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Abstract: The evaluation of explainable artificial intelligence (XAI) methods has largely
focused on the properties of a single, fully-trained model. This static view overlooks a critical
dimension of reliability: the stability of an explanation throughout the training process. In
this paper, we introduce a formal framework to measure and analyze Temporal Explanation
Drift (TED), quantifying how a model’s explanations for a consistent, correctly classified input
change from one training epoch to the next. Our analysis on Vision Transformers reveals a
fundamental decoupling of stability: the high-level semantic focus of an explanation stabilizes
early, while its fine-grained structural representation continues to drift long after predictive
accuracy has converged. We demonstrate that this is a general phenomenon that extends to
Convolutional Neural Networks (CNNs), but find that its magnitude is critically dependent
on the explanation method. Our experiments reveal that post-hoc, gradient-based methods
like Grad-CAM are dramatically less stable than intrinsic methods like attention rollout. A
final, controlled experiment scientifically dissects these effects, showing that the choice of
explanation method is the primary driver of temporal instability, which is further modulated
by a nuanced interaction with the model’s architecture. Our work establishes temporal stability
as a distinct and vital property for evaluating the trustworthiness of explanations and provides
a practical framework for its measurement.

Keywords: explainable artificial intelligence (XAI); temporal stability; explanation
drift; saliency methods; training dynamics

1. Introduction

Deep neural networks have become a dominant force in artificial intelligence,
establishing new state-of-the-art benchmarks across a vast landscape of scientific
and industrial domains. Their success is particularly prominent in computer vision,
where they have revolutionized tasks ranging from medical image analysis for
disease diagnosis [1, 2] and pathology detection [3] to safety-critical applications
like autonomous vehicle perception [4, 5] and robotic control [6]. This remarkable
performance, however, is coupled with a significant challenge: their inherent
opacity. The complex, hierarchical, and non-linear nature of these “black box”
models makes their internal decision-making processes exceptionally difficult
for humans to comprehend. As these systems are increasingly integrated into
high-stakes environments where accountability and trust are non-negotiable, this lack
of transparency poses a significant barrier to their adoption and safe deployment [7,8].
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The field of Explainable AI (XAI) has emerged to directly confront this
challenge, aiming to develop methods that can render the reasoning of complex
models intelligible [9, 10]. A prominent family of techniques within XAI produces
saliency maps, which visualize the importance of different input features—typically
pixels or image regions—to a model’s final prediction. These methods can be broadly
categorized into intrinsic approaches, which leverage architectural components like
the self-attention mechanism in Transformers [11,12], and post-hoc approaches, such
as the widely used gradient-based method Grad-CAM [13], which can be applied to
any differentiable model. The ultimate goal of these techniques is not just to produce a
plausible-looking heatmap, but to provide an explanation that is a faithful and reliable
account of the model’s true behavior [14].

Significant research has been dedicated to critically evaluating the properties of
these explanations. This has led to a more rigorous understanding of their limitations,
establishing key desiderata such as robustness to input perturbations [15, 16] and
reliability across semantically similar inputs [17]. Foundational “sanity checks”
have even revealed that some saliency methods are surprisingly insensitive to model
parameters, operating more like sophisticated edge detectors and thus failing to
reflect the model’s learned knowledge [18, 19]. However, these vital evaluation
paradigms have almost exclusively focused on a static snapshot of the model: a single,
fully-trained checkpoint. This overlooks a crucial dimension of model behavior—its
evolution over the course of training.

This raises a critical and unexplored question: what if an explanation, while
seemingly coherent at the final epoch, was radically different just a few epochs
prior, even when the model’s prediction was consistently correct and confident? A
highly volatile explanation for a stable prediction implies an unstable underlying
reasoning process, which undermines the trustworthiness of the final explanation. In
safety-critical domains—such as medical diagnosis or autonomous driving—a model
whose internal rationale fluctuates unpredictably during training may not be considered
reliable, even if its final accuracy appears sufficient. Such instability might suggest
that the model’s decision boundary remains sensitive to small changes in optimization
dynamics, or that the explanation method itself is not a faithful instrument for
interpreting the model’s cognitive process.

This paper argues that the temporal stability of an explanation is a distinct,
measurable, and vital property of its overall reliability, complementary to established
desiderata like faithfulness and robustness. An explanation that remains consistent
as a model converges on a solution is inherently more trustworthy than one that
shifts erratically, because it indicates a consolidation of the model’s internal feature
attribution rather than a transient alignment. To formalize and investigate this concept,
we introduce a framework for measuring Temporal Explanation Drift (TED). Our
systematic analysis across different architectures and explanationmethodologies makes
the following contributions:

• We propose a rigorous methodology and a new set of metrics, including the
Temporal Explanation Stability Score (TESS), to quantify the stability of
saliency-based explanations across a model’s entire training trajectory. Our
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framework is carefully designed to isolate the dynamics of the explanation from
changes in the model’s predictive output by conditioning on a stable prediction
subset.

