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As deep learning (DL) models are widely used in software systems, test generation plays a crucial
role in assessing the quality of such models before deployment. To date, the most advanced test
generators rely on generative AI to synthesize inputs; however, these approaches remain limited
in providing semantic insight into the causes of misbehaviours and in offering fine-grained
semantic controllability over the generated inputs. In this paper, we introduce Detect, a feature-
aware test generation framework for vision-based DLmodels that generates inputs by perturbing
disentangled semantic attributes within the latent space. Detect perturbs individual latent
features in a controlled way and observes how these changes affect the model’s output. Through
this process, it identifies which features lead to behaviour shifts and uses a vision-languagemodel
for semantic attribution. Detect enables semantically controlled perturbations in StyleGAN’s
disentangled latent space, allowing us to test whether a model generalizes under task-relevant
feature changes and remains invariant under task-irrelevant ones. Empirical results across image
classification and detection tasks show that Detect generates high-quality test cases with fine-
grained control, reveals distinct shortcut behaviours across model architectures (convolutional
and transformer-based), and bugs that are not captured by accuracy metrics. Specifically, Detect
outperforms a state-of-the-art test generator in decision boundary discovery and provides more
interpretable feature-level diagnoses than a leading spurious feature localization method in
identifying robustness failures. Our findings show that fully fine-tuned convolutional models
are prone to overfitting on localized cues, such as co-occurring visual traits, while weakly
supervised transformers tend to rely on global features, such as environmental variances. These
findings highlight the value of interpretable and feature-aware testing in improving DL model
reliability, and refocus DL testing from class-level failure discovery to feature-level, semantically
grounded diagnosis and repair.

CCS Concepts: • Software and its engineering→ Software testing and debugging.

Additional Key Words and Phrases: Deep learning testing, test generation, explainable AI,
spurious correlations, feature invariance

1 INTRODUCTION

Deep learning (DL) models such as convolutional neural networks (CNNs) and trans-
formers have achieved impressive performance on many computer vision bench-
marks [12], and they are widely deployed in many software systems nowadays. How-
ever, this success often fails to translate to real-world deployments, where models en-
counter inputs that differ, sometimes subtly, from those seen during training [26, 54, 80].
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These failures arise from two main challenges, namely limited generalization to un-
seen but valid inputs, and lack of robustness to spurious correlations that the model
mistakenly relies on. Conceptually, these problems are related to the empirical risk
minimization paradigm [69], which encourages DL models to optimize average perfor-
mance over the training distribution, regardless of whether the features they exploit are
semantically meaningful. As a result, models often learn shortcut solutions—spurious
correlations tied to background, lighting, pose, or co-occurring objects—that work on
the training set but fail when exposed to real-world data distributions [17, 22].

While deriving from the same root problem, in the literature, these two challenges
have been investigated separately. While test generation techniques aim to evaluate
model generalization by synthesizing new inputs that may uncover erroneous be-
haviours [53, 82], they often lack explainability and perturb multiple features in an
entangled manner (e.g., by injecting global Gaussian noise or simultaneously mod-
ifying lighting, texture, and object semantics). Therefore, existing test generation
techniques expose failures but entangle features and lack semantic attribution. Con-
versely, spurious feature analyses traditionally focused on robustness. They investigate
whether models rely on invariant, task-irrelevant features, but typically through reac-
tive post-hoc explanation tools such as saliency maps [7, 57]. This separation between
input synthesis and feature diagnosis limits effective test generation and DL model
improvements.
To fill this gap, in this paper, we propose Detect, an explainable test generation

framework that unifies test generation and spurious feature identification by testing
behaviours of DL systems under semantically controlled perturbations. Our approach
is based on the insight that both generalization and robustness concerns can be
addressed through feature-aware changes in the disentangled latent space: by precisely
manipulating individual semantic features, either relevant or irrelevant to the task,
Detect assesses not only if the DL model generalizes to novel inputs by varying the
relevant features, but also whether it remains invariant under task-irrelevant changes.
To achieve this, Detect leverages a style-based generative model trained on the

same distribution as the system under test (SUT), which provides access to a disentan-
gled latent space of semantic features. By perturbing latent dimensions, we generate
realistic input variants with fine-grained changes in specific attributes. This enables
feature-aware test generation, by perturbing task-relevant features to explore decision
boundaries to uncover untested regions or modifying task-irrelevant features to assess
prediction invariance and identify spurious dependencies. Detect incorporates a
feature-aware test oracle, which quantifies model response to controlled perturbations
using a logit-based criterion. If the model’s prediction significantly shifts after mod-
ifying a semantically irrelevant feature, it is flagged as a robustness failure due to
spurious correlation. Conversely, changes in response to relevant features are used to
test generalizability.
In our empirical evaluation on image classification and detection tasks, Detect

outperforms existing test generation and spurious feature localization methods in
revealing feature-sensitive failures, as well as robustness failures due to task-irrelevant
features. Detect reveals spurious correlations in high-accuracy models that standard
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Fig. 1. System Architecture of Detect: It comprises two main components, a StyleGAN

generator and the SUT, and operates across three domains: the latent S-space, the image space

I, and the output space. It contains 1) a forward generation pass from an initial seed 𝑧 mapped

into a set of style vectors 𝑠 , which synthesize an image input through synthesis blocks (𝑏)

and then pass to the SUT to obtain output logits; and 2) a backpropagation through SUT and

synthesis network back to 𝑠 .

accuracy metrics overlook, and distinguishes between different shortcut behaviours
learned by weakly and fully supervised models. On fine-grained tasks, Detect also
serves as an effective general test generator, offering flexible applicability across model
types and data domains.
Our contributions are as follows:

1) We propose Detect, the first approach to unify latent-space test generation and
spurious feature diagnosis under a feature-aware testing framework.

2) We introduce a feature-aware test oracle that dually checks invariance for irrele-
vant features (robustness) and explores decision boundaries for relevant features
(generalization).

3) We show that generated tests are not only failure-inducing but also semantically
attributable, and provide a proof-of-concept demonstrating how the generated
feature-aware tests can be leveraged for model improvement (i.e., repair).

2 BACKGROUND

2.1 Generative AI in Deep Learning Testing

In the context of deep learning testing, generative AI techniques are used due to
their ability to model complex, feature-rich data distributions and synthesize new
functional inputs through latent space manipulation [45, 56]. Among these, Variational
Autoencoders (VAEs) [14, 30], Generative Adversarial Networks (GANs) [44, 74],
and diffusion models [49] are widely used for generative deep learning testing [44].
However, each comes with distinct limitations for feature-aware test generation
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purposes. VAEs, while structurally interpretable, tend to produce low-fidelity and
therefore low-quality input images [14, 30]. Conventional GANs suffer from entangled
latent spaces, making fine-grained semantic control over specific generated features
difficult [33]. Finally, while diffusion models can generate high-quality outputs, their
iterative denoising process can make repeated test generation expensive [49]. A recent
benchmark found that the average inference time of diffusion-based test generators
was approximately 90 times that of GAN-based generators [44].

Among these, recent approaches based on style-based GANs (StyleGAN) [32–34]
offer high controllability due to disentangled and interpretable latent spaces. These
models enable precise control over high-level image characteristics, referred to as
features, such as texture, pose, lighting, or background, through separate style and
content layers [74]. This controllability makes StyleGAN particularly well-suited
for feature-aware test generation, where the goal is to manipulate specific semantic
attributes of an image. As such, the remainder of this section briefly details the
StyleGAN architecture.

2.2 StyleGAN and Disentangled Latent Spaces

StyleGAN [32–34] differs fundamentally from other image generators and is specifi-
cally chosen as the backbone of Detect due to its controllable and disentangled latent
spaces. This architecture directly enables Detect’s core capability: manipulating
individual semantic features without affecting the rest of the image.
StyleGAN comprises two main components (see top left of Fig. 1): a mapping net-

work and a synthesis network. The generation process begins with a randomly sampled
latent code 𝑧 ∈ Z, which the mapping network then transforms into an intermediate
latent spaceW that better captures disentangled image features. Subsequently, the
synthesis network applies learned affine transformations to produce per-layer style
vectors 𝑠 , resulting in the StyleSpace (S).

Detect strategically leverages the 𝑆-space because these style vectors modulate
the convolutional activations at each block, allowing the generator to control image
features at different semantic and spatial levels. Early (coarse) layers influence global
properties (e.g., pose, shape), while later (fine) layers affect localized details (e.g., tex-
ture, lighting). Each style vector inS consists of multiple channels, where each channel
controls a distinct and semantically meaningful visual attribute, thereby enabling pre-
cise and localized image manipulations. While seminal computer vision works have
successfully discovered interpretable, disentangled directions in other latent spaces
(e.g., InterFaceGAN [58], LatentCLR [79], and Voynov et al. [70]), these semantics
are encoded as multi-dimensional composite vectors. Precomputing and traversing
these complex vectors is computationally suboptimal for systematic software testing.
Conversely, specialized architectures that enforce mathematically orthogonal bases
(e.g., EigenGAN [24]) provide decoupled control, but are typically limited to a small set
of macro-level principal dimensions (e.g., global pose), lacking the granularity needed
to expose subtle software defects. We utilize the S-space because its disentanglement
is inherently channel-wise (axis-aligned). This structural property allows Detect to
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traverse and perturb distinct semantic features via single-channel modifications, seam-
lessly enabling our automated testing pipeline without the overhead of discovering
composite directional vectors.

2.3 Motivating Examples

Fig. 2. Example perturbations in StyleSpace for glasses classification. Each row shows a base

image (left) and variants generated by perturbing a single feature (e.g., glasses, eyebrows, or

lighting). Titles: image index, perturbed feature, and model output logit.

