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Abstract. Understanding how neural networks rely on visual cues offers
a human-interpretable view of their internal decision processes. The cue-
conflict benchmark has been influential in probing shape-texture prefer-
ence and in motivating the insight that stronger, human-like shape bias is
often associated with improved in-domain performance. However, we find
that the current stylization-based instantiation can yield unstable and
ambiguous bias estimates. Specifically, stylization may not reliably in-
stantiate perceptually valid and separable cues nor control their relative
informativeness, ratio-based bias can obscure absolute cue sensitivity,
and restricting evaluation to preselected classes can distort model predic-
tions by ignoring the full decision space. Together, these factors can con-
found preference with cue validity, cue balance, and recognizability arti-
facts. We introduce REFINED-BIAS, an integrated dataset and evaluation
framework for reliable and interpretable shape—texture bias diagnosis.
REFINED-BIAS constructs balanced, human- and model- recognizable cue
pairs using explicit definitions of shape and texture, and measures cue-
specific sensitivity over the full label space via a ranking-based metric,
enabling fairer cross-model comparisons. Across diverse training regimes
and architectures, REFINED-BIAS enables fairer cross-model comparison,
more faithful diagnosis of shape and texture biases, and clearer empirical
conclusions, resolving inconsistencies that prior cue-conflict evaluations
could not reliably disambiguate. Our code is available at REFINED-BIAS.
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1 Introduction

Do neural networks (NNs) exhibit biases in human-like perception, and can we
diagnose them in cognitively meaningful terms? Addressing these questions is
important for bridging machine and human vision, revealing how models in-
ternalize visual information and providing a basis for more human-like sys-
tems [2,8,11,15,17,24]. Accordingly, a growing line of work has developed di-
agnostic benchmarks [3,9, 18,25, 32, 47] that evaluate model biases through a
human-perceptual lens. Among them, the cue-conflict benchmark [18] remains
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Fig. 1: Empirical instability of stylized image-based bias evaluation. (a) illustrates the
core insight of cue-conflict that stronger shape bias, similar to humans, improves in-
domain performance. (b) shows examples of unrecognizable cues in the cue-conflict
dataset. (c) illustrates conflicting findings on this core insight of cue-conflict.

the de facto standard and the most widely adopted framework for bias analysis,
consistently used in recent studies [8, 14,24, 26-28,34,36,45,51,52].

The cue-conflict benchmark probes cue preference using stylized cue-conflict
images that combine the shape of one class with the texture of another. It intro-
duced a core insight that has been highly influential: a human-like strong shape
bias is associated with higher in-domain performance (Fig. la). While this idea
remains highly valuable, we find that the current stylization-based instantiation
yields empirically unstable evaluations. Many cue-conflict images do not clearly
convey their shape and texture cue information, making them difficult to rec-
ognize for both humans and machines (Fig. 1b). Such ambiguity helps explain
conflicting conclusions in recent studies on whether shape or texture drives model
performance [1, 14,30, 36] (Fig. 1c), and why the benchmark can fail to reflect
explicitly shape-inducing training strategies.

These observations raise fundamental reliability questions for stylized cue-

conflict evaluation:

Q1: Do cue-conflict images instantiate perceptually valid and separable shape
and texture cues?

Q2: Does the mized-cue formulation in cue-conflict ensure controlled and bal-
anced shape and texture cues such that both exert comparable influence?

Q3: Are both shape and texture cues reliably recognizable by both humans and
models?

If the answer to any of the above questions is no, measured “preference”
can be confounded by cue construction artifacts rather than reflecting genuine
perceptual bias. Here, we identify key limitations of the current cue-conflict
instantiation (Fig. 2). On the construction side, stylization operationalizes shape
and texture through model-dependent features, yielding imperfect cue separation
and perceptual impurity (Fig. 2a), and provides no control over cue mixing ratios,
often producing imbalanced cue informativeness (Fig. 2b). On the evaluation
side, the ratio-based bias score obscures cue sensitivity, making models with
vastly different absolute cue utilization appear similar (Fig. 2¢), and restricting
evaluation to a small subset of labels can distort model predictions, obscuring
cue usage in the full decision space (Fig. 2d).

