (validation)
masks. Augmentations included random crops (130-180 px), rotations (£10°), and flips. Validation and
test data were not augmented.
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4.2.3. Training

Each training uses a randomly initialized U-Net with LeakyReLu activation functions [19]. Training used
PyTorch with Adam (5 x 10™%, AMSGrad, batch size 16) and dropout (p =0.3) at the bottleneck. A
two-stage strategy was applied: (i) 30 epochs of initial pretraining with segmentation loss only and (ii)
370 epochs with additional AGT supervision. Reference models were trained for 400 epochs without AGT.

4.2.4. Loss and metrics
Segmentation loss: Dice loss addressed the strong class imbalance.

Explanation loss: Cosine similarity (CSI) measured alignment of model attention ® with target
attentions ®.

Reliability: A prediction was valid if it contained exactly one connected region; reliability was the frac-
tion of valid predictions:

_ ##samples with exactly one segmentation

Rel (5)

#total samples

4.3. Explainability

CAM was used to estimate model attention w.r.t. input features. Because segmentation outputs are spa-
tial, we replaced the class score with the global average of output logits (following the approach from
[18, 19]). Explanations were generated from encoder and bottleneck layers, where features retain higher
spatial fidelity. We evaluated gradient-based (Grad-CAM, Grad-CAM++, LayerCAM, etc) and gradient-
free methods (EigenCAM, Score-CAM, Ablation-CAM), normalizing the resulting explanations to [0, 1].
For AGT, we selected Grad-CAM++ with encoder-layer aggregation. We refer to appendix A for further
details.

4.4. Objective metrics for explainability

To assess explanation quality, we used five criteria from Nauta et al [29]: Correctness (here via incre-
mental deletion), Completeness (here via incremental insertion), Continuity (here via structural sim-
ilarity index measure across time steps), Compactness (here via the minimal input features required to
recover a Dice coefficient of > 0.8), and Coherence (here via agreement with domain targets measured
using S. [49]). These metrics provided a quantitative basis for comparing CAM variants beyond visual
inspection. We refer to appendix B for further details on the equations and calibration details.

4.5. Attention-guided training with domain knowledge

Target attentions were derived from the near-tip stress field using the Williams series expansion. Two
physical (binary, gradual Williams) and two unphysical baselines (binary and multi-gradual misleading)
were considered as attention targets (see appendix C for details). AGT integrates prediction and explana-
tion supervision into a joint loss:

Lo = (1 — Dice(y,§)) + A~ CSI (<1>, <i>) , (6)

where y is the model output, y the ground truth mask, ® the Grad-CAM++ explanations, and d the

target attention maps. We used A =2, chosen empirically. Training followed a two-stage scheme: initial
segmentation pretraining, followed by AGT with attention supervision. We refer to appendix C for fur-
ther details on the training procedure and target attentions.

Data availability statement
The code for training and evaluation is published on Github (https://github.com/dlr-wf/attention-
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https://doi.org/10.5281/zenod0.5740216, https://doi.org/10.5281/zenodo.16902960 [54].
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Appendix A. Explainability

The model behavior can be approximately described using class activation mapping [17]. The CAM
methods provide explanations in the form of spatial attention heatmaps indicating the importance of
different input regions to the models prediction for a certain output class. These explanations are cal-
culated as a linear combination of the spatial feature maps A* of a convolutional layer I with a set of
relevance weights wj associated with a class ¢, yielding:

CAM = Z kak (7)

which is postprocessed by applying ReLU and upsampled to the spatial dimensions of the input to
obtain a class-specific attention map L2, ..

The original CAM method is restricted to specific architectures, containing convolutional layers pro-
ceeded by a fully connected layer and applicable only to classification tasks [21]. Grad-CAM [21] was
proposed to generalize this approach to more complex architectures. Many novel CAM techniques in
the literature are slight variants of Grad-CAM. These typically operate on the final convolutional layer
and assume a single class score as output. Further changes have to be considered when applying these
approaches to semantic segmentation [18].

Moreover, directly applying CAM to the final decoder layers of U-Net proved uninformative due
to spatial sparsity and reduced feature variation in those layers. Approaches proposed by [18, 19, 39]
consider earlier convolutional blocks-specifically, the encoder and bottleneck layers-where richer spa-
tial structure is retained. To support explanation at multiple levels, we define block-wise outputs Down1
through Down4, Base, and Up1 through Up4, as described in section 4.2. The multi-layer aggregation is
defined here as the average over explanations calculated for multiple blocks:

(s
me;hod Zﬁl method’ Bi =1 (8)

Adapting CAM for segmentation

Since semantic segmentation tasks produce spatial outputs, a scalar class score S¢ is defined instead. S° is
calculated by aggregating logits over a subset of output pixels. Using the entire output mask retains the
maximal amount of information:

GaP = 7 Zf Ua N=m-n )

This score replaces the scalar output used in original CAM methods. Other score definitions were dis-
cussed in [18].