Fig. 2 shows several examples related to the glasses detection task. By perturbing
task-relevant features, one can control the presence or absence of glasses, resulting in
a true negative prediction by the classifier on image 1.1 (where glasses are absent),
but also a false negative prediction on image 2.1 (where instead glasses are present).
Modifications on task-irrelevant features–such as eyebrows, facial expression, or
sunlight–cause a drop in classifier confidence (such as images 1.2 and 1.3), and in some
cases, even result in misclassifications (such as images 2.2 and 2.3). These findings
highlight a critical challenge: not all influential features are task-relevant.

3 FEATURE-AWARE TEST ORACLE

A central component of our testing framework is a feature-aware test oracle that defines
behavioural expectations based on the semantic relevance of input features. Unlike
traditional test oracles that apply a uniform correctness criterion (e.g.,misclassification)
across all inputs, our oracle distinguishes between task-relevant and irrelevant features,
assigning distinct testing objectives to each category. First, we define a feature as a
semantically interpretable factor in the latent space, whose controlled manipulation
leads to a measurable change in the generated input.
Formalization. Let T be a 𝐾-class classification task, and let F(𝑥) ∈ R𝐾 be the
model’s output logits for input 𝑥 , with F𝑡 (𝑥) representing the logit for the target class
𝑡 ∈ {1, . . . , 𝐾}. Let 𝜙 ∈ F be a controllable semantic feature of the input, manipulated
through a generative model into a new input 𝑥 ′.
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Definition 1: Task-Relevant Feature

A feature 𝜙 is task-relevant with respect to task T (denoted 𝜙 ∈ F Trel ) if per-
turbing 𝜙 induces a meaningful change in the ground truth label or alters the
semantics necessary for correct prediction under T . Let 𝑥 ∼𝜙 𝑥 ′ denote that 𝑥
and 𝑥 ′ differ only in feature 𝜙 . Then, a feature 𝜙 is task-relevant if:

∃ (𝑥, 𝑥 ′) such that 𝑥 ∼𝜙 𝑥 ′, label(𝑥) ≠ label(𝑥 ′). (1)

Definition 2: Task-Irrelevant Feature

A feature 𝜙 is task-irrelevant (denoted 𝜙 ∈ F Tirr ) if changes in 𝜙 do not alter
the ground-truth label under task T , and are semantically non-essential to the
prediction objective. Formally,

∀ (𝑥, 𝑥 ′) such that 𝑥 ∼𝜙 𝑥 ′, label(𝑥) = label(𝑥 ′). (2)

Definition 3: Spurious Feature

A feature 𝜙 ∈ F Tirr is spurious if there exists a pair of inputs that differ only in
𝜙 , and this change exercises a significant influence on the model’s prediction.
Formally, 𝜙 is spurious if:

∃ (𝑥, 𝑥 ′) such that 𝑥 ∼𝜙 𝑥 ′, Δlogit (𝜙) = |F𝑡 (𝑥 ′) − F𝑡 (𝑥) | > 𝜏, (3)
where 𝜏 is a predefined confidence threshold.

Our oracle supports two complementary testing goals:
Evaluating Generalization via Oracle misclassification. It applies to relevant
features for behaviour exploration (i.e., DNN generalization). For 𝜙 ∈ F Trel , we perturb
inputs to explore semantic behaviours. Prediction changes here are expected and
indicative of the model’s sensitivity to meaningful feature variation. Misclassifications
near these transitions signal overfitting or under-generalization.
Evaluating Robustness via Oracle confidence. It applies to irrelevant features for
DNN robustness assessment. For 𝜙 ∈ F Tirr , the model should behave invariantly. Thus,
this oracle monitors Δlogit (𝜙) as a proxy for overreliance on non-causal features. Large
shifts indicate spurious behaviour.

In practice, due to the hierarchical and interdependent nature of some features, the
latent space of the generator cannot be perfectly disentangled. We selectS space as the
manipulation space, as it achieves a disentanglement score of 0.75, much higher than
0.54 measured fromW space [77] (where 1.0 represents perfect separation of semantic
attributes). In this sense, S space represents the most disentangled and controllable
space currently attainable for our purpose. To ensure methodological rigor, we adopt a
conservative attribution rule: when a feature modification introduces a clear relevant
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Fig. 3. Sequential Pipeline of Detect. Sensitive channels are mined with a confidence-drop

oracle, attributed as relevant or irrelevant by the VLM, explored near the decision boundary

when relevant, and relabeled to form a repair dataset.

semantic change but also causes small incidental adjustments, we treat the feature as
relevant and ignore such minor co-effects. For example, modifying the presence of
glasses may slightly affect nearby shading or eyebrow shape.

4 METHODOLOGY

Fig. 3 illustrates the workflow of our proposed framework, which we call Detect.
Detect first samples a random latent seed, which is passed through a StyleGAN
trained on the same domain as the SUT to generate an image (step Initial Sample
Generation). To understand which channels in each latent feature 𝑠𝑖 affect the model’s
prediction, Detect incorporates XAI methods to estimate the sensitivity of each
channel on the target logit (step Sensitive Channel Screening). Specifically, we employ
gradient-based approaches such as Gradient Saliency [60] and SmoothGrad [61], as
well as the black-box Finite-Difference Approximation [48]. Then, Detect invokes an
oracle-aware perturbation loop twice with different oracles. In the first iteration (step
Influential Channel Mining), Detect perturbs all sensitive features along the direction
that reduces the SUT’s confidence and collects the influential features that cause
significant changes in the model’s output. Detect then identifies whether these are
task-relevant using a Vision Language Model (VLM) (step Relevance Attribution). If a
feature is found to be semantically irrelevant yet influences the output, Detect labels it
as spurious. On the other hand, for features deemed relevant, Detect performs a second
perturbation guided by the Oracle Misclassification to explore the SUT behaviours
(step Relevant Behaviour Exploration). The second perturbation is optimized via
hill climbing until decision-boundary tests are obtained. These new inputs are then
relabeled by the VLM, producing a test suite that captures both relevant and spurious
feature variations.
In the remainder of the section, we describe each step in greater detail.

4.1 Initial Sample Generation

First, a random latent seed 𝑧 is generated and passed through a StyleGAN mapping
network to obtain an intermediate latent vector𝑤 ∈ W (Fig. 1 ). This vector is then
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transformed into a set of style vectors 𝑠𝑖 , each of which modulates a specific synthesis
block and spatial resolution during image generation. Then, the generated image I is
fed into the SUT to obtain class logits. Detect uses the logit output of the target class
because it provides a direct, unnormalized measure of the SUT’s confidence, allowing
precise assessment of the model’s sensitivity to controlled changes in specific latent
features.

4.2 Sensitivity Screening Methods

Unlike most search-based latent space test generation methods exploring the entire
high-dimensional feature space [44, 74] (typically spanning thousands of latent di-
mensions), Detect employs XAI-based sensitivity estimation to efficiently screen
sensitive features and directions, reducing the subsequent perturbation search space.
We define the sensitivity of the SUT’s target logit 𝑦 [𝑡] to the 𝑖-th style vector 𝑠𝑖 ,

where G(𝑠) denotes the synthesis network that synthesizes the image from the style
vector 𝑠 = {𝑠1, ..., 𝑠𝑛} and 𝑠𝑖 ∈ R𝑑 (the length of style vector 𝑑 varies among different
layers), i.e.,

𝛼
(𝑡 )
𝑖

= S (𝑦 [𝑡], 𝑠𝑖 ) = S ((F𝑡 ◦ G) (𝑠), 𝑠𝑖 ) ∈ R𝑑 , (4)
where 𝑦 [𝑡] denotes the logit of SUT for the target class 𝑡 and the sensitivity 𝛼𝑖 has

the same dimension as 𝑠𝑖 .
In this work, we adopt three established XAI methods [11], applied not to the image

space, but to the disentangled latent space.
Gradient Saliency [60]. It computes the sensitivity of the target logit 𝑦 [𝑡] with
respect to each style vector 𝑠𝑖 by backpropagation through the composed function
F𝑡 ◦ G, i.e.,

𝛼
(𝑡 )
𝑖

=
𝜕𝑦 [𝑡]
𝜕𝑠𝑖

=
𝜕(F𝑡 ◦ G) (𝑠)

𝜕𝑠𝑖
. (5)

This serves as a first-order approximation of the local sensitivity of the output to each
style component.
SmoothGrad [61]. While pure gradients are often noisy and sensitive to local varia-
tions in the input space, we adopt SmoothGrad to improve stability by averaging gradi-
ents over noise-perturbed inputs. We sample 𝑁 noisy style vectors {𝑠 ( 𝑗 ) = 𝑠 + 𝜖 ( 𝑗 ) }𝑁𝑗=1
with 𝜖 ( 𝑗 ) ∼ N(0, 𝜎2𝐼𝑑 ), and then estimate the sensitivity of style vector 𝑠𝑖 to output
logit 𝑦 [𝑡] as:

𝛼
(𝑡 )
𝑖

=
1
𝑁

𝑁∑︁
𝑗=1

𝜕𝑦 [𝑡]
𝜕𝑠
( 𝑗 )
𝑖

=
1
𝑁

𝑁∑︁
𝑗=1

𝜕(F𝑡 ◦ G) (𝑠 ( 𝑗 ) )
𝜕𝑠
( 𝑗 )
𝑖

. (6)

Finite-Difference Approximation [48]. This quantifies the local effect of each
latent channel via output variation by computing a gradient-free sensitivity ap-
proximation based on finite differences. This method is applicable even when the
composed model F ◦ G is non-differentiable or analytically inaccessible. Let 𝑠 (𝑖,𝑐 ) =
(𝑠1, . . . , 𝑠𝑖+Δ𝑒𝑐 , . . . , 𝑠𝑛), where 𝑒𝑐 is the 𝑐-th standard basis vector inR𝑑𝑖 . The sensitivity
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Fig. 4. Detect with Oracle Confidence and Misclassification.

is estimated as:

𝛼
(𝑡 )
𝑖,𝑐

=
(F𝑡 ◦ G) (𝑠 (𝑖,𝑐 ) ) − (F𝑡 ◦ G) (𝑠)

Δ
. (7)

After computing the sensitivity scores, Detect retrieves a channel-wise attribution
map for each layer in the synthesis network, 𝛼 (𝑡 )

𝑖
∈ R𝑑𝑖 for each layer 𝑖 . Since each

style vector can have up to a thousand latent channels, only the top-𝑘 channels with
the highest absolute sensitivity scores are retained for further analysis. The ranking is
performed strictly at the channel level within each individual style vector 𝑠𝑖 , which is
formally given by:

𝐶𝑖 =

{
𝑐 ∈ {1, . . . , 𝑑𝑖 } | rank

(���𝛼 (𝑡 )𝑖,𝑐 ���) ≤ 𝑘} ,
where the rank(·) function sorts the absolute sensitivity scores 𝛼 (𝑡 )

𝑖,𝑐
of the 𝑐-th chan-

nel in layer 𝑖 in descending order. The overall candidate set of sensitive channels,
denoted as 𝐶𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 , is then constructed as the union across all layers: 𝐶𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =⋃
𝑖 {(𝑖, 𝑐) | 𝑐 ∈ 𝐶𝑖 }. Channels outside this set are considered inactive or behaviourally

negligible with respect to the SUT. While we use absolute sensitivity for ranking,
we preserve the sign of each score. In fact, the directionality of the attribution (i.e.,
whether increasing or decreasing a channel pushes the output logit up or down) is
used by the perturbation procedure to apply signed directional changes to the most
influential channels.

4.3 Perturbation Loop

Once sensitive channels have been identified, Detect invokes oracle-specified per-
turbations to evaluate their behavioural influence, as outlined in stages (c) Influential
Channel Mining and (e) Relevant Behaviour Exploration in Fig. 3. This two-stage
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Algorithm 1 ChannelPerturb(𝑠, F, C,O, 𝜏)
Require: Style vector 𝑠 , classifier F, channel set C, oracle O, threshold 𝜏
1: Initialize perturbed result set R ← ∅
2: for each (𝑙, 𝑐) in C do

3: Perturb 𝑠𝑙 [𝑐] = 𝑠𝑙 [𝑐] + 𝛿
4: Generate 𝑥 = G(𝑠), 𝑦 = F(𝑥)
5: if O = confidence and Δ𝑐𝑜𝑛𝑓 𝑖𝑑𝑒𝑛𝑐𝑒 > 𝜏 then
6: Add (𝑙, 𝑐, 𝑥) to R
7: else if O = misclassification and L(𝑦) ≠ L(𝑦) then
8: Refine 𝛿∗ via hill climbing to decision boundary
9: Add (𝑙, 𝑐, 𝑥∗) to R
10: end if

11: end for

12: return R

perturbation is guided by the feature-aware oracles described in Section 3. Fig. 4
provides an overview of these two configurations. In the first configuration (a), the
perturbation 𝛿 is fixed, and the Oracle Confidence guides the identification of influen-
tial features by measuring the change in output logits. In the second configuration (b),
the perturbation 𝛿 is iteratively adjusted through hill-climbing optimization, using
misclassification as the oracle, to generate tests located near the decision boundary.
The detailed algorithmic steps of this loop are provided in Algorithm 1.

Algorithm 1 illustrates the test generation by perturbing latent channels under a
specified oracle. Here, C denotes a set of selected channels (identified via sensitiv-
ity analysis or semantic relevance), and O specifies the behavioural oracle, either
confidence or misclassification.

The main loop of the algorithm enumerates each channel (𝑙, 𝑐) ∈ C, and then applies
a perturbation 𝛿 on each selected channel 𝑠𝑙,𝑐 scaled by a fixed step size 𝜖 (Line 3). The
step size 𝜖 is chosen to induce a visible semantic change in the generated image, while
avoiding artifacts or unrealistic distortions [44, 77]. The step size 𝜖 is determined by
the scale of the latent space, independent from the dataset or the downstream SUT,
since the values in S space after affine transforms lie in stable numeric ranges [33].
The perturbation step 𝛿 is constructed to reduce the model’s confidence in the current
prediction. Its formulation differs slightly between binary and multiclass classification,
as shown below:

𝛿 =

{
−𝜖 · sign(𝛼 (𝑡 )

𝑖,𝑐
) · sign(𝑦 [𝑡]), binary,

−𝜖 · sign(𝛼 (𝑡 )
𝑖,𝑐
), multiclass.

(8)

This design ensures that the perturbation moves in the direction opposite to the
gradient-derived influence, optionally adjusting for logit polarity in binary classifica-
tion.
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Fig. 5. Example of Image Input to VLM: (left) the original generated image; (middle) the

perturbed image generated by altering a single latent feature; and (right) a difference mask

highlighting the localized regions where the semantic change occurred.

The perturbed latent 𝑠 is then used to synthesize the perturbed image 𝑥 = G(𝑠), and
obtain the system’s response 𝑦 = F(𝑥) (Line 4). The logit 𝑦 is analyzed according to
the selected oracle. Under the confidence-based oracle, Detect records the perturbed
image if the drop in the target logit exceeds a predefined threshold, indicating that the
SUT’s prediction relies on the perturbed feature (Lines 5-6). Under themisclassification-
based oracle, Detect checks whether the predicted label changes (Lines 7-9). We
assume L(·) returns the predicted class. For binary classification, L(·) checks the sign
in the single logit; for multiclass, it takes the top-1 class. If misclassification occurs,
Detect refines the perturbation 𝛿 using a hill-climbing strategy to find the minimal
modification required to cross the decision boundary, thereby producing more precise
boundary examples 𝑥∗.
Algorithm 1 is executed twice: first, to probe all sensitive channels using the

confidence-drop oracle; and second, only on task-relevant candidates to explore the
model’s behaviour boundaries using the misclassification oracle. Specifically, Detect
first obtains channel-wise sensitivities using one of the methods in Section 4.2 and
then extracts the top-𝑘 most sensitive channels 𝑐 by sorting their absolute sensitivity
scores to form a candidate set C𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 . Then we apply the first-stage ChannelPer-
turb with the confidence-based oracle to isolate latent channels whose perturbation
causes significant behavioural shifts. These are referred to as influential channels.
However, at this point, Detect does not yet distinguish whether the altered features
are task-relevant or irrelevant, which is done in the subsequent relevance-attribution
step.

4.4 Relevance Attribution, Relabel, and Repair

In this section, Detect incorporates a vision-language model (VLM) as an automated
semantic-annotation proxy to establish the ground truth. Specifically, it functions to
identify semantic feature changes and provide automated annotations for the generated
test cases, as illustrated in steps (d) Relevance Attribution and (f) Relabel in Fig. 3.
The VLM provides text-aligned supervision for generated images, enabling Detect to
automatically determine whether each perturbation expresses a task-relevant concept
or a spurious one.
Detect’s relevance attribution module systematically categorizes each feature 𝜙

intoF Trel orF
T
irr in a data-drivenmanner. Specifically, as shown in Fig. 5, the image input
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to VLM is composed of three concatenated images: (1) the original image, (2) the image
after a single latent-direction change, and (3) a difference mask that highlights where
the change occurs. The prompt follows a zero-shot, role-playing paradigm, instructing
the VLM only to judge changes to the relevant attribute, and constraining output to
strict JSON-formatted responses (see Appendix B for the full prompt examples). For
each channel in the influential feature set, Detect aggregates VLM decisions across
multiple counterfactual samples and assigns a label by majority voting. Channels
whose perturbations align with the task semantics are labeled as relevant, while those
inducing visually noticeable but task-irrelevant changes are labeled as spurious. For
instance, in Fig. 5, a perturbation primarily alters the eyebrow region without affecting
the presence of glasses; such a change is identified as task-irrelevant.
Beyond this semantic supervision, Detect also exploits the inherent spatial hier-

archy of StyleGAN. Empirically, channels from coarse-to-middle layers—responsible
for high-level attributes such as shape, pose, or object identity—tend to correspond to
relevant semantics, whereas fine-layer perturbations often lead to superficial changes
like lighting or color shifts [33].

For the subset of relevant features, the VLM is employed again to relabel the decision-
boundary images produced in the oracle misclassification loop, since the original labels
are no longer preserved (see Appendix B for the full prompt examples). For spurious
features, Detect restores the original labels, consistent with our assumption of feature
invariance.
Finally, Detect incorporates both relevant and spurious features into a repaired

dataset for fine-tuning of the SUT to improve both generalizability and robustness.
The fine-tuning follows a lightweight strategy using a small learning rate and limited
epochs, allowing the model to adapt to corrected feature-label associations without
overfitting to the generated data.

With Detect’s methodology established, the next step is to evaluate its effectiveness
and practical utility. To provide a clear context for our experimental design, our
evaluation aims to address four core aspects: (1) finding the best-performing pipeline
configuration, (2) assessing the capability to explore generalized model behaviours,
(3) detecting SUT failures driven by spurious correlations, and (4) demonstrating the
potential to repair the model using the generated tests.

5 EMPIRICAL STUDY

5.1 ResearchQuestions

RQ1 (configuration):What configuration of Detect yields the most effective and
efficient feature-aware testing?
RQ1.1:Which sensitivity screening strategy best identifies impactful latent chan-

nels?
RQ1.2: What is the optimal number of channels to balance coverage and efficiency?
RQ1.3: How do different VLMs affect the accuracy and cost-efficiency of feature

attribution and labeling?
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RQ2 (generalization via behaviour exploration): How effective is Detect at
exploring decision boundaries on relevant features to reveal generalization failures?
RQ3 (robustness via spurious feature detection): How effective is Detect at
evaluating model invariance and robustness against task-irrelevant features?
RQ4 (model repair): Do the generated test cases contribute to improving the SUT?
RQ1 investigates how to best configure Detect for effective and efficient feature-

aware testing. We examine which sensitivity screening strategy most effectively
identifies impactful latent channels for targeted perturbation, explore how many
channels should be perturbed to balance coverage and efficiency, and analyze how
different VLMs influence the accuracy and cost-efficiency of feature attribution and
labeling. RQ2 evaluates Detect’s effectiveness in uncovering behavioural failures in
the system under test (SUT). RQ3 focuses on assessing whether Detect can reveal
failures caused by spurious or non-robust features. Finally, RQ4 investigates whether
the generated test cases can be leveraged to improve the SUT through retraining.