To address these issues, we introduce REFINED-BIAS, a reliable framework
for integrated evaluation and a disentangled benchmark of interpretable align-
ment of shape and texture. We define shape as globally and locally coherent
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Fig. 2: Limitations of the cue-conflict benchmark: Although it has offered a valuable
and well-designed framework for studying shape and texture biases, we argue that sev-
eral limitations warrant further attention: (a) cue entanglement caused by stylization,
where shape and texture information leak into each other, (b) imbalanced cue infor-
mation caused by stylization, leading to unfair predictive contributions, (c) ignoring
differences in cue sensitivity, which prevents distinguishing models with genuine biases,
and (d) evaluation restricted to preselected classes.

geometric structure and texture as scale-consistent repetitive patterns [16,25],
and construct balanced, non-overlapping cue pairs from classes that are clearly
recognizable to both humans and models. Building on this dataset, we propose a
cue-specific sensitivity framework, evaluated on the full label set using a ranking-
based metric, enabling preference to be interpreted with absolute sensitivity.

REFINED-BIAS restores diagnostic faithfulness in three ways. (1) It consis-
tently reflects the effects of shape-focused learning strategies on shape-related
behavior, whereas cue-conflict exhibits only partial alignment. (2) It separates
cue sensitivity from relative preference, allowing fairer cross-model comparison
beyond ratio-based bias. (3) It supports more reliable conclusions about how
shape and texture sensitivities jointly relate to model performance. As a re-
sult, REFINED-BIAS enables clearer empirical insights, including architecture-
dependent shape-texture trade-offs, the role of local-to-global mechanisms in
improving shape understanding, and bias analysis that extends to both large-
scale and quantized vision models, while resolving prior conflicting conclusions
that the original cue-conflict benchmark could not reliably disambiguate.

2 Revisiting Cue Preference Benchmarking

Before introducing our benchmark, we first revisit how cue preference has been
measured in prior work and why the widely adopted cue-conflict paradigm re-
quires careful re-examination.

2.1 The Cue-conflict Paradigm

The cue-conflict benchmark [18] measures shape-texture bias using conflicting-
cue images that combine the shape of one class with the texture of another
through image stylization [13]. Since its introduction, it has become the de facto
benchmark for studying cue preference. Importantly, however, this stylization-
based design was adopted as a pragmatic solution rather than the only valid
way to measure cue preference. In the original study, Geirhos et al. [18] initially
considered more purified stimuli, such as sketches, to isolate visual cues more
explicitly. Yet these introduced a substantial domain shift for standard CNNs.
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Fig. 3: Examples of imperfect cue separation in the cue-conflict dataset. (a) Quali-
tative examples of ambiguously extracted shape and texture cues. (b) Kendall’s rank
correlation of class-wise model top-1 accuracy on stylized cues and pure shape stimuli.
All TmageNet-1k pretrained CNN and ViT models listed in Appendix D.1 are utilized.

Stylization was therefore adopted as a practical workaround that preserved more
natural image statistics while still inducing cue conflict.

Under this implementation, shape and texture cues are operationalized via
a stylization model: shape is associated with content features, and texture with
style statistics such as Gram-matrix matching. Based on 16 ImageNet super-
classes [19], the benchmark contains 1,280 cue-conflict images constructed from
160 shape-source images and 48 texture-source images. Not all possible combi-
nations of shape and texture are used. Instead, a subset is selected from 7,680
(160 x 48) candidate pairs, and some source images are reused more frequently
than others. Shape bias is then computed as ns/(n; + ns), where ny and n,
denote correctly predicted shape and texture labels, respectively, and similarly
for texture. While useful in practice, its current instantiation introduces several
limitations that complicate reliable bias interpretation.

2.2 Limitations of the Current Cue-conflict Instantiation

Problem 1. Stylization undermines cue reliability. The cue-conflict pre-
sumes that stylization yields two perceptually valid and separable signals: shape
(content) and texture (style). However, this operationalization is defined by the
stylization model’s internal features rather than by human perceptual criteria,
and the resulting cues need not align with the intended “pure” shape and texture.