• Our analysis of Vision Transformers [20] reveals a fundamental decoupling of
stability. We show that the high-level semantic focus of an explanation (what the
model is looking at) stabilizes relatively early in training, while its fine-grained
structural representation (the precise shape and texture of the explanation map)
remains in a state of continuous, subtle refinement long after model accuracy has
converged.

• We demonstrate that this phenomenon is generalizable to Convolutional Neural
Networks (CNNs) and find that post-hoc, gradient-based methods like Grad-CAM
are dramatically less stable than intrinsic methods like attention rollout. Our final,
controlled experiment scientifically dissects these effects, revealing that the choice
of explanation method is the primary driver of temporal instability, with this effect
being further modulated by a nuanced interaction with the model’s architecture.

The remainder of this paper is structured as follows. We first review related
work in XAI evaluation and the analysis of training dynamics. We then detail our
methodology for quantifying temporal drift. Subsequently, we present the results
of our three-part experimental investigation, before concluding with a discussion of
our findings and their implications for developing more reliable and trustworthy AI
systems.

2. Related work

Our research is positioned at the intersection of three key domains: the
development of explanation methods, the critical evaluation of their properties, and
the broader analysis of neural network training dynamics.

2.1. Methods in explainable AI (XAI)
The pursuit ofmodel interpretability has given rise to a diverse array of explanation

techniques. Our work engages with two prominent families of these methods for
vision models. The first is intrinsic methods, which derive explanations directly from
a model’s architectural components. For Vision Transformers (ViTs) [20], which form
the basis of our initial experiments with DeiT [21], the self-attention mechanism itself
serves as a natural source of interpretability. Techniques like Attention Rollout [11]
aggregate attention weights across layers to produce a saliency map, operating under
the assumption that these weights reflect the model’s feature importance priorities.
Recent works have further refined attention-based explainability for ViTs, introducing
methods that combine attention with gradient information or adapt rollout to deeper
architectures [12,22]. Beyond attention, intrinsic methods also include concept-based
interpretability built directly into model architectures [23].

The second family is post-hoc, gradient-based methods, which are model-agnostic
and can be applied to any differentiable architecture. These methods use
backpropagated gradients as a proxy for feature importance. Grad-CAM [13] is
arguably the most influential of these, using the gradients flowing into the final
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convolutional layer to produce a coarse localization map that highlights important
regions for a given prediction. Its widespread adoption, applied here to a MobileNetV3
architecture [24], makes it a critical subject for our stability analysis. While these
methods are powerful, our work investigates a previously under-explored property:
how their outputs change as the gradients themselves evolve throughout training.
Notably, other major post-hoc families—perturbation-based (e.g., LIME [25],
SHAP [26]) and axiomatic approaches (e.g., Integrated Gradients [27])—are beyond
the scope of our experiments but represent important paths for future temporal stability
evaluation. Recent surveys have systematically categorized these methods and their
evaluation criteria [28,29].

2.2. The critical evaluation of explanations
Early XAI research focused primarily on generating explanations, but a more

recent and critical line of inquiry has focused on evaluating their quality and reliability.
This literature has established several key desiderata for a good explanation. One of
the most important is faithfulness, which measures whether the explanation accurately
reflects the model’s internal reasoning process [14]. Another is robustness, which
assesses the stability of an explanation in response to small, often imperceptible,
perturbations to the input image [15,18]. Sanity checks proposed by Adebayo et al. [18]
famously demonstrated that some explanation methods were not sensitive to model
parameters, casting doubt on their faithfulness. Similarly, work on reliability has shown
that explanations can be inconsistent across semantically similar inputs [17]. More
recent evaluation frameworks have introduced standardized benchmarks and metrics
for comparing saliency maps across a broad range of models and methods [30–32].

While these works have been foundational in establishing amore rigorous standard
for XAI, they have predominantly focused on evaluating explanations for a static,
fully-trained model. Our work introduces a new, orthogonal dimension to this
evaluation paradigm: temporal stability. We argue that an explanation’s consistency
over the training trajectory is a distinct and vital property. An explanation that is faithful
and robust at epoch 50 but was radically different at epoch 49, despite no change in
predictive accuracy, may not be a trustworthy account of a stable reasoning process.
This temporal perspective connects directly to growing concerns about the brittleness
of explanations when models are deployed in non-stationary environments [29].