Gradient-based CAM methods
Several gradient-based CAM methods were considered, all using the above score function (9):

o Grad-CAM [21]

e Grad-CAM++ [22]

e Grad-CAM+ [23]

e LayerCAM [39]

e Elementwise-Grad-CAM [24]
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Gradient-free CAM methods
Alternatively, gradient-free CAM methods were evaluated. In particular:

e FigenCAM [26]
e Score-CAM [25]
e Ablation-CAM [27]

Eigen-CAM can be directly applied to intermediate feature maps without adaptation. Score-CAM and
Ablation-CAM typically rely on confidence drops in classification. For segmentation, the degradation
of a suitable prediction metric (e.g. logit aggregation, Dice score) is used as an alternative measure. All
CAM outputs are normalized to [0, 1] and evaluated using objective criteria described in appendix B.

Appendix B. Objective metrics for explainability methods

To ensure that model explanations are meaningful, trustworthy, and unbiased, a set of objective criteria
is applied to evaluate and compare different CAM-based explainability methods. A variety of individual
criteria to measure explanation quality can be found in literature, including perturbation-based evalu-
ation measures [50], axiomatic or theoretical frameworks for explanation properties [51], and human-
aligned faithfulness metrics [52]. To our knowledge, no universal consensus has been reached so far.
Following the Co-12 framework introduced by Nauta et al [29], we adopt a principled subset of explan-
ation quality criteria that are meaningful and operational for CAM-based explanations in crack-tip seg-
mentation. While Co-12 provides a versatile and unifying taxonomy, the application domain and prac-
tical feasibility determines the emphasis on and selection of the different criteria. Thus, we restrict our
evaluation to a task-appropriate subset of criteria, as explicitly encouraged to preserve objectivity and
comparability. In our case, criteria that depend on class contrastivity, user interaction, uncertainty quan-
tification, or subjective concept decomposition cannot be meaningfully defined or are not sufficiently
relevant for the problem at hand. We therefore focus on correctness, completeness, continuity, com-
pactness, and coherence, as these criteria capture complementary aspects of explanation quality while
avoiding ill-posed or subjective measures, enabling a robust comparison and application of explainability
methods for our crack tip segmentation task.

Correctness (Coq)
Correctness (or faithfulness) measures how well an explanation reflects the true decision process of
the model and thus is of utmost importance. To quantify correctness, incremental deletion was used,
where input pixels are obfuscated in order of decreasing relevance as predicted by the corresponding
explanation [50]. A fast degradation of the agreement between predictions made on obfuscated samples
with respect to the original (as measured here by the Dice coefficient) is interpreted as evidence of
explanation correctness.

The Gaussian noise intensity is calibrated by randomized incremental deletion using:

(10)

(XP),‘]’ = (X)IJ+ {QN(ILL == 0,0’ = 1) if l,] GMP’

0 otherwise,

where N denotes Gaussian noise, p is the percentage of obfuscated pixels, M, denotes a set of p per-
cent of pixels, and Xp is the obfuscated input with p percent obfuscation. The noise scale « is calibrated
per model, averaging over the results of multiple inputs. A well-calibrated obfuscation should cause an
approximately linear decrease in prediction performance as the obfuscated set of pixels M, increases with
p- An example of this approach is depicted in figure 9(b).

The relevance estimates obtained through the CAM methods in combination with the calibrated
obfuscation yield the incremental deletion technique. The inputs are deleted in order of relevance, where
the area under the curve (AUC) for deletion pixel percentages p € [0, P] defines the correctness score:

Coy = /0 Dice (o (£(X,)) ) dp, (11)

where Xp denotes the obfuscated input and y is the original binarized prediction. Co; is usually aver-
aged over several inputs, e.g. a whole dataset, and several random Gaussian noises. Lower AUC indicates
higher correctness of the explanation.
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Figure 9. Quantitative evaluation of explanation quality using selected Co12 criteria. Mean and standard deviation are repor-

ted across all validation samples. (a) Example Grad-CAM++ attention heatmap computed from encoder layers using the GAP
score. Pixels with the top 10% of attention highlighted. (b) Calibration curves showing Dice degradation under random pixel
obfuscation with varying noise scales o, cf equation (11). (¢) Input displacement u, after Gaussian noise with oo = 0.5 is applied
to the top 10% most relevant pixels. (d) Incremental deletion (correctness, Co;) curve; steeper decline—as measured by AUC—
indicates better correctness. (e) Incremental insertion (completeness, Co,) and Compactness (Co7) curve; AUC reflects complete-
ness, while the threshold indicates how quickly the original performance is recovered. (f) continuity (Cos) measured via pairwise
SSIM across consecutive samples; higher values indicate explanation stability.