We test this assumption by comparing predictions on cue-conflict images
against predictions on purified shape stimuli (silhouettes for global shape, edges
for local shape). If content is a faithful shape proxy, it should correlate with
both silhouette and edge performance, while style should not. Instead, as shown
in Fig. 3b, content correlates mainly with edge-based signals and fails to track
holistic shape, whereas stylized texture exhibits non-trivial correlations with
shape proxies, indicating leakage and imperfect disentanglement. Qualitative
examples further suggest that shape-like structure can remain visible in texture
cues (Fig. 3a). Together, these results imply that the current stylization pipeline
does not consistently instantiate clean cue separation.
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Fig. 4: Unequal recognizability of cues in the cue-conflict dataset. (a) Qualitative ex-
amples of unequal informativeness, and (b) human and model perception trends, on
shape and texture cues. Model top-1 accuracies are shown with bars indicating 95%
confidence intervals. All ImageNet-1k pretrained CNN and ViT models listed in Ap-
pendix D.1 are utilized. For details on the human study, see Sec. 3.1.

Even if such disentanglement were approximately valid, preference measure-
ment requires shape and texture cues to be mixed in an equal ratio (50:50) to
measure preferences fairly [3,44]. Otherwise, the resulting bias score may reflect
cue imbalance rather than genuine preference. Yet, stylization offers no explicit
control over the relative contribution of shape and texture, and in practice, one
cue often dominates the other. As shown in Fig. 4a, a keyboard shape blended
with an elephant texture contains more texture than shape, making the shape
unrecognizable. Similarly, a bear shape mixed with a clock texture is not visible.

These two issues jointly lead to a third problem: the resulting cue-conflict
images are often difficult even for humans to recognize in terms of both source
cues. If both cues were represented faithfully, humans and models should be able
to identify both the underlying shape and the transferred texture with reasonably
high accuracy. Instead, as shown in Fig. 3a and Fig. 4 (see also Appendix B.1
and B.2), both human and model recognition are substantially imbalanced, with
some texture classes being consistently difficult to distinguish and only a small
subset remaining highly recognizable. Collectively, the current construction can
confound preference with cue validity, cue balance, and recognizability artifacts.

Problem 2. Relative bias obscures cue sensitivity. Cue-conflict reports
bias as a relative ratio between correct shape and texture predictions. While
such a ratio can indicate directional preference, it does not capture how strongly
a model actually uses either cue. For example, a model with 8% shape accuracy
and 2% texture accuracy yields the same relative ratio as a model with 80% and
20%, despite the latter being far more sensitive to both cues. Thus, the relative
metric conflates directional preference with absolute cue sensitivity.

This limitation is particularly problematic when the metric is used to com-
pare models or track development progress. An increase in shape-bias score does
not necessarily mean that the model has become more shape-sensitive; it may
simply indicate that texture sensitivity has deteriorated more severely. There-
fore, relative preference can be informative only when interpreted alongside cue-
specific sensitivity, rather than as a standalone measure of cue utilization.

Problem 3. Restricted label evaluation distorts model predictions. A
further limitation arises from evaluating predictions in a restricted label space.
Reliable analysis should be conducted in the full decision space in which the
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model was trained and performs inference. However, cue-conflict evaluation con-

siders only a subset of candidate labels, typically the shape and texture classes

of the constructed image. This filtering can distort the model’s actual prediction.
For example’ if a model’s top- Restricted Label Evaluation Distorts Model Predictions

. . (a) True Model Prediction (b) Distorted Model Prediction
1, top-2, and top-3 predictions are | ownn T T T
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“rabbit”, “cat”, and “dog”, respectively, @& 10 @ 0w | -

the true model prediction is “rabbit” g‘ g] M
(Fig. 5a). However, when the model’s = Top3

output space is restricted to a prede- Ttlooks like %! [tlooks ke “SE:(‘;: L e et
fined subset of classes (e.g., “cat” and Fig.5: Illustration of the difference be-
“dog”), the original top-2 prediction tween (a) true model prediction and (b) dis-
(i.e., “cat”) becomes the top-1 result, torted model prediction. Groundtruth label
thereby distorting the model’s true is “cat”, true model prediction (i.e., top-1
prediction. Such distortion can mis- prediction in full decision space) is “rabbit”.
lead bias evaluation: when the model’s Se¢ Appendix C.1 for more details.
distorted prediction happens to match the ground-truth label (“cat” in Fig. 5b),
the model may appear to correctly rely on a given shape or texture cue, even
though it did not genuinely recognize it. Consequently, restricted label evaluation
can overestimate cue usage and obscure the model’s true perceptual behavior.