2.3. Analyzing neural network training dynamics
Our methodology is also inspired by a broader line of research that seeks to

understand not just what neural networks learn, but how they learn it over time. Seminal
works have investigated how internal representations evolve during training, using
techniques such as Singular Vector Canonical Correlation Analysis (SVCCA) [33]
or Centered Kernel Alignment (CKA) [34] to measure the similarity of learned
representations across different layers, models, or training epochs. These studies have
revealed that networks often converge on stable representations in a bottom-up fashion
and that different architectures have distinct learning dynamics. Recent extensions have
applied these similarity measures to study phenomena like grokking and the emergence
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of structured representations in largemodels [35,36]. Furthermore, new approaches that
use loss landscape geometry to understand training phases have also emerged [37,38].

This paper extends this “dynamics-oriented” perspective to the domain of
explainability. Just as prior work has tracked the evolution of internal feature maps,
we track the evolution of the final saliency maps. By doing so, we connect the field
of XAI evaluation with the fundamental study of learning dynamics, using explanation
drift as a novel lens through which to observe model convergence, consolidation, and
the subtle onset of overfitting.

3. Methodology

To quantitatively investigate the temporal stability of explanations, we developed
a formal framework for measuring drift over the course of model training, as illustrated
in Figure 1. Our approach is designed to isolate the dynamics of the explanation
mechanism itself, independent of changes in the model’s predictive output.

Training Trajectory t = 1 −−−−−−−−−−−−−−−→ T

Input Image
x ∈ X

Input

θ(1)

Random Init

Epoch t=1

θ(i)

Learning
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θ(T )

Converged

Epoch t=T

· · · Save
checkpoints

✓ Stability Filter
Dstable :=
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∣∣ fθ(t)(x) =
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}
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Include in
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· · ·
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(
x; θ(t)

)
Drift Drift

Metric Calculation

1. Cosine Distance direction

2. Jensen–Shannon Div. distribution
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TED(x) :=
2

T (T−1)

∑
i<j

Dist(si, sj)

TESS Score

TESS(x) := 1− TED(x)

Temporal Stability ∈ [0, 1]

Figure 1. The Proposed Framework for Measuring Temporal Explanation Drift (TED). The
diagram illustrates the extraction of the Stable Prediction Subset (Dstable) and the calculation
of stability metrics across training epochs.

3.1. Preliminaries and problem formulation
LetX ⊂ Rd be the input image space and Y be the corresponding label space. We

consider a deep neural network, parameterized by θ(t) at training epoch t ∈ {1, . . . , T},
which defines a mapping function fθ(t) : X → Y .

An explanation function, S, produces a saliency map for a given input x ∈ X and
model state θ(t). This map is a vector or matrix in Rm that assigns an importance score
to each of them input features (e.g., patches or pixels). We define the explanation for
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input x at epoch t as:
st(x) := S(x; θ(t)) ∈ Rm. (1)

Our goal is to quantify the dissimilarity of the sequence of explanations
{s1(x), s2(x), . . . , sT (x)} for a given input x.

3.2. Isolating explanation dynamics: The stable prediction subset
A naive analysis of explanation drift can be confounded by changes in the model’s

prediction. An explanation will necessarily change if the model fundamentally alters its
classification of an object. To disentangle the drift of the explanation from the drift of
the prediction itself, we perform all analyses exclusively on a Stable Prediction Subset,
denoted Dstable. This subset is formally defined as:

Dstable := {x ∈ Dtest | fθ(t)(x) = ytrue, ∀t ∈ {1, . . . , T}}. (2)

By conditioning our analysis on this subset of consistently and correctly classified
images, we ensure that any observed drift is attributable to changes in the model’s
internal reasoning process, not its final output.

3.3. Quantifying Temporal Explanation Drift (TED)
For any given input x ∈ Dstable, we define the Temporal Explanation Drift (TED)

as the average pairwise dissimilarity between its explanations across all sampled epochs.
This provides a single, aggregate measure of its overall stability throughout training:

TED(x) := 2

T (T − 1)

T∑
i=1

T∑
j=i+1

Dist(si(x), sj(x)) (3)

where Dist(·, ·) is a chosen distance function between two saliency maps.

3.4. Distance metrics for saliency maps
To provide a holistic and robust measure of dissimilarity, we employ three

complementary distance metrics, each capturing a different aspect of an explanation’s
properties. Let A and B be two saliency maps in Rm.