5.2 Metrics used for Analysis

For RQ1.1, we compare different configurations of Detect in terms of their runtime
(in seconds) and the extent to which they alter the SUT’s behaviour.

For RQ1.2, we measure the number of features in each layer that can affect the
behaviour of the SUT.
For RQ1.3, we measure the agreement rate between the VLM and multiple human

annotators. Besides, to mitigate inconsistency among different annotators, we evaluate
consensus agreement against a majority-vote human label, where aggregated labels
from multiple annotators represent the consensus reference label. In addition to
correctness, we also assess the monetary cost per evaluation and average response
time to measure their computational and economic efficiency.
For RQ2, we evaluate the runtime of the compared methods in seconds. To as-

sess whether structural information is preserved in the generation, we compute the
MS-SSIM [73] score, which extends SSIM by computing similarity across multiple
scales via iterative downsampling. This multi-scale structure is better aligned with
human perception than regular SSIM. Since MS-SSIM is less sensitive to color varia-
tion, we complement it with the normalized 𝑑2-Image distance defined as 𝑑2 (𝑥𝑖 , 𝑥 𝑗 ) =
𝐿2 (𝑥𝑖 − 𝑥 𝑗 )/𝐿2 (1𝑥 ), where 1𝑥 is an all-ones matrix with the same shape as 𝑥 . This
metric aims to capture the overall magnitude of change, including color shifts. Finally,
we evaluate the proximity to the decision boundary to assess the effectiveness of the
generated test cases in challenging the model’s predictions.

For RQ3, we propose a simple metric to quantify how much a model relies on task-
relevant features, i.e., the proportion of influential channels that are task-relevant:

𝑅𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 =
|Task-Relevant Influential Features|

|All Influential Features|
This metric captures the alignment between a model’s decision-making process and
the task-defined semantics. A higher value indicates that the model’s behaviour is
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driven more by meaningful features, whereas a lower value suggests susceptibility to
spurious correlations.

5.3 Objects of Study

5.3.1 Datasets and Models. To ensure the generality and robustness of our evaluation,
we selected three diverse feature-rich datasets, each paired with a corresponding SUT.
Face Attributes (CelebA [42]). This dataset is labeled with 40 facial attributes, with
each attribute as an independent binary classification task, although our subsequent
analyses primarily focus on the eyeglasses and gender attributes. We evaluate two
different SUTs: (1) ResNet50 [23], consisting of a pretrained backbone followed by a
custom fully connected classification layer. The entire model is fully fine-tuned on
CelebA to predict all 40 attributes. It achieves 99.70% test accuracy on the eyeglasses
attribute and 98.17% on gender. (2) SWAG ViT [46], a Vision Transformer with a
frozen pretrained backbone and a custom two-layer classification head, trained in a
weakly supervised manner on CelebA attributes. This model is chosen for its reported
robustness against spurious features. It achieves a test accuracy of 99.17% on the
eyeglasses attribute and 98.91% on the gender attribute.
Dog Breed Classification (Dogs [40]). We use a publicly available dataset from
Kaggle [40], which includes labeled images of 78 dog breeds. This dataset is used to
evaluate multi-class classification performance. Only dog images were retained for our
multi-class classification task. The model under test is a pretrained ReXNet-150 [21],
which achieved a test accuracy of 87.9%.
Car Detection (COCO [41]).We evaluate object detection performance on the car
class. The supervised model under test is YOLOv8, implemented via the official Ultra-
lytics framework [29]. The model is pretrained on the COCO dataset, and we directly
apply this pretrained model to detect cars in our images without any fine-tuning.
On the LSUN Cars dataset [78], we report an accuracy of 97.63% when including
trucks, since some vehicles are ambiguous and may be classified as either car or truck;
accuracy considering only cars is 78.83%.
The rationale behind this selection is twofold: (1) Task Diversity: The selected

datasets encompass a broad spectrum of computer vision tasks, including high-fidelity
binary attribute classification (CelebA), fine-grained multi-class classification (Dogs),
and object detection (COCO). (2) Architectural Variety: To demonstrate that Detect
generalizes across varying model architectures, sizes, and training paradigms, we
selected a diverse and representative set of SUTs. ResNet-50 (25M parameters) rep-
resents the classic fully fine-tuned CNN. In contrast, SWAG ViT (632M parameters)
introduces a modern, large-scale Vision Transformer trained in a weakly-supervised
manner. Furthermore, ReXNet-150 represents an efficient, lightweight architecture,
and YOLOv8 represents state-of-the-art dense prediction models. Together, these
encompass a wide spectrum of model capacities, architectural designs, and tuning
strategies deployed in practice.

5.3.2 Generator. Each dataset is paired with a pretrained StyleGAN generator. We
use the official StyleGAN2 models pretrained on FFHQ [34], LSUN Dog [78], and
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LSUN Car [78], and further fine-tune each generator on the corresponding down-
stream dataset using a few thousand task-specific images and adaptive discriminator
augmentation (ADA). This setup follows common practice in latent-space test gen-
eration methods [44, 49], where pretrained generators are preferred because their
latent spaces capture a wider range of features learned from large and diverse datasets.
As demonstrated in foundational studies on generative transfer learning [31, 71],
high-fidelity GANs are data-hungry. Directly training a generator from scratch on
the SUT’s dataset, which is often constrained in size and diversity, typically leads to
mode collapse and an impoverished feature space. In contrast, fine-tuning a model
pretrained on a large-scale dataset effectively transfers a rich, disentangled visual prior
to the target domain [71]. To preserve this structural prior while adapting to the target
dataset, we implement a strict transfer learning configuration: we freeze the early
layers of the discriminator (e.g., the first 10 layers) and apply a lower learning rate
(1 × 10−4). This setup ensures the generator smoothly adapts to the domain-specific
semantics (e.g., localized styles and textures) without distorting its core generative
manifold.

5.3.3 Configurations. Regarding configuration of sensitive channel screening (RQ1.1),
we evaluate three methods in Detect, including two white-box approaches, Gradient
Saliency (Grad) and SmoothGrad, and one black-box approach, the Finite-Difference
Approximation (FDA). We chose these methods for different application requirements
and computational complexity. Grad requires a single backward pass through the
SUT and generator. SmoothGrad increases this cost by performing 𝑁 backward passes,
each on a perturbed version of the input, to generate more robust attributions through
averaging. Following prior work [61], we set 𝑁 = 10. In contrast, FDA is gradient-free
and suitable for black-box settings. Instead, it perturbs each individual channel of style
vectors and observes the resulting changes. Given that our StyleGAN model contains
9, 088 channels, FDA performs 9, 088 SUT forward passes to approximate relevance.
Based on the empirical results of 𝑅𝑄1.1, the best-performing XAI method is selected for
the subsequent studies. Consequently, 𝑅𝑄1.2 inherits this XAI configuration to conduct
its in-depth layer-wise analysis without introducing new variables. Besides, to support
relevance attribution and relabel procedures (RQ1.3), we evaluate 7 VLMs covering
different model families, sizes, and reasoning capabilities. The selected models include
Qwen-VL [66] (8B-Thinking, 30B-A3B-Thinking, and max), Mistral VLM variants [28]
(small-3.1-24b-instruct, medium-3.1), and OpenAI models [2] (gpt-o4-mini, gpt-4.1).

Regarding RQ2, to ensure a fair comparison with conventional test generation meth-
ods, which merely aim to find misbehaviour and lack the mechanism to distinguish
between relevant and irrelevant features, it is necessary to include a simplified version
of our framework, denoted as Detect∗. Unlike the full pipeline, Detect∗ omits the
relevance attribution step and perturbs all channels identified as sensitive in the initial
screening. It relies solely on the misclassification-based oracle and thus functions as a
general-purpose test generator, aimed at exposing misbehaviours under small, single-
feature perturbations. The full Detect pipeline (perturbing only relevance-filtered
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channels under the misclassification oracle) is reported for the CelebA tasks, where
relevance filtering leaves enough task-relevant channels for a meaningful comparison.

Regarding RQ3, we utilize the full Detect pipeline for all datasets to detect spurious
features. While general-purpose VLMs may lack the expert-level taxonomy required
for fine-grained breed identification, we found them reliable for distinguishing between
breed traits and spurious environmental factors (e.g., lighting, background).
We constrain the automated repair task (𝑅𝑄4) to the CelebA dataset, as a proof-

of-concept demonstrating the actionable potential of the generated tests for model
improvement. For YOLO, besides the class label, the additional bounding box labels
of generated images are required, which are currently outside the scope of this task.
For the Dog dataset, while the VLM might be capable of labeling, the fine-grained
breed distinctions make it practically difficult for non-expert annotators to validate
rigorously.