Rank Class Logit

2.3 Prior Critiques and the Remaining Gaps

Our critique is not the first to question aspects of the cue-conflict benchmark.
Several recent studies [3,9,44,47] have already pointed out important limita-
tions in the current paradigm. Some focused on cue imbalance and attempted to
construct more controlled stimuli. For example, Tartaglini et al. [44] fill shape
silhouettes with textures, but their design overlooks local shape features and still
relies on relative bias metrics, limiting fair cross-model comparison. Burgert et
al. [3] analyze prediction shifts under cue degradation, but do not fully account
for low-level texture cues and remain constrained by ratio-based bias measures.
Other studies examined the limitations of relative bias metrics or evaluated cue
sensitivity through degraded or texture-suppressed inputs. Wen et al. [47] mea-
sure sensitivity changes under global shape degradation, whereas Doshi et al. [9]
assess shape sensitivity using texture-suppressed global shape cues.

These studies provide valuable evidence that the current cue-conflict setup
should not be treated as an unquestionable standard. At the same time, prior
efforts remain largely fragmented, addressing only part of the problem, such as
cue balance, relative bias, or shape sensitivity, while leaving other issues unre-
solved. In particular, no prior work provides a unified re-examination of how cues
are constructed, how predictions are evaluated, and how cue-specific sensitivity
should be measured in a full-label setting. Our work is motivated by precisely
this gap: rather than addressing a single limitation in isolation, we revisit cue
preference benchmarking from the ground up and develop an integrated frame-
work that improves cue construction, evaluation, and interpretability together.

Together, the issues discussed in this section suggest that cue-conflict may
not fully satisfy the desiderata of a reliable bias benchmark, which leads to



On the Reliability of Cue Conflict and Beyond 7

(a) Qualitative Examples on Generated Cues (b) Illustration of Mean Reciprocal Rank (MRR)

Source image Geirhos et al. Mohlaetal. .~ Ours ~ MRR for granular assessment of cue reliance

. : Groundtruth image class : Incorrect image class

(Predicted) Rank 1 Rank 2 Rank 3 Rank4 Rank 5
Book image : clock  ipod tiger zebra —>1/1=1.0

Clock image: book [MEENS ipod  tiger zebra —>1/2=05

N
ot M?; Ipodimage : book clock [N tiger zebra —>1/3=03
a Cheetah texture - Cheetaly

W not visibte shape leakage Mean Reciprocal Rank (MRR): (1.0 +0.5+03)/3=0.3

Fig. 6: REFINED-BIAS dataset and metric. (a) Qualitative comparison with existing
cue generation methods [13,32]. (b) Computation of the mean reciprocal rank (MRR)
metric. Additional qualitative examples are provided in Appendix A.2.

unintuitive evaluations in practice (Sec. 4.1 and 4.2). Existing alternatives also
remain limited in delivering an intuitive model bias evaluation (Appendix C.2).

3 Methodology

We propose REFINED-BIAS, a new framework for accurately and reliably mea-
suring and comparing shape and texture biases. First, we define disentangled
stimuli following human perceptual standards rather than model-derived heuris-
tics, ensuring that each cue is pure, equally informative, and clearly recognizable
(Sec. 3.1). Second, we introduce a novel bias metric evaluated in the model’s true
decision space, capturing both preference and sensitivity (Sec. 3.2). By unifying
these refined stimuli and evaluation metrics, REFINED-BIAS satisfies the essential
desiderata for a reliable bias assessment, enabling a precise and fair comparison
of perceptual capabilities across models.

3.1 Shape and Texture Cue Construction

What constitutes shape and texture in our benchmark? To address
Problem 1, we define shape and texture based on human perception rather than
model heuristics, and generate cues that faithfully capture these characteristics,
as shown in Fig. 6a (right).

Texture is defined as a pattern that consistently repeats within patches of
various image sizes. For example, classes like “honeycomb” and “dishrag” exhibit
characteristic textures that remain recognizable even when divided into small
patches of different sizes.