• Cosine distance: Measures the change in the vector direction of the explanations,
making it sensitive to shifts in the high-level focus of attention but invariant to
uniform changes in magnitude. It is defined as:

Distcos(A,B) = 1− A · B
∥A∥2∥B∥2

= 1−

m∑
k=1

AkBk√
m∑
k=1

A2
k

√
m∑
k=1

B2
k

(4)

Cosine distance is widely used in XAI evaluation to compare explanation
vectors [30].

• Jensen–Shannon divergence (JSD): After normalizing the saliency maps to sum
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to one (treating them as probability distributions PA and PB), JSD quantifies the
difference in the overall distribution of importance scores. It is a symmetrized
and smoothed version of the Kullback–Leibler (KL) divergence, based on
information-theoretic principles [39], defined as:

JSD(PA∥PB) =
1

2
DKL(PA∥M) +

1

2
DKL(PB∥M) (5)

where M = 1
2(PA + PB) and the KL divergence is DKL(P∥Q) =

m∑
k=1

Pk log
(

Pk
Qk

)
.

• Structural similarity index measure (SSIM): Used as a distance metric (1 −
SSIM), it measures perceptual changes in structure, texture, and luminance
between two image-like maps. It is highly sensitive to fine-grained spatial
reconfigurations. The SSIM index was originally proposed for image quality
assessment [40] and is given by:

SSIM(A,B) = (2µAµB + c1)(2σAB + c2)

(µ2
A + µ2

B + c1)(σ2
A + σ2

B + c2)
(6)

where µ is the mean, σ2 is the variance, σAB is the covariance of A and B, and
c1, c2 are small constants to ensure stability.

3.5. The Temporal Explanation Stability Score (TESS)
For ease of interpretation, we invert the drift into a normalized stability score, the

Temporal Explanation Stability Score (TESS), bounded between 0 and 1:

TESS(x) := 1− TED(x). (7)

ATESS score of 1 indicates perfectly stable explanations that do not change at all during
training, while a score approaching 0 indicates maximal instability. The average TESS
score over the dataset, TESSavg, is used to compare the overall stability of different
model-method combinations.

3.6. Analyzing fine-grained dynamics: Consecutive drift
While TED and TESS provide aggregate stability measures, they do not reveal the

evolutionary dynamics of drift over time. To analyze this, we compute the Consecutive
Drift, which measures the dissimilarity between explanations at adjacent epochs:

eDriftconsec(x, t) := Dist(st(x), st+1(x)) (8)

By averaging this value across all images in Dstable for each epoch t, we can plot
the evolution of drift throughout training. This visualization is crucial for identifying
distinct phases of stability, such as the initial high-volatility reorganization phase and
the later fine-tuning and convergence phase.

3.7. Theoretical motivation for decoupled drift
Before turning to the experiments, we articulate a theoretical rationale for the

decoupled drift phenomenon that our framework is designed to capture. This rationale
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gives a principled basis for expecting two distinct timescales in explanation evolution.

3.7.1. Early semantic stabilisation

In the initial phase of training, a deep network rapidly learns to separate the major
class‑conditioned modes of the data. Once the model has identified the coarse image
region that discriminatively signals the target class, the direction of the explanation
vector becomes anchored. From the perspective of the loss landscape, the network
enters a wide basin where the dominant gradient component with respect to the input is
aligned with that semantic region [38]. Consequently, the high‑level attribution (what
the model looks at) changes very little from that point onward.

3.7.2. Persistent structural refinement

Although the semantic focus is stable, the precise shape of the saliency map
continues to evolve. Each stochastic gradient step perturbs the decision boundary
locally, especially near the margins of the attended region. These tiny boundary
adjustments manifest as fine‑grained spatial reconfigurations in the explanation
heatmap—blurring, sharpening, or slight translation—while the centre of mass remains
unchanged. The structural similarity index measure (SSIM) is acutely sensitive to such
local texture and luminance variations, which is why structural drift (1 – SSIM) remains
elevated long after semantic metrics (Cosine, JSD) have plateaued.

3.7.3. Gradient‑based methods amplify the effect

Post‑hoc gradient‑based explainers, such as Grad‑CAM, differentiate through
the loss surface directly. They therefore inherit the high‑frequency noise present
in stochastic gradients, which acts as an additional jitter on the saliency map [18].
Intrinsic methods, like attention rollout, read directly from the model’s internal
feature‑attribution weights, which are of lower frequency and averaged over many
forward passes. This qualitative difference explains why gradient‑based explanations
are inherently more fragile to temporal perturbations throughout training.