5.3.4 Comparison Baselines. Although no existing method jointly addresses the dual
objectives of our approach, we compare Detect to representative baselines that align
with each individual testing objective, latent-space test input generation, and spurious
feature identification.
Mimicry. A state-of-the-art latent-space test generation method, that exploits the
W-space of StyleGAN. It interpolates between𝑤-latent vectors from different class
instances and uses population-based optimization to tune the interpolation weights.
The resulting synthesized images form test cases positioned near the SUT’s decision
boundary [74]. Like many other latent-space test generators, the entire latent vector
is manipulated during this process, confounding relevant and irrelevant features. In
contrast, Detect operates in the more disentangled S-space and efficiently screens
sensitive features of the SUT and only perturbs a single semantic feature at a time.
To support a fair comparison, we primarily compare Mimicry against Detect∗, the
simplified variant of our framework that does not use relevance attribution and
perturbs all channels identified as sensitive. Mimicry serves as a strong baseline for
evaluating generated test cases, and has been shown to surpass earlier methods such
as Sinvad [30] and DeepJanus [55] in boundary testing settings.
SpRAy (spectral relevance analysis). An eigenvalue-based clustering method for
spurious feature localization proposed by Lapuschkin et al. [5, 39]. It is based on
computing Layer-wise Relevance Propagation (LRP) heatmaps for model predictions
and then applying spectral clustering to group similar explanation patterns.We include
SpRAy as a baseline to evaluate effectiveness in spurious feature detection, since it
remains one of the few techniques that directly target the automatic detection of
spurious features. SpRAy represents the pixel-level explanation methods and clusters
saliency explanations. As such, SpRAy serves as a representative and methodologically
relevant baseline for assessing the effectiveness of spurious feature detection from
explanation patterns, complementing our feature-perturbation-based analysis.

, Vol. 1, No. 1, Article . Publication date: October 2026.



Feature-Aware Test Generation for Deep Learning Models 17

5.4 Procedure

In RQ1, we apply each sensitive channel screening method using the confidence-based
oracle on the facial task for 50 randomly selected seeds for tractability. This is justified
as channel sensitivity mainly depends on StyleGAN’s internal structure rather than
task semantics, making the results broadly transferable and reused across datasets in
RQ2 and RQ3. We fine-tuned the perturbation 𝜖 = 10 to induce visible semantic changes
and avoid artifacts, following existing work [44, 56]. Additionally, we analyze the
contribution of specific synthesis layer channels to justify the selection of the number
of candidate channels in subsequent experiments. To compute the human-aligned
metrics for RQ1.3, we collected human annotations using AWS Mechanical Turk [62].
Two tasks were evaluated: feature attribution and boundary-image relabeling. In total,
69 participants completed 1,069 annotation questions. We included several attention-
check questions to detect inattentive responses and discarded 22 submissions that
failed these checks.
In RQ2, we compare the best-performing configuration from RQ1 with Mimicry.

For this comparison, we use the misclassification-based oracle, which resembles the
boundary-based objectives used in Mimicry [74] and evaluate with 50 seeds by a
random number generator (RNG). Because Detect independently perturbs hundreds
of channels across all layers for each seed, this configuration yields 10,750 attempted
test cases per model. Increasing the number of seeds would further improve statistical
robustness in seed-level estimates, but the generation and annotation costs grow
approximately linearly. Following existing guidelines in generative AI-based test
generation [34, 44, 47], Detect applies latent truncation to improve image quality.
For the face and dogs tasks, we use a truncation value of 𝜓 = 0.7, which is the
commonly recommended default in the StyleGAN literature [34, 47]. For the COCO-
Cars dataset, vehicles possess rigid geometric constraints that are prone to generative
artifacts at high diversity. To reduce visible artifacts of the generated test cases, we use
𝜓 = 0.5, which is an empirically selected, task-specific setting that reduced obvious
geometric artifacts during visual inspection. However, lower 𝜓 may reduce sample
diversity. To efficiently navigate to the decision boundary of SUT, Detect employs a
constrained, adaptive hill-climbing search. To ensure efficient convergence, we employ
a dynamic step size, initialized at 𝜖 = 5 (to ensure efficient reduction of confidence at
the beginning), which is adaptively halved when no valid improvement is found over
successive iterations. The search terminates after at most 20 iterations or when the
step size becomes negligibly small (< 10−3), ensuring precise boundary test cases.
Beyond runtime, we assess the visual impact of manipulations using 𝑑2-distance

(lower is better) and MS-SSIM [73] (higher indicates greater structural similarity).
In RQ3, we evaluate spurious feature detection using 50 RNG seeds for all 4 SUTs

across all 3 tasks. We use a 40% confidence drop threshold to define influential features
in the confidence-based oracle, 𝜏 = 0.4|𝑦 [𝑡] |, to capture impactful shifts in prediction
without overreacting tominor fluctuations. To justify the selection of this threshold, we
conduct a detailed sensitivity analysis—balancing noise filtration and spurious signal
retention—with full quantitative results and visualizations provided in Appendix C.We
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re-implemented the SpRAy method based on the paper description [39], as no official
code was provided. The procedure includes the following steps: First, we generate
LRP relevance maps for positive samples in the test set. Then, we preprocess the maps
by resizing and flattening them into uniform vectors and perform eigengap analysis
on the k-nearest neighbor affinity graph to determine the optimal number of clusters.
Finally, we apply spectral clustering [51] and visualize clusters via t-SNE [68]. This
process serves as a baseline to assess the capability of Detect to identify spurious
correlations.

In RQ4, we fine-tune the pretrained CelebA ResNet classifier using a small repaired
dataset generated by Detect. More specifically, the repair dataset mixes original
CelebA training samples (80%) with generated counterfactuals (20%). This fixed ratio
was selected empirically to retain substantial exposure to the original distribution
while introducing counterfactual cases. Only the final classification layer is updated,
while the backbone remains frozen. The model is optimized with a small learning
rate (lr = 2 × 10−5), early stopping for at most 20 epochs, and a loss targeting only
the finetuned attribute (eyeglasses), ensuring that the model adapts specifically to
corrected feature–label associations. To ensure that evaluation is conducted on data
unseen during fine-tuning, we create a held-out generated test set by reserving 20% of
all VLM-relabeled counterfactuals using a fixed random seed.

5.5 Results

5.5.1 RQ1 (configuration). Table 1 summarizes the average confidence drop and run-
time for each sensitive channel screening method. We used two-sided paired Wilcoxon
signed-rank tests [76] on seed-level aggregated results with Holm correction [25]
(𝑝-values below 0.05 are considered statistically significant). We report matched-pairs
rank-biserial correlations (𝑟rb) as the corresponding effect size, with absolute values
of 0.1, 0.3, and 0.5 interpreted as small, medium, and large effects, respectively [35].
The two white-box methods, Grad and SmoothGrad, outperform the Random baseline
in reducing model confidence while FDA does not differ significantly from random se-
lection. In terms of runtime, Grad, SmoothGrad, and Random are efficient and perform
similarly (∼ 0.79 seconds). This indicates that the white-box screening methods incur
near-zero computational overhead compared to random channel selection. FDA, by
contrast, is slower due to its gradient-free sensitivity estimation.

To better understand how many sensitive channels are required for effective pertur-
bation, we analyze the distribution of activated channels across StyleGAN’s synthesis
layers in cases where the SUT exhibits a confidence drop greater than 1. This threshold
removes low-signal noise and retains only semantically impactful perturbations, as it
reflects a substantial logit change.

As shown in Fig. 6, only a subset of channels, mainly from early layers, are consis-
tently involved in these impactful cases. This analysis suggests that a limited number
of candidate channels is sufficient to induce meaningful behavioural shifts while main-
taining efficiency. Specifically, we select the top-15 most sensitive channels from the
coarse-to-middle layers, and the top-5 from the fine layers (beyond 512 resolution) for
subsequent tasks. While earlier layers are known to control high-level semantics [33],
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Table 1. RQ1 (configuration) results and statistical inference.

Grad SmoothGrad FDA Random

Confidence Drop ↑ 0.370 ± 0.381 0.470 ± 0.416 0.052 ± 0.156 0.048 ± 0.161
Runtime (sec) ↓ 0.786 0.789 1.577 0.797

𝑝-values 5.33 × 10−15 ⋆ 5.33 × 10−15 ⋆ 0.826 –
Δ [95% CI] 0.322 [0.241, 0.430] 0.422 [0.332, 0.533] 0.0049 [−0.0056, 0.0166] –
𝑟rb 1.000⋆ 1.000 ⋆ 0.037 –

Note. Bold values indicate the best results, and⋆indicates significant differences (𝑝 < 0.05) or large effects
( |𝑟rb | ≥ 0.5). 𝑝-values are obtained from two-sided paired Wilcoxon signed-rank tests with Holm correction
over the three comparisons; Δ is the paired mean difference, and CI denotes its 95% bootstrap confidence
interval; 𝑟rb denotes matched-pairs rank-biserial correlation as effect size.
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Fig. 6. RQ1 (configuration): Number of channels with confidence drop greater than one for

each StyleGAN layer in Detect.

our results confirm that their channels are disproportionately represented among
those driving significant output changes.
Fig. 7 compares the performance of 7 VLMs across four dimensions. The top row

shows their agreement with human annotators for the two tasks: Relevance Attribution
and Relabeling. Each bar pair reports both the raw agreement and the majority-vote
consensus agreement. The Relevance Attribution task is more challenging; models
such as qwen3-vl-8b-thinking and gpt-o4-mini achieve the highest alignment
with human judgments. For the Relabeling task, performance is generally more stable:
all models except mistral-small-3.1-24b-instruct attain high agreement levels
close to the human upper bound. The bottom row presents the cost per query and
generation time, revealing substantial differences in efficiency: lighter models incur
minimal cost and latency, while larger models such as GPT-4.1 exhibit noticeably
higher computational overhead. Considering both semantic alignment and efficiency
trade-offs in cost and latency, we select qwen3-vl-8b-thinking as the VLM used in
all subsequent experiments.
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Fig. 7. RQ1 (configuration): Performance comparison of the evaluated VLMs.

RQ1 (configuration): SmoothGrad offers the best trade-off between attribution quality

and computational cost among sensitivity screening methods. Analysis of impactful

perturbations reveals that selecting top-15 channels per early/middle layer and top-

5 per fine layer balances effectiveness with efficiency and captures most impactful

perturbations. Across both attribution and relabeling tasks, the evaluated VLMs show

high alignment with human judgments, with qwen3-vl-8b-thinking providing the best

balance of semantic accuracy and efficiency.