Shape, on the other hand, is defined as a non-repeating geometric structure,
encompassing both global and local features [16,25]. Global geometry refers to
the overall structure of an object, such as its silhouette, while local geometry
includes distinctive substructures not repeated across the object. For instance,
although “ipod” and “comic book” share a similar rectangular global geometry,
their local structures are distinct, allowing reliable classification.
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Data collection. To further mitigate the Problem 1, we construct a curated
dataset of 20 ImageNet-derived superclasses (see Appendix A.2 for details), com-
prising 10 shape-dominant (e.g., clock, hourglass) and 10 texture-dominant (e.g.,
strawberry, brain coral) categories, selected based on human perceptual judg-
ments. On the other side, the limited source images used in cue-conflict may
introduce image-level variations, such as resolution differences that can make
patterns appear more coarse or fine. To mitigate this, we collect 300 diverse im-
ages per class, 10 from ImageNet and the rest from web sources. This results in a
more balanced set of shape and texture cues compared with cue-conflict, which
contains only 10 shape and 3 texture sources per class. In total, our dataset
contains 6,000 high-quality images, roughly five times larger than cue-conflict.

Shape and texture cues. In designing our cue dataset, we build upon the
insights of Mohla et al. [32] rather than simply replicating their protocol, as the
direct application of existing methods leaves data quality issues unresolved. As
shown in Fig. 6a (middle), prior methods produce texture cues characterized by
local and global shape leakage and reduced cue resolution, while shape cues suffer
from noisy background clutter that obscures the object’s structural integrity.
Furthermore, the stylization method of Geirhos et al. [18] tends to inherit these
inherent data issues found in the cue-conflict benchmark (Fig. 6a, left).

To avoid these issues, we design a more precise and carefully controlled cue
generation pipeline. As shown in Fig. 6a (right), this pipeline ensures clearly
recognizable pure shape and texture cues while preserving their full resolution.
We further conduct human inspection on each generated cue image to enhance
cue quality. The details on the generation pipeline are in Appendix A.1.

As shown in Fig. 7, our dataset Balanced Cue Recognition in REFINED-BIAS
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ture structural 3D information while Fig.7: Human and model perception
remaining free from the grid-like ar- trends on shape and texture cues of the
tifacts in textures (see Appendix C.3 REFINED-BIAS dataset. The same experi-
for details). Note that the pure stim- Mental setup as in Fig. 4 is used.

uli in Geirhos et al. [18] are small-scale, created for illustration rather than
benchmarking, and not fully public. In contrast, our stimuli are systematically
constructed and released as a public resource for reliable bias evaluation.

Mitigating domain shift in CNNs. To mitigate the domain shift in CNNs
that often hinders bias evaluation, we carefully curate a subset of classes where
either shape or texture serves as the most discriminative feature for classifica-
tion. For these categories, we generate clean, artifact-free images to ensure that
the intended cues remain clearly recognizable to CNNs (as well as ViTs). Con-
sequently, REFINED-BIAS achieves significantly higher recognition performance
across all ImageNet-1k pretrained CNNs (see Appendix D.1), with average top-1
accuracies of 46% for shape and 63% for texture. By comparison, the cue-conflict
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benchmark achieves 4% (shape) and 21% (texture) in full model predictions, and
20% and 30% in distorted predictions. This indicates that REFINED-BIAS is sig-
nificantly less susceptible to the domain shift in CNNs than cue-conflict.

Our human study details. To en- Table 1: Inter-rater agreement scores.
sure that our shape and texture cues Fleiss’ Kappa (k) measures the degree
are clearly recognizable to humans, ©f agreement among multiple raters in
we conducted parallel user studies on their predictions. Higher scores indicate
REFINED-BIAS and cue-conflict. We stronger consistency in predictions and re-
recruited 88 participants, each com- flect how clearly cues are perceived.

pleting 100 classification tasks using _Patasct Cue Type Fleiss' Kappa
randomly sampled images from each  rerINED-BIAS TSh":Pe 8'?3?2
. exture .
benchmark. These tasks were evenly di-
Shape 0.7276

vided into shape and texture sections,  Cue-conflict Texture 0.9937
where participants identified the target
class of a single image for each task. To measure how consistently partici-
pants identified these cues, we calculated inter-human agreement using Fleiss’
kappa (k) [12]. As shown in Tab. 1, while REFINED-BIAS achieved near-perfect
agreement for shape (k = 0.98) and substantial agreement for texture (k =
0.79), cue-conflict showed significantly lower consistency, particularly for tex-
ture (k = 0.29), indicating inherent ambiguity in its signals. These suggest that
REFINED-BIAS provides more recognizable cues to human evaluators.