Taken together, these considerations motivate the use of a composite metric
suite (Cosine, JSD, SSIM) and a consecutive‑drift view: they jointly disentangle
semantic convergence from structural wandering and isolate the extra instability that
gradient‑based methods introduce.

3.8. Computational cost and scalability
The TED framework operates offline and does not alter the training loop; however,

its cost profile is worth characterising. For a model trained for T epochs with a stable
subset of size N , the procedure requires:

• Storing T model checkpoints (or equivalently, computing saliency maps on the
fly).

• Generating N · T saliency maps for each explanation method under study.
• Computing pairwise distances for aggregation and consecutive drift.

On our experimental setup—a DeiT‑Tiny model trained on CIFAR‑10 for T =

50 epochs with N = 139—the entire analysis (all three metrics, two explanation
methods) completes in under one hour on a single mid‑range GPU. Checkpoint storage
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is negligible (< 1GB total).
For substantially larger models or datasets, the cost can be kept manageable with

two simple design choices:

1. Anchor‑epoch evaluation: instead of saving every epoch, evaluate at a subset
of K ≪ T evenly spaced epochs. The qualitative phase structure can still be
recovered withK ≈ 10–15.

2. Incremental distance updates: the consecutive drift at epoch t can be computed
and immediately aggregated, so that only two successive saliency maps need to
be held in memory at any time.

These options allow the framework to scale to larger settings without
compromising its diagnostic power, making TED practical for research quality
assurance and, potentially, for periodic monitoring during model development.

4. Experimental results

To study how explanations evolve during training, we fine-tuned a pre-trained
DeiT-Tiny Vision Transformer on CIFAR-10 for 50 epochs and saved checkpoints
after every epoch. For a fixed set of test images that were correctly classified
throughout training (the stable prediction subset Dstable), we extracted attention-based
saliency maps at each epoch. Using our consecutive drift measures and the aggregated
TESS score, we found that explanation drift is not uniform but rather unfolds in two
qualitatively distinct stages.

4.1. Temporal dynamics reveal a decoupling of semantic and structural
drift
Figure 2 shows the average consecutive drift between adjacent-epoch attention

maps, measured with three different distances. Two clearly separated regimes emerge:

• Phase 1: Early reorganization (Epochs 1–15). All three metrics indicate high
volatility in the first 15 epochs. The model, adapting from its pre-trained
initialization to CIFAR-10, undertakes a rapid restructuring of feature
representations. Structural drift (1– SSIM) is especially pronounced, signaling
that the spatial layout of attention changes considerably during this period.

• Phase 2: Semantic consolidation and structural refinement (Epochs 15–50).
After this initial phase, Cosine distance and JSD quickly drop and remain near zero.
This means that the overall direction of the explanation—what part of the image
the model focuses on—becomes stable relatively early. In contrast, structural drift
(1– SSIM) settles at a higher baseline and continues to fluctuate. The model keeps
refining the precise contour and texture of its attention maps even after its semantic
focus has locked in.

This divergence between semantic and structural drift is the core empirical finding
of our work. While the model’s high-level attention target is fixed early, the detailed
shape of the saliency map remains under continuous modification throughout the rest
of training, long after prediction accuracy has plateaued.
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Figure 2. Average consecutive drift between explanation maps across adjacent epochs. The
plot shows high initial drift across all metrics, followed by a divergence where semantic drift
(Cosine, JSD) stabilizes near zero while structural drift (1− SSIM) remains elevated.

4.2. Qualitative analysis of stability extremes
Figure 3 provides visual examples from both ends of the stability spectrum within

Dstable. The most stable example (TESScos = 0.975) shows the model attending to the
horse’s torso already at Epoch 2, and this focus is maintained in all later epochs. Yet
even here, subtle shifts in the sharpness and spread of the attention map are visible:
at Epoch 26 the hotspot is more concentrated, while by Epoch 50 it has become more
diffuse. Cosine distance remains low because the center of attention does not move,
but SSIM picks up these local shape changes.

(a)Most stable example (top row).

(b) Least stable example (bottom row).

Figure 3. Evolution of attention maps for the most stable (top row) and least stable (bottom
row) examples from Dstable. The images show how semantic focus can lock in early, while
fine-grained structural details continue to change.

The least stable example (TESScos = 0.930) illustrates the opposite. Early
attention targets the ship’s superstructure (Epoch 2), then moves significantly to the
hull by Epoch 11. This large spatial shift corresponds to the elevated drift across all
metrics during the early reorganization phase. As training progresses, the attention map
continues to reshape, aligning with the persistent structural drift seen in later epochs.