Completeness (Co;) Complementary to correctness, completeness measures how much relevant inform-
ation is preserved in the most important regions of the input [29]. It is typically assessed through incre-
mental insertion, a process in which the most relevant pixels are gradually reintroduced into a fully
obfuscated input to evaluate how well the model’s predictions recover. The AUC of the resulting Dice
curve (from p=0 to p=P), similar to (11), defines the completeness score. Higher AUC indicates better
completeness of the explanation.

Continuity (Coy4)

Continuity assesses whether small changes in the input lead to corresponding changes in the explan-
ations. In fatigue crack growth experiments, the digital image correlation displacement data evolves
smoothly over time. To evaluate continuity, predictions, and explanations are compared between con-
secutive samples in the sequence. Similarity of explanations is measured using the structural similarity
index measure (SSIM) with the standard parameters introduced in [53]. The continuity score is com-
puted as the average SSIM over all consecutive samples in a dataset:

1 N
Coy = mgssm@m,»_ln,qxx») (12)

Compactness (Co;)

Compactness is evaluated by determining how quickly predictive accuracy recovers during the incre-
mental insertion (completeness) curve. Specifically, the minimal percentage p* of top-ranked pixels
required to recover a Dice score > 0.8 is recorded. Methods with smaller p* values are considered more
compact.

Coherence (Co;,)

Coherence measures agreement between model explanations and (expert-derived) attention targets, such
as the physical crack tip field. Explanations ¢ and attention targets d are compared using SSIM and
cosine similarity (CSI). This metric is not used to judge explanation quality in isolation but serves as
the key component of our attention-guided training (AGT) loss (see appendix C).
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These five metrics provide a multi-faceted, quantitative basis for comparing explanation meth-
ods beyond visual inspection or subjective plausibility. All evaluations are conducted on the validation
dataset.

Appendix C. Attention-guided training

To perform AGT, domain-specific target attentions are added to the training and validation datasets as
supervision signals. For fatigue crack growth in samples with a small plastic zone w.r.t. the crack length,
the Williams series was chosen as a well-established and robust analytical representation of the stress
field near the crack tip. A per-sample parameterization of equation (3) was omitted for simplicity, using
instead a fixed, representative configuration.

The parameters were obtained using a least-squares fit method, available in the CrackPy library,
yielding:

.Alz Ky __ 23.71%/1000 MPa\/ﬁ

N
e Ay=1==22\VPpa
o A;=-2.87 7
e Ay =003 M
e A, =0Vn>4
e B, =0Vn

The proposed AGT framework integrates the components described above into a unified approach that
explicitly steers model attention toward domain-specific priors during training. Model explanations, gen-
erated using CAM techniques, are evaluated using four objective criteria—correctness, compactness, con-
tinuity, completeness—and are aligned with target explanations derived from fracture mechanics. This
alignment is enforced through a coherence criterion incorporated into the overall loss function.

The approach follows a two-stage training procedure:

1. An initial pretraining phase using only prediction loss.
2. A joint training phase using both prediction and explanation loss.

Model initialization and explanation selection

The U-Net model [34] is initialized using random weights. Initial training is required to reach a state

of salient explanations; this phase is empirically set to 30 epochs. Explanations are then generated using
the selected CAM methods mentioned in appendix A. Variations of targeted layers, methods, and score
functions were considered. Preliminary qualitative evaluations and discussions led to a focused explora-
tion of the encoder branch (Blocks Downl - Down4 and Base) in combination with the GAP score func-
tion. This choice is supported by several arguments: early encoder layers preserve diverse, high-fidelity
features; deeper layers (e.g. the bottleneck) capture more abstract representations; and GAP considers
the entire input signal when computing explanation scores. Finally, Grad-CAM++ was chosen for AGT
using the metrics found in figure 4.