3.2 Model Comparisons with Redefined Bias

Addressing the Problem 2 and Problem 3, we introduce a new metric that oper-
ates on the full logits and enables more fair cross-model comparisons. The core
insights behind our metric are as follows: (1) existing bias metrics are often in-
flated because they rely directly on accuracy for cues, and (2) accuracy appears
in both the numerator and denominator, which could distort the ratio. To re-
solve these issues, we (1) replace accuracy with a ranking-based metric, and (2)
apply the metric only in the denominator. While various ranking-based metrics
could be used, we employ Mean Reciprocal Rank (MRR) [46], which aligns well
with our objectives. While accuracy assigns 0 to both 2nd and 100th place pre-
dictions, MRR distinguishes them with values of 1/2 and 1/100, enabling a more
precise assessment of how models prioritize different cues.

Redefined Bias. Specifically, our metric computes the reciprocal ranks of
the correct shape and texture labels within the model’s full prediction ranking
(Fig. 6b). We refer to these two components as Shape-Sens and Texture-Sens.
Unlike conventional MRR, our ranking is computed over the logits:

Voo 1L 1
Texture-S = — _ 1
, exture-Sens N ; E— (1)

1
Shape-Sens = —
N i—1 T'shape,i

Here, N is the total number of samples, rshape,i and Ttexture,i are the ranks
of the correct shape and texture labels for the i-th sample in the model’s ranked
predictions, respectively. The relative bias for shape and texture is defined as:
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Shape preference = Shape-Sens/(Shape-Sens + Texture-Sens), (2)

Texture preference = Texture-Sens/(Shape-Sens 4+ Texture-Sens). (3)

In the following sections, we demonstrate that our dataset and metric effectively
distinguish bias differences and identify models with genuinely strong biases.

4 Experiments

Our experimental agenda is guided by two goals. First, we validate the correct-
ness of REFINED-BIAS, which can reliably contrast shape-texture bias across a
diverse spectrum of training strategies (Sec. 4.1), aligning with our prior under-
standing and intuition. Building on this foundation, we further investigate how
such bias varies across different model architectures (Sec. 4.2). We note that the
term “bias” is used to refer to both preference and sensitivity collectively.

4.1 Validating REFINED-BIAS Benchmark

The credibility of all subsequent experiments hinges on the correctness of the
REFINED-BIAS benchmark; we evaluate whether the outcomes are consistent with
our intuition and whether they remain plausible given existing knowledge. To this
end, we evaluate the dataset using extensive training strategies for diverse pre-
trained models. We then focus more on assessing the correctness of the revised
sensitivity metric and examining how the resulting bias measurements correlate
with ImageNet top-1 accuracy (i.e., in-domain performance).

Learning strategies and hypothesis: We consider 32 ImageNet-1k pre-
trained models, all based on the same ResNet-50 architecture [20]. As a baseline,
we use a model trained with random cropping only. Each model applies one ad-
ditional training strategy on top of this baseline setup. The strategies are as
follows (see Appendix D.2 and B.3 for more details and examples, respectively):

— Shape augmentation explicitly promotes shape-based recognition by ex-
posing models to conflicting cues and enforcing correct shape prediction. We
use three models [18,29] following this strategy.

— Contrastive learning implicitly learns cue invariance by aligning repre-
sentations across texture variations such as blurring, encouraging reliance
on stationary shape information. We use three models [4-6] for this strategy.

— Texture distortion injects noise that disrupts textural information while
preserving semantic structure, encouraging reliance on invariant shape fea-
tures. We use five models [21-23, 31, 33] following this strategy.

— Mixed augmentation mixes image pairs or masks regions, enabling learn-
ing of stable shape and texture cues while reducing reliance on non-stationary
cues. We use eight models [48], four with texture distortions [7].