4.3. Aggregate stability over the full training trajectory
Table 1 summarizes the stability scores averaged over the entire 50-epoch

trajectory. Out of 200 analyzed test images, 139 (69.5%) remained consistently
correctly classified, forming a reasonably sized stable subset for analysis.
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Table 1. Aggregate stability results.

Category Metric Value

Dataset statistics Size of Analyzed Test Set 200
Size of Dstable 139
Percentage Stable 69.50%

Aggregate stability scores TESSavg (Cosine) 0.9574 ± 0.0084
TESSavg (JSD) 0.9862 ± 0.0029
TESSavg (SSIM) 0.8257 ± 0.0475

Note: Dataset statistics and average Temporal Explanation Stability Scores (TESS) over Dstable across the full 50-epoch training
trajectory. Directional/distributional metrics (Cosine, JSD) show high stability, while the structural metric (SSIM) is lower and more
variable.

The average TESS values reinforce the patterns observed in the consecutive drift
plot. Cosine and JSD scores are high (0.9574 and 0.9862, respectively), indicating
that explanations are remarkably stable in terms of direction and distribution. The
SSIM-based TESS is substantially lower (0.8257) and shows greater variance (standard
deviation ± 0.0475). This confirms that while semantic positioning of attention
stabilizes early, the fine spatial structure of the saliency map is the primary source of
long-term explanation instability in a fine-tuned Vision Transformer.

Taken together, these results show that temporal explanation stability is a
two-component phenomenon. Once a model has learned the basic class-discriminative
features, its semantic attention stabilizes, whereas the structural details of its
explanations continue to evolve, exhibiting a prolonged refinement phase that persists
even after predictive accuracy converges.

5. Generalization and the fragility of gradient-based explanations

Having established the existence of temporal explanation drift in Vision
Transformers, a critical question arises: is this phenomenon an idiosyncrasy of
the attention mechanism, or is it a more fundamental property of deep neural
network training? To investigate this, we extended our analysis to a different
architectural class—a Convolutional Neural Network (CNN), and a different mode of
explanation—the widely used gradient-based method, Grad-CAM (see Figure 4).

Figure 4. Average consecutive drift for Grad-CAM explanations from MobileNetV3. The
pattern is similar to the Vision Transformer, but the magnitude of the drift is significantly higher
across all metrics.
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For this experiment, we trained a MobileNetV3 model on the CIFAR-10 dataset,
following the same 50-epoch protocol. The results provide supporting evidence that
temporal explanation drift generalizes across architectures, while also revealing notable
differences in magnitude that warrant careful interpretation.

5.1. Architectural generalization and evidence of overfitting
The training dynamics of the MobileNetV3 model, shown in Figure 5, provide

essential context for our stability analysis. While the model achieves high training
accuracy (99%), a significant and persistent gap emerges between training and
validation performance, indicating a more pronounced overfitting behavior compared
to the DeiT model. This tendency to overfit, which is common in compact
architectures trained on small datasets, may amplify the brittleness of gradient signals
that Grad-CAM relies upon.

Figure 5. Training and validation accuracy for the MobileNetV3 model over 50 epochs. The
divergence between the two curves suggests a degree of overfitting.

5.2. Amplified drift in a CNN architecture
The analysis of the MobileNetV3 explanations reveals a drift pattern qualitatively

similar to that observed in the Vision Transformer: a turbulent early phase followed by
a later phase where semantic metrics (Cosine, JSD) stabilize while structural drift (1−
SSIM) persists. However, the absolute scale of this drift is notably larger. The semantic
drift, as measured by Cosine distance, stabilizes at an average value of approximately
0.07—nearly three times higher than the 0.025 observed for the DeiT model’s attention
maps. The structural drift is similarly inflated.

This increase in instability is quantified inTable 2. The aggregate TESS scores for
MobileNetV3 are substantially lower across all metrics compared to the DeiT model
from Experiment 1. The average structural stability score, TESSavg (SSIM), drops from
0.826 to 0.670, and the directional stability, TESSavg (Cosine), falls from 0.957 to 0.886.
These results, while limited to a single CNN architecture and training run, strongly
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suggest that the Grad-CAM explanations for this model are more temporally erratic
than the attention rolls for the ViT.

Table 2. Aggregate stability results for MobileNetV3 with Grad-CAM.