5.5.2 RQ2 (generalization via behaviour exploration). Table 2 shows the result of gen-
eralization of Detect and Detect∗ compared with Mimicry. For COCO-Cars and
Dogs we report only Detect∗, since the full pipeline evaluates a relevance-filtered
subset that does not admit a like-for-like paired comparison with Mimicry; full Detect
is therefore shown only for the two CelebA tasks. Across all four evaluated tasks,
Detect∗ generates more structurally similar boundary cases with smaller image
changes and substantially lower runtime than Mimicry. Boundary-distance perfor-
mance is task-dependent: Detect∗ performs better on CelebA, Mimicry performs
better on COCO-Cars, and neither method has a statistically reliable advantage on
Dogs. These inferential conclusions concern Detect∗, as the full Detect performs
semantic relevance filtering and therefore evaluates a task-relevant subset that does
not provide a like-for-like paired comparison.
We also provide visual comparison of the generated examples for Detect and

Mimicry across all four tasks in Appendix A. These examples illustrate the qualitative
differences between the two methods and support the quantitative trends reported
above. In particular, Detect generally produces more focused and attribute-specific
edits, while Mimicry often introduces broader or incidental changes.
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Table 2. RQ2: Effectiveness and efficiency results (best; ⋆statistically significant or large

effect).

Runtime (sec) ↓ 𝑑2-Image ↓ MS-SSIM ↑ 𝑑2-Boundary ↓

CelebA

glasses

Detect 1.288 ± 0.354 0.084 ± 0.025 0.730 ± 0.054 0.035 ± 0.051
Detect∗ 1.256 ± 0.384 0.088 ± 0.043 0.731 ± 0.053 0.060 ± 0.141
Mimicry 96.795 ± 0.751 0.250 ± 0.049 0.420 ± 0.073 2.996 ± 0.434
𝑝-value 1.91×10−5 ⋆ 1.91×10−5 ⋆ 1.91×10−5 ⋆ 1.91×10−5 ⋆
𝑟rb 1.000 ⋆ 1.000 ⋆ 1.000⋆ 1.000⋆
Δ (95% CI) −95.410 [−95.582,−95.157] −0.176 [−0.198,−0.141] 0.317 [0.277, 0.363] −2.955 [−3.087,−2.794]

CelebA

gender

Detect 1.277 ± 0.354 0.098 ± 0.025 0.668 ± 0.090 2.442 ± 2.275
Detect∗ 3.846 ± 2.830 0.115 ± 0.083 0.714 ± 0.087 0.566 ± 1.109
Mimicry 96.342 ± 0.676 0.247 ± 0.046 0.415 ± 0.065 1.867 ± 0.624
𝑝-value 1.48×10−12 ⋆ 4.46×10−8 ⋆ 1.48×10−12 ⋆ 2.88×10−4 ⋆
𝑟rb 1.000 ⋆ 0.897 ⋆ 1.000⋆ 0.671⋆
Δ (95% CI) −94.974 [−95.101,−94.874] −0.133 [−0.149,−0.095] 0.234 [0.188, 0.290] −0.983 [−1.180,−0.691]

COCO

Cars

Detect∗ 3.247 ± 2.208 0.094 ± 0.045 0.759 ± 0.072 0.644 ± 0.038
Mimicry 50.982 ± 0.702 0.251 ± 0.044 0.332 ± 0.083 0.259 ± 0.200
𝑝-value 3.05×10−4 ⋆ 3.05×10−4 ⋆ 3.05×10−4 ⋆ 3.05×10−4 ⋆
𝑟rb 1.000 ⋆ 1.000 ⋆ 1.000⋆ −0.983 ⋆
Δ (95% CI) −49.917 [−49.968,−48.550] −0.166 [−0.182,−0.137] 0.502 [0.464, 0.575] 0.525 [0.397, 0.619]

Dogs

Detect∗ 3.697 ± 2.423 0.073 ± 0.043 0.819 ± 0.100 0.457 ± 0.118
Mimicry 12.325 ± 0.674 0.281 ± 0.065 0.157 ± 0.134 0.422 ± 0.157
𝑝-value 2.84×10−14 ⋆ 5.33×10−14 ⋆ 5.33×10−14 ⋆ 0.399
𝑟rb 1.000 ⋆ 0.998 ⋆ 0.998⋆ −0.139
Δ (95% CI) −10.011 [−10.584,−9.380] −0.211 [−0.222,−0.192] 0.651 [0.616, 0.693] −0.010 [−0.051, 0.074]

Note. Bold indicates the best result for each task and metric. ⋆indicates significant differences (𝑝 < 0.05)
or large effects ( |𝑟rb | ≥ 0.5). The statistical rows compare Detect∗ with Mimicry using Holm-adjusted
𝑝-values from two-sided paired Wilcoxon signed-rank tests on seed-level aggregates; 𝑟rb denotes matched-
pairs rank-biserial correlation as effect size; Δ is the paired mean difference between Detect∗ and Mimicry,
and CI denotes its 95% bootstrap confidence interval.

Table 3. RQ3: Comparison of spurious feature detection across ResNet-Glasses, SWAG-Glasses,

and ReXNet-Dog. Only frequently used channels (by > 1 input) are retained.

ResNet-Glasses SWAG-Glasses ReXNet-Dog

Influential inputs (selected/ total) 415/548 168/524 2294/3784
Channels used (selected/total) 104/236 95/450 621/1321

Relevant/Spurious inputs 335/80 55/113 1/2293
Relevant/Spurious channels 71/33 39/56 0/621
𝑅𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 0.68 0.41 0.00

RQ2 (generalization via behaviour exploration): Detect∗ producesmore targeted

and visually precise manipulations than Mimicry while preserving structural similarity

at a lower runtime, confirming more controlled and efficient test generation.
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Fig. 8. RQ3: distribution of relevant and spurious attributions across StyleGAN layers for SWAG,

ResNet, YOLO, and ReXNet.

5.5.3 RQ3 (robustness via spurious feature detection). Table 3 reports the results for
spurious feature identification in glasses classification, separately for a fully fine-
tuned ResNet50 and a frozen-backbone SWAG ViT. Although both models achieve
high test accuracy on the eyeglasses attribute, their behaviour under controlled latent
perturbations diverges substantially.

ResNet50 identifies more task-relevant influential inputs (335 vs. 55) and channels
(71 vs. 39), whereas SWAG yields more spurious influential inputs (113 vs. 80) and
channels (56 vs. 33). The relevance ratio 𝑅Relevance is higher for ResNet (0.68 vs. 0.41),
indicating stronger alignment with semantically meaningful features. Despite SWAG’s
theoretical robustness [46], it shows greater reliance on spurious features. These
results suggest that SWAG’s frozen backbone may limit task adaptation, increasing
dependence on incidental cues. ReXNet-Dog exhibits a markedly different attribution
profile. Across the retained inputs, only one was labeled task-relevant, and no relevant
channel remained after the frequency-based channel aggregation. Both statistics
from RQ2 (Table 2) and the concrete examples in Appendix A (Fig. 11) consistently
support the interpretation that very small image-level appearance changes can induce
ReXNet’s failures without visibly altering the breed identity, indicating that ReXNet is
inadequate for this fine-grained classification task. That said, because the Dog Breed
attributions rely on a general-purpose VLM without expert breed-level validation,
and because ReXNet’s lower task accuracy makes shortcut attribution inherently
noisier, we treat the Dog Breed results as an exploratory case study rather than a full
comparison, and correspondingly restrict our cross-dataset effectiveness claims to the
CelebA and COCO-Cars settings.

To analyze these results more qualitatively, Fig. 8 shows the distribution of relevant
and spurious features across StyleGAN layers. Relevant channels concentrate in coarse
blocks (b4–b16), which encode semantic structures like shape. In contrast, spurious
channels appear more often in mid-to-late layers (e.g., b512 and above), linked to
texture and lighting, confirming that many spurious dependencies stem from low-level
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Fig. 9. RQ3: Top-10 spurious features identified for SWAG, ResNet, YOLO, and ReXNet

artifacts. While ResNet focuses on relevant channels, SWAG exhibits a more dispersed
activation pattern with fewer relevant and more spurious attributions, reinforcing the
risk of lacking adaptation to relevant features in a weakly supervised manner. Both
models’ spurious activations concentrate in mid-to-late layers tied to lighting and
background, underlining the value of layer-aware attribution for diagnostic insights.
For YOLO-based car detection, the spurious attributions are spread more uniformly
across all layers, unlike the eyeglasses task where they are confined to coarse-level
features. For the dog breed task, with the same number of seeds, ReXNet was affected
by the largest number of samples, which were concentrated in the mid-to-late layers.
Fig. 9 further reveals that SWAG’s top spurious directions often reflect global ap-

pearance cues, such as face width, contour, lighting intensity, and exposure. ResNet,
on the other hand, has semantically finer spurious directions, such as glasses frame
style, eyebrow height, or clothing. This contrast suggests that ResNet latches onto
plausible but misleading features, while SWAG responds more to structural or envi-
ronmental noise. This finding echoes recent work on ViTs [59], which demonstrates
that global attention mechanisms often degenerate into utilizing background patches
as representation shortcuts. For YOLO car detection, the spurious features span a
broader range, including shifts in color saturation, bronze tint, and contrast, indicating
that the car detector may rely on a wider mix of context signals than the attribute
classifiers. For fine-grained Dog Breed classification, the top spurious features for the
dog classifier are overwhelmingly dominated by environmental factors (e.g., global
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Fig. 10. RQ3: t-SNE visualization of relevance maps by SpRAy. Bottom: samples from five

distinct clusters, including original images and corresponding relevance maps.

color cast, brightness) and generic localized features (e.g., fur color, texture) rather
than distinct morphological breed traits.