Target attentions

Target attention maps d were computed from the von Mises stress field using the Williams series expan-
sion (equation (3)) and manual crack tip annotations. For comparison, two physical (domain-informed)
and two unphysical attention target strategies were considered. The variations originating from the phys-
ical crack tip field are:

e BW: The continuous field is binarized using an empirical threshold of 162 MPa. Regions above this
threshold were set to 1, others to 0.

e GW: The continuous field is obtained by clipping the Williams stress field to 162 MPa and below
75 MPa. Values below the threshold were set to 0, and values above to 1. The intermediate region was
re-scaled, resulting values in the range [0,1], yielding a continuous, non-binary attention map with
gradually fading intensity.

For comparison, additional unphysical attention targets were considered:

o Binary misleading (BM): The target attention is set to 1 within a 76-pixel square located at the bottom-
right corner of the domain and 0 elsewhere.
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o Multi-gradual misleading (MGM): The target attention is set to 1 at the top- and bottom-right corners
and gradually decays within a radius of 70 pixels, using a radius-dependent exponential decay e~ %01,

The empirical parameters chosen here were determined by balancing total relevant pixels and attention
with (ir)relevant areas. All attention maps were clipped and normalized to [0,1] for comparability.

Training procedure
Subsequently, attention supervision was activated via a joint loss:

Lot = (1 — Dice(y,§)) + A - CSI (<I>,<i>) ,

where y is the model output, y the binary segmentation label, ® the Grad-CAM++ attention heatmaps,
and ® the target attention heatmaps. The CSI was chosen for its scale invariance and stable gradients.
A weighting factor A =2 was used to balance the two loss terms, selected empirically to ensure that
domain supervision did not dominate training.

Appendix D. Statistical tests

To assess statistically significant differences between attention guidance strategies, we employed the
Mann-Whitney-U (MWU) test. The MWU test is a non-parametric alternative to the two-sample ¢-test
and does not assume normality, making it suitable for the small sample size of n= 10, independent runs
per strategy, and potentially skewed performance metrics considered in this study. All tests were conduc-
ted using the implementation contained in the Python package SciPy.

Each training run constitutes one independent sample. Runs were grouped according to their atten-
tion targets: Binary Williams(BW), GW, BM, MGM, and a Reference configuration without attention
guidance. For high-level analysis, strategies were further pooled into physical (BW + GW) and mislead-
ing (BM + MGM) groups.

Two families of directional hypotheses were evaluated at a significance level of a =0.05. First, three
pre-specified overview comparisons were performed to assess the general effect of attention guidance:

(i) Physical vs. Reference, (ii) Misleading vs. Reference, and (iii) Physical vs. Misleading. Second, four
follow-up comparisons were conducted to assess the performance of the best-performing attention
strategy BW relative to all remaining strategies. Directional hypotheses reflect the expected improvement
direction (lower is better for validation loss and correctness AUC, higher is better for reliability).

Opverall, physical attention guidance yields statistically significant improvements in validation loss
across both grouped and individual strategy comparisons. Reliability differences are largely non-
significant for in-distribution and mildly out-of-distribution datasets, which exhibit near-saturated per-
formance across all strategies. Statistically meaningful reliability differences emerge only for the far out-
of-distribution dataset Sosg 1.6, where the BW target consistently outperforms all baselines. These findings
indicate that physical attention guidance improves optimization behavior and robustness under distribu-
tion shift, with the BW attention targets achieving the strongest and most consistent performance gains.
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Table 2. Directional Mann—Whitney-U test results comparing attention guidance strategies. Each row reports the p-value for the stated
directional hypothesis. Statistically significant results (p < 0.05) are highlighted in bold.

Metric Hypothesis p-value
Validation loss Physical < Reference 0.0001
Physical < Misleading 0.0
Misleading < Reference 0.105
BW <R 0.0018
BW < BM 0.027
BW < MGM 0.0009
BW < GW 0.7146
Reliability Sie0,4.7 Physical > Reference 0.1586
Physical > Misleading 0.124
Misleading > Reference 0.4821
BW >R 0.121
BW > BM 0.0373
BW > MGM 0.3758
BW > GW 0.3909
Reliability Si60,2.0 Physical > Reference 0.1778
Physical > Misleading 0.3149
Misleading > Reference 0.3038
BW >R 0.5616
BW > BM 0.7473
BW > MGM 0.8004
BW > GW 0.9836
Reliability Sos0.1.6 Physical > Reference 0.3789
Physical > Misleading 0.2161
Misleading > Reference 0.7015
BW >R 0.0154
BW > BM 0.0069
BW > MGM 0.0045
BW > GW 0.002
AGT correctness (smaller Physical < Reference 0.0003
is better) Physical < Misleading 0.0
Misleading < Reference 0.2476
BW <R 0.0036
BW < BM 0.0036
BW < MGM 0.0129
BW < GW 0.8276
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