Category Metric Value

Dataset Statistics Size of Analyzed Test Set 200
Size of Dstable 130
Percentage Stable 65.00%

Aggregate Stability Scores TESSavg (Cosine) 0.8860 ± 0.0550
TESSavg (JSD) 0.9350 ± 0.0327
TESSavg (SSIM) 0.6697 ± 0.0635

Note: Dataset statistics and average Temporal Explanation Stability Scores (TESS) over Dstable. Compared to Table 1, all metrics are
notably lower, with the sharpest decline in SSIM indicating severe structural drift.

5.3. Qualitative analysis: A case study in explanation collapse
The qualitative examples in Figure 6 provide a stark visual testament to this

instability. Even the “Most Stable” example (TESScos = 0.971) exhibits considerable
structural flux, with the Grad-CAM heatmap expanding and shifting its focus across
the car’s chassis over time.

(a)Most stable example (top row).

(b) Least stable example (bottom row).

Figure 6. Evolution of Grad-CAM explanations for the most stable (top) and least stable
(bottom) examples from MobileNetV3. The least stable example demonstrates a near-total
collapse of the explanation’s semantic coherence over time.

The “Least Stable” example (TESScos = 0.482) is a powerful illustration of a
near-total explanation collapse. The model’s explanation for its stable prediction
becomes chaotic: focus shifts erratically from the bird’s tail (Epoch 2) to its wing
(Epoch 11), eventually dissolving into a fragmented pattern by Epoch 50.

This behavior illustrates that when a model exhibits overfitting, gradient-based
explanations can become particularly brittle. Since Grad-CAM operates directly
on backpropagated gradients, it may amplify local fluctuations that arise from
memorization rather than robust feature learning. Consequently, the model may output
the correct answer while its gradient-based justification varies substantially across
training epochs.

In summary, this experiment provides initial evidence that the decoupling of
semantic and structural drift may be a common phenomenon across architectures, but
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that the severity of drift is highly dependent on the explanation method and the degree
of overfitting. While intrinsic methods like attention rollout appear relatively stable,
gradient-based post-hoc methods can be significantly more fragile, especially under
conditions that promote overfitting. We caution that these observations derive from a
single CNN architecture on a relatively simplistic dataset; broader validation is needed
to establish general patterns.

6. Decomposing instability: Architectural vs. methodological effects

Our preceding experiments confirmed that temporal explanation drift generalizes
across architectures but appears more severe in a CNN using Grad-CAM than in a
ViT using attention rollout. This, however, conflates two variables: the model and
the method. To scientifically dissect the sources of this instability, we conducted a
final, crucial experiment: we applied theGrad-CAMexplanationmethod to the original,
well-behaved DeiT model checkpoints. This allows for a direct, controlled comparison
between explanation methodologies on an identical model, and between architectures
using an identical explanation method.

The results, summarized in Figure 7 and Table 3, reveal that the choice of
explanation method is not a minor detail but is, in fact, the primary driver of temporal
instability.

Figure 7. Comparative analysis of Temporal Explanation Stability Scores (TESS) across
different model-method combinations. This chart highlights the dramatic drop in stability when
switching from attention rollout to Grad-CAM on the same DeiT model.

Table 3. Aggregate stability results for DeiT with Grad-CAM.

Category Metric Value

Dataset statistics Size of Analyzed Test Set 200
Size of Dstable 139
Percentage Stable 69.50%

Aggregate stability scores TESSavg (Cosine) 0.8109 ± 0.0689
TESSavg (JSD) 0.8973 ± 0.0426
TESSavg (SSIM) 0.4369 ± 0.0715

Note: Dataset statistics and average Temporal Explanation Stability Scores (TESS) over Dstable. Compared to Table 1 (DeiT with
Attention Rollout), all metrics drop sharply, with the largest declines in Cosine and SSIM, highlighting the instability introduced by
Grad-CAM.
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6.1. A Pronounced drop in stability with gradient-based methods
By applying Grad-CAM to the DeiT model, we observed a profound collapse in

explanation stability. As shown in the comparative results in Figure 7, the structural
stability score (TESSavg SSIM) plummeted from a robust 0.826 with attention rollout
to a deeply unstable 0.437 with Grad-CAM—on the exact same set of saved model
weights. The directional stability (TESSavg Cosine) likewise degraded significantly,
from 0.957 to 0.811.

This finding provides unambiguous evidence that post-hoc, gradient-based
methods like Grad-CAM are inherently more susceptible to temporal drift than
intrinsic methods that read directly from the model’s architectural state. While the
model’s internal attention stabilized early in training, its corresponding gradient
landscape remained in a state of significant flux, which was then inherited by the
Grad-CAM explanations.