Finally, Fig. 10 shows a t-SNE of relevance maps clustered using SpRAy. While the
eigengap analysis suggests 9 clusters, the visualization shows a mostly continuous
distribution. Cluster inspection reveals repeated attention around eyeglasses, raising
ambiguity over whether these activations reflect causal semantics or spurious correla-
tions. This highlights the limitations of pixel-level relevance methods and the strength
of our feature-space probing in uncovering subtle spurious patterns.

RQ3 (robustness via spurious feature detection): Detect reveals substantial

differences in spurious feature reliance between models with similar accuracy, showing

that SWAG ViT focuses more on low-level, global cues while ResNet attends to finer but

still irrelevant traits. In contrast, SpRAy does not reveal equally spurious patterns in

the evaluated setting, especially when irrelevant features co-occur with class semantics.

5.5.4 RQ4 (model repair). On the CelebA test set, the fine-tuned model maintains
performance comparable to the original model (target accuracy remains 0.997), indi-
cating that tuning on repaired samples does not degrade performance on standard
data. On the generated boundary-level test set, the improvements are clear: target
accuracy increases from 0.935 to 1.000. These results show that the repaired dataset
helps the model handle relevant feature perturbations more reliably while preserving
its original behaviour.
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RQ4 (model repair): We provide evidence that Detect-generated counterfactual

tests can support model repair. The fine-tuning process successfully boosted accuracy on

the generated test set from 0.935 to 1.000, while preserving the standard test accuracy.

5.6 Threats to Validity

5.6.1 Internal validity. The performance of Detect depends on the quality of the pre-
trained StyleGAN generator and the accuracy of the VLMs used in feature attribution.
Errors in feature relevance estimation or latent disentanglement could lead to incorrect
categorization of features as task-relevant or spurious. To mitigate this, we rely on
pre-trained models when possible, and channel labels are aggregated across multiple
counterfactual samples. Additionally, the threshold selection for sensitivity and logit
change might affect the precision of behavioural attribution.
Furthermore, Detect relies on a VLM to construct the feature-aware test oracle.

A potential threat to construct validity is the intrinsic bias of the chosen VLM. We
mitigated this threat by carefully selecting state-of-the-art VLMs that show high align-
ment with human visual instruction following. Furthermore, we empirically assessed
this threat through a human study (RQ1.3), confirming that the VLM’s attribution and
relabeling decisions strongly align with human consensus.

5.6.2 External validity. Our evaluation is limited to specific datasets (CelebA, COCO-
Cars, Dogs) and tasks (classification and detection). While we fine-tuned StyleGAN
models for better alignment, results may not generalize to domains with less disen-
tangled latent spaces or less structured visual features. Furthermore, although we
evaluate Detect on three distinct model architecture types, the results may not gen-
eralize to all model families or training regimes. In particular, models with different
characteristics—such as parameter sizes, architectural designs, or hyperparameter
configurations—may exhibit different behaviours when applying our approach.

5.6.3 Reproducibility. All software artifacts and the complete results set are available
in our replication package [1].

6 DISCUSSION

6.1 From Class- to Feature-Level Testing

Most prior DL testing methods lack semantic control, making test failures hard to
interpret [30, 55]. Mimicry introduced class-conditional testing, improving usability
but still limited by the coarserW-space. In contrast, Detect operates in S-space and
targets specific semantic features based on model behaviour, enabling fine-grained
objectives (as presented in Fig. 11). Detect currently perturbs single feature dimen-
sions at a time, which is effective for localized attributes (e.g., glasses) but may be
less optimal for composite global concepts (e.g., gender, car). Nevertheless, Detect
by fine-grained control over a single feature still outperforms the state-of-the-art
baseline on both efficiency and image preservation. As demonstrated in RQ2 (Table 2),
Detect∗ significantly reduces runtime and achieves higher image preservation than
Mimicry, while maintaining comparable boundary distances. Future work will explore
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simultaneous perturbations of multiple correlated features to further enhance the
manipulation of complex relevant attributes.

6.2 Spurious Detection vs. ClassifierQuality

The utility of spurious feature detection is closely tied to classifier quality. For low-
performingmodels, such as in fine-grainedmulti-class dog breed classification, misclas-
sifications frequently stem from underfitting or class confusion rather than shortcut
reliance, making spurious attribution less meaningful. For these models, improving
their basic robustness may be the most immediate priority. Detect∗ remains useful
for exposing this instability, whereas fine-grained relevance aggregation may pro-
vide limited additional structure when almost no recurring relevant channel can be
identified.
Conversely, for high-performing classifiers, accuracy is not sufficient to assess

reliability. As shown in RQ3 (Table 3 and Fig. 8), both ResNet and SWAG achieve strong
accuracy on the glasses task, yet our analysis reveals they rely on different features,
including quite distinct spurious patterns. These findings reinforce the need for feature-
aware testing that distinguishes causal semantics from confounding correlations,
offering diagnostic insights that go beyond accuracy metrics. To this aim, the proposed
relevance ratio provides a complementary perspective to conventional accuracy.

6.3 Explainability in Test Generation

Incorporating feature-aware perturbations provides a structured form of explainability.
Rather than blindly searching for misclassification like Mimicry, Detect distinguishes
between task-relevant and irrelevant features, enabling a more informative testing
process and more precise judgments about model behaviour: failures triggered by irrel-
evant features reveal spurious reliance (i.e., lack of robustness), while those triggered
by relevant ones indicate a lack of generalization.
This fine-grained analysis is particularly important for the SUTs, which achieve

high accuracy on the test set. We complement it with additional insights on why

they fail on the features identified by Detect, as demonstrated in RQ3 (Fig. 9). Our
framework supports this by converting test generation into a targeted probe of the
model’s feature dependence. This not only improves test quality but also enables
practical feedback for model assessment, debugging, and retraining.

6.4 Latent-Space Interpretability

Compared to conventional saliency-based methods, our framework introduces a more
structured form of explainability grounded in latent space semantics. As shown in
RQ3 (Fig. 10), methods like SpRAy produce pixel-level heatmaps that highlight regions
on which the model focuses, but offer limited insight into what types of features affect
the prediction. In contrast, Detect explains model behaviour in terms of interpretable
latent factors, offering concept-level attribution rather than low-level localization.
Detect bridges the gap between interpretability and explainability: it does not merely
visualize what the model reacts to, but enables structured reasoning about why it
reacts that way.
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Table 4. Comparison of Detect with existing DL evaluation paradigms across guidance, oper-

ating spaces, and oracles.

Methodology Guidance Space Operating Space Semantic Automated

(Representative Works) (What directs the search?) (Where are changes applied?) Interpretability Semantic Oracle

Adversarial Testing SUT Gradients / Loss Raw Pixel Space × Original Label
(e.g., Szegedy et al. [65]) (Mathematical) (Input Dimensions) (via Proximity)

Coverage & Fuzzing Internal SUT Activations Raw Pixel Space × Differential /
(e.g., DeepXplore [53], DSA [36]) (Neural Representations) (Adding Noise) Proximity

Macro Generative Testing Predefined Metamorphic Image-to-Image ∼ (Holistic) ∼ (Rigid MRs)(e.g., DeepRoad [81]) Relations (Rules) (Macro Styles)

Latent Boundary Search SUT Confidence LatentW-Space × (Entangled) Original Label
(e.g., Mimicry [74]) (Prediction Shifts) (Composite Vectors) (via Proximity)

Feature-Aware Testing Latent S-Space Latent S-Space ✓ ✓
Detect (Ours) (Feature Sensitivity) (Disentangled Channels) (Disentangled + VLM) (VLM-based)

Note: ✓denotes fully supported, ∼ denotes partial support or limitations, and × denotes not supported. MRs = Metamorphic Relations.

7 RELATEDWORK

7.1 Test Generation for DNNs

There are several strategies for generating test inputs for deep learning systems. To
clarify the fundamental novelty of Detect, we contrast it with existing paradigms
across their guidance mechanisms, operating spaces, and automated test oracles (as
illustrated in Table 4).
Raw Input Manipulation. These methods work directly on the input space, often
by perturbing pixel values to induce misbehaviours [38]. Early adversarial meth-
ods generate test cases by directly applying mathematical perturbations to the raw
input space to maximize prediction errors [65]. To provide better search direction,
a prominent line of subsequent research proposed sampling the internal feature
space of the SUT. This includes structural criteria like neuron coverage [20, 43, 53],
Distance-based Surprise Adequacy (DSA) [36], and representation-guided fuzzing (e.g.,
TensorFuzz) [52]. A recent empirical study [10] extends attribution-guided testing to
task-specialized language models, combining token-level attribution with LLM-driven,
semantics-preserving mutation and automated validity checks. Beyond test generation,
attribution signals have also been used for runtime monitoring of DL systems [19, 64],
e.g., turning attention maps into confidence scores to anticipate misbehaviours [63].