6.2. A nuanced architectural interaction
The comparison between architectures using the same explanation method also

yielded a surprising insight. Contrary to the hypothesis that the more heavily
over-fitting MobileNetV3 model would be the least stable, the DeiT model explained
with Grad-CAM was demonstrably worse (TESSavg SSIM of 0.437 vs. 0.670 for
MobileNetV3).

This suggests a more nuanced interaction between architecture and explanation.
While the hierarchical and spatially-constrained nature of CNNs may inherently
produce smoother gradient landscapes, the global, less-structured self-attention blocks
of a ViT may result in sharper or more sensitive gradients. Consequently, when a ViT
is probed by a gradient-based method, this underlying sensitivity is expressed as severe
temporal instability.

6.3. Visualizing the instability
The qualitative results in Figure 8 visually cement this conclusion. The “Least

Stable” example, with a TESScos score of 0.630, is a textbook case of explanation chaos.
The model’s focus shifts without any discernible semantic logic from one epoch to the
next, despite the model’s prediction remaining correct and stable. This is the visual
signature of an explanation method that is failing to provide a consistent or trustworthy
account of the model’s behavior. The “Most Stable” example, while quantitatively
better, still shows notable changes in heatmap shape and intensity that were absent in
the attention-based explanations.

(a)Most stable example (top row).

Figure 8. Cont.
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(b) Least stable example (bottom row).

Figure 8. Qualitative examples of Grad-CAM explanations for the DeiT model. The “Least
Stable” example (bottom) shows erratic and semantically incoherent shifts in focus across
epochs, despite a stable and correct prediction.

In conclusion, our work reveals a clear hierarchy of stability. The most stable
explanations are derived from intrinsic model properties (like attention). Stability
degrades significantly when using post-hoc gradient methods, and this degradation
is further modulated by the underlying architecture, with ViTs exhibiting a particular
fragility to this mode of explanation. This underscores a critical, practical takeaway for
the XAI field: an explanation’s temporal stability is a distinct and vital property that is
fundamentally tied to the method used to generate it.

7. Conclusion

Our investigation into the temporal dynamics of XAI reveals that explanation
stability is not a monolithic property, but a multi-faceted characteristic of deep learning
models. Across architectures and explanation methods, we consistently observed a
decoupling: an explanation’s high-level semantic focus stabilises early in training,
while its fine-grained structural representation continues to drift long after predictive
accuracy has converged.

Crucially, the choice of explanation method is the primary driver of temporal
instability. Post-hoc, gradient-based methods like Grad-CAM are dramatically less
stable than intrinsic methods like attention rollout. This instability is further modulated
by a nuanced interaction with the model’s architecture. The core practical takeaway
is that temporal stability is a distinct and vital property of explanation trustworthiness,
and it is fundamentally tied to the method used to generate the explanation.

The framework itself is theoretically grounded (Section 3.7) and computationally
practical. A full TED analysis on a standard vision benchmark completes in under an
hour on modest hardware, and lightweight protocols such as anchor-epoch evaluation
and incremental drift updates are available for large-scale settings (Section 3.8).

We acknowledge several limitations of this initial study. Our experiments
are limited to the CIFAR-10 dataset; the exact drift magnitudes may vary on more
complex benchmarks (e.g., CIFAR-100, ImageNet) or in other modalities such as
object detection and NLP. We examined only two representative explanation methods
(attention rollout and Grad-CAM), while perturbation-based (LIME), axiomatic
(SHAP, Integrated Gradients), and example-based approaches remain to be tested.
The models used (DeiT-Tiny, MobileNetV3) are relatively small compared to modern
foundation models, and scaling could introduce new stability dynamics. Finally, this
study does not include statistical significance tests or replicate runs, which would be
needed to formally quantify metric variability. Despite these limitations, the TED
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framework is general and can be applied directly to any saliency map, architecture, or
dataset.

Several immediate directions follow from this work. First, systematically
evaluating the effect of common regularisation techniques (weight decay, dropout,
data augmentation) on TESS will connect training practice to explanation stability.
Second, extending the analysis to a broader family of explanation methods (LIME,
SHAP, Integrated Gradients) and more complex datasets (CIFAR-100, ImageNet, and
beyond) will map the full landscape of temporal stability. Third, practical mitigation
strategies deserve dedicated investigation: one could design an explanation-aware
training penalty that directly minimises consecutive SSIM drift, or apply post-hoc
temporal ensembling of saliency maps from nearby checkpoints to smooth structural
fluctuations. These directions shift the role of explanation stability from a passive
diagnostic to an actively optimised property, paving the way toward models that are
both accurate and transparently consistent in their reasoning.
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