Detect differs from these methods in three fundamental aspects. First, in terms of
the guidance space, their search is directed by traversing the SUT’s internal activation
states. However, SUT activations are entangled vectors optimized solely for a specific
discriminative task. In contrast, Detect is guided directly within the disentangled
and more generalized Latent S-space by identifying sensitive semantic channels. Sec-
ond, regarding the operating space, these raw input manipulation methods apply
noise or image translation. While effective, they often produce unrealistic artifacts
and are limited in exploring novel, semantically meaningful input variations [56].
Ultimately, exploring the uninterpretable activations in SUT and pixel-level modifi-
cations prevents them from synthesizing clean, feature-level counterfactuals. Third,
concerning the test oracle, these test generation methods predominantly reuse the
original input’s label. They rely on the restrictive assumption that by enforcing small
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perturbation magnitudes or applying similarity constraints, the underlying semantics
are preserved. However, this proximity-based oracle often fails to guarantee true
semantic correctness [56].
Model-based Techniques. They generate test inputs by manipulating high-level,
structured representations of the input domain, such as parameterized models encod-
ing domain constraints [15, 50, 55]. These methods enable the synthesis of semantically
meaningful and novel inputs by altering the model and converting it back to raw
inputs. However, they rely on manually crafted domain models, which can limit their
generalizability [56].
Generative AI-based Techniques. They have recently gained attention for their
ability to produce structurally novel test cases without domain models. Seminal works
in this domain, such as DeepRoad [81], utilize GANs for metamorphic testing by
applying macroscopic image-to-image translations (e.g., altering driving scenes from
sunny to snowy). While effective for domain-level robustness, they lack fine-grained
control over individual objects. While Variational Autoencoders (VAEs) have been
used [14, 30, 44], they struggle with complex, context-rich image data [74]. GANs
offer improved generative power [44, 74, 81], and recent work is beginning to explore
diffusion models as well [8, 16, 44, 49, 75]. Yet, they usually explore the latent space
without distinguishing semantic features. The search in latent space often follows
directions that mix attributes or rely on interpolation paths that drift toward invalid
regions of the latent manifold [30]. Furthermore, boundary-search methods in latent
spaces still largely rely on original labels via similarity preservation, which remains
prone to semantic drift.

Detect uses a generative AI-based technique, leveraging StyleGAN’s architecture
for fine-grained control over image features—a capability not yet explored in prior
work. It integrates spurious feature detection into the generation process to increase
the effectiveness of test cases. Detect advances DL testing by aligning its guidance,
manipulation, and oracle mechanisms around explicitly disentangled semantics. In-
stead of uninterpretable SUT activations or entangled latent spaces, Detect uses the
S-space both to guide its search and to apply perturbations. This allows the search to
identify and perturb sensitive features via precise 1D channel-wise semantic traversals.
Instead of assuming label preservation through rigid similarity constraints, Detect
incorporates a VLM-based oracle. This actively evaluates whether the generated coun-
terfactuals correctly reflect the expected human-understandable concepts, mapping
SUT failures to semantic vulnerabilities rather than mere pixel variations.

7.2 Spurious Correlation Detection/Mitigation

Feature invariance is a foundational principle in robust and fair machine learning,
dictating that a model’s output should remain stable under variations in input features
that are semantically irrelevant to the target task. To highlight the unique positioning
of Detect, we categorize existing literature into three paradigms and contrast them
with our approach.
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Training-Time Invariance and Mitigation. The vast majority of prior work ad-
dresses spurious correlations by enforcing invariance actively during the model train-
ing phase. Prominent strategies include Invariant Risk Minimization (IRM) [6], bias-
mitigation losses [4, 72], gradient-based debiasing [13], and environment-aware op-
timization [27]. Furthermore, architectural modifications and specific pretraining
designs (e.g., robust ViT variants) have been proposed to naturally resist spurious
features [18, 46]. Overall, these methods require full access to the training information
or the ability to modify the objective function. In contrast, Detect targets post-hoc
testing. It is designed to evaluate, test, and diagnose already-deployed models.
Data-Driven Interventions and Counterfactuals. Another line of work focuses on
mitigating bias via dataset interventions. Methods in fairness-aware learning propose
counterfactual tests [37], while vision-specific approaches manually alter image back-
grounds (e.g., in animal classification [9]) or apply masking to irrelevant regions [67].
However, collecting naturally occurring counterfactual datasets or manually annotat-
ing bounding boxes to decouple features is notoriously labor-intensive and struggles to
scale effectively in complex visual domains [3]. Detect overcomes this data bottleneck.
By leveraging the disentangled Latent S-space, Detect automatically synthesizes
high-fidelity, fine-grained counterfactuals (e.g., changing only the background or
lighting), eliminating the reliance on manually curated datasets or annotations.
Post-Hoc Spurious Detection. Less work has been directed toward testing trained
DL models for faulty behaviour. Existing post-hoc detection methods often rely on
injecting artificial shortcut signals (e.g., manually placing watermarks or color patches)
into test sets to observemodel reliance [5, 39], or they utilize XAI heatmaps to highlight
activated regions. However, these methods still require manual annotation on the
highlighted regions. Moreover, XAI heatmaps suffer from pixel-level entanglement and
cannot generate executable test cases. Detect differs by actively perturbing natural,
real-world semantics.
Detect shifts the focus from training-time mitigation and pixel-level post-hoc

explanation to an automated, generative testing framework. While existing methods
can spatially separate objects from backgrounds, they fail to untangle conceptual
features that naturally overlap in the pixel space (e.g., lighting, skin color, eyebrows).
Detect overcomes this by projecting saliency analysis directly into the disentangledS-
space. This allows us to actively and automatically decouple fine-grained semantics and
perturb them individually to confirm invariance violations. Moreover, by employing a
VLM as an automated semantic oracle, Detect automatically assesses whether the
SUT’s prediction shifts are legitimately caused by task-relevant feature changes or
are the direct result of spurious feature reliance. This provides an end-to-end testing
framework for exposing shortcut learning in complex vision models.

8 CONCLUSIONS

We presented Detect, a feature-aware test generation framework based on test
generation and spurious feature diagnosis. By operating in a semantically disentangled
latent space, Detect enables fine-grained perturbations aligned with task semantics,
and distinguishes between relevant and spurious feature influences. Our experiments
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show that Detect uncovers behaviourally significant vulnerabilities in high-accuracy
models, providing insight into how different models rely on distinct types of features.

As part of our future work, we plan to extend the framework beyond StyleGAN to
other generative architectures, such as diffusion-based models and transformer-based
generators. While GANs can exhibit relatively structured and partially disentangled
latent spaces, diffusion models currently represent the state of the art in generative
modeling but pose additional challenges for feature-aware testing. In particular, their
latent representations are iteratively denoised rather than decoded in a single step,
making feature attribution and controlled manipulation less straightforward than in
architectures with explicit intermediate synthesis layers. Transformer-based genera-
tors pose related challenges, as semantic features may be distributed across multiple
patches and channels, making controlled perturbations more difficult. Another direc-
tion is extending the approach to modalities outside vision, such as natural language
or audio, where latent structure and semantic drift present related challenges. These
directions could broaden the applicability of Detect to a wider range of DL testing.
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A GENERATED EXAMPLES
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(a) CelebA-glasses Task: Change whether Glasses are worn.
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(b) CelebA-gender Task: Change Gender of the Person.
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(c) COCO-Cars Task: Cause YOLO to predict a class other than car.

DE
TE

CT
M

IM
IC

RY

(d) Dogs Task: Change the predicted Dog Breed.

Fig. 11. Original-to-perturbed image pairs generated by Detect and Mimicry on each task.

Fig. 11 presents representative example pairs comparing Detect and Mimicry.
Across tasks, Detect produces more localized and attribute-specific perturbations,
whereas Mimicry often alters multiple features and introduces additional unintended
changes. In general, perturbations generated by Detect remain more controlled,
modifying only the minimal region required for class transition. These examples
illustrate the qualitative differences underlying the quantitative trends reported in the
main text.
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B FULL PROMPT EXAMPLES USED FOR VLM EVALUATION

The following prompts were used for VLM-based relevance attribution and relabeling
in the eyeglasses-detection task.

Prompt for relevance attribution.

You are given three AI-generated images:

The first is the original face.
The second is generated by changing one latent direction.
The third is a difference mask showing where the change occurred.

Focus specifically on whether the presence of eyeglasses changes between
the first and second images.
Output a JSON object with the following keys:

{"answer": "yes, eyeglasses are added/removed"
or "no, eyeglasses remain the same."}

Use the mask to support your reasoning and ignore irrelevant changes
such as lighting or color tone.

Prompt for relabeling.

You are an image tagger for AI-generated portraits.
For each image, output a JSON object with the following fields:
Determine whether the person in the image is wearing eyeglasses.
Output a JSON object.
{ "glasses": "Yes / No / Ambiguous"}
If the image quality is poor or unclear, respond with "Ambiguous".

C SELECTION OF THE CONFIDENCE DROP THRESHOLD

The selection of the confidence drop threshold for our spurious feature oracle is guided
by both the theoretical mechanics and an empirical sensitivity analysis.

Relying on misclassification to define spurious features is inconsistent across vary-
ing taxonomy sizes. In binary classification, a change in the predicted class requires
the decision logit to cross zero. Conversely, in dense multi-class tasks, misclassification
is determined by relative class competition. The target class logit might decrease only
slightly or even increase, yet still be overtaken by a competing class. Therefore, we
suggest decoupling the measurement of spurious reliance from the volatile mechanics
of multi-class boundary crossings and defining the threshold solely on the target class
logit.
Fig. 12 provides a descriptive sensitivity analysis. The number of retained unique

features decreases as the threshold increases, while the average recurrence of the
retained features initially declines and then rises after the most selective region. We
use 0.4 as an empirical operating point in the transition region: it removes many

, Vol. 1, No. 1, Article . Publication date: October 2026.



38 Chen et al.

0

200

400

600

800

1000

Nu
m

be
r o

f U
ni

qu
e 

Fe
at

ur
es

Retained Unique Features vs. Threshold

0.0 0.2 0.4 0.6 0.8 1.0
Confidence Drop Threshold

1.2

1.4

1.6

1.8

2.0

2.2

2.4

Av
er

ag
e 

Fr
eq

ue
nc

y 
pe

r F
ea

tu
re

Average Frequency of Retained Features vs. Threshold

Fig. 12. Sensitivity of feature retention to the confidence-drop threshold. Top: number of

retained unique features. Bottom: average frequency per retained feature.

small logit fluctuations while retaining a sufficiently broad set of recurring features
for analysis. However, due to the absence of ground-truth spurious-feature labels,
this choice is not objectively optimal. Instead, the threshold should be treated as a
configurable design choice that may vary across SUTs and tasks according to the
desired trade-off between coverage and selectivity.
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