— Adversarial training makes models robust to imperceptible image pertur-
bations [14,40]. It does not directly improve shape or texture perception, so
it does not necessarily affect shape or texture bias. We consider 12 models
trained with varying levels of noise.
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REFINED-BIAS dataset reflects trends clearly. Based on the hypothesis, we
evaluate whether each benchmark dataset faithfully reflects the expected ef-
fects of different learning strategies, using the preference metric. As shown in
Tab. 2, our dataset demonstrates that shape-focused strategies consistently in-
crease shape preference. Notably, even nuanced strategies such as mixed aug-
mentations, which apply mild texture degradation, are accurately reflected by
ours as an increased shape preference. While cue-conflict partly captures simi-
lar tendencies, many of its results are not statistically significant and show an
inconsistent trend across the strategies.

For adversarial training, results on Table 2: t-test on the difference be-
our dataset show that robustness to tween the baseline and training strate-
imperceptible noise does not signifi- gies based on the preference. The red,
cantly affect model preference. In con- yellow, and gray shading indicate signif-
trast, cue-conflict reports a larger in- icant shape preference, texture preference,
crease in shape preference than shape- and no preference, respectively (a«=0.05).
focused methods, which is counterin- Model Family Expected Cue-conflict REFINED-BIAS
tuitive since it is primarily aimed at Mixed Aug = shape p=2.72e-04 p=0.002
. . . Texture Dist shape p=0.003 p=0.010
improving adversarial robustness, not g gpane Aug  shape  p—0.181  p—0.018
shape preference. Furthermore, con- ® Contrastive shape p=0.684  p=0.009
sistent with recent ﬁndings [3] that Adversarial neither p=5.19e-05 p=0.489
the ImageNet-1k pretrained ResNet-50 model does not strongly rely on texture
cues, our dataset indicates lower reliance on texture (0.49), while cue-conflict
reports a higher texture preference (0.77). Overall, these results demonstrate
that our dataset provides a more reliable reflection of model behavior.

Sensitivity metric reveals models that truly utilize cues. The primary
goal of our sensitivity metric is to enable fair comparisons across models by re-
liably distinguishing those that utilize either shape or texture cues. To this end,
we evaluate whether it can reveal cross-model differences that the preference
metric misses. On our dataset, the preference metric suggests that adversarial
learning induces the strongest utilization of texture cues (Fig. 8c), while on the
cue-conflict dataset, it indicates the strongest utilization of shape cues (Fig. 8a).
As shown in Fig. 9a and Fig. 9b, our sensitivity metric demonstrates that ad-
versarial learning does not increase the model’s utilization of either cue, whereas
mixed augmentations lead models to utilize both shape and texture cues, reveal-
ing differences that the preference metric obscures. These results show that our
sensitivity metric captures both cross-model differences in cue utilization and
independent utilization of shape and texture cues for models that rely on both,
unlike the preference metric, which fails to capture either.

Balanced cue usage positively correlates with performance. To examine
the relationship between model bias and in-domain performance, we employ a
dataset with pure, balanced cue information and a sensitivity metric that clearly
distinguishes model differences. Following Gavrikov and Keuper [14], we fix the
architecture (ResNet-50) to isolate inductive bias as a confounding factor. In
Fig. 9a and Fig. 9b, our benchmark reveals that higher in-domain accuracy
positively correlates with the utilization of both shape and texture cues. These
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Fig.9: Comparison of models based on the sensitivity metric and ImageNet-1k top-
1 accuracy. (a) shape and (b) texture sensitivity measured across different learning
strategies with a fixed architecture. (c) shape and (d) texture sensitivity measured
across varying architectures with fixed learning strategies. Correlations are
measured via the Pearson correlation coefficient r. See Appendix C.6 for more analysis.

results align with prior studies [29,32,43], which show that jointly utilizing shape
and texture cues improves in-domain performance, further confirming that our
benchmark accurately captures their complementary roles.

4.2 What Becomes Visible Once Bias Is Measured Reliably

Based on our dataset and metric, we provide an empirical analysis of how shape
and texture biases vary across different model architectures and examine their
relation to in-domain performance. See Appendix D.1 for full model details.

How VIiT design influences cue utilization. The ViT architecture is in-
herently designed to capture broad, global context through its patch-wise self-
attention [10], but struggles to effectively encode local features [38,49,50]. Sub-
sequent designs like Swin and CMT address this by improving local-to-global
feature aggregation: Swin via self-attention in progressively shifted windows, and
CMT by combining local convolutional extraction with global self-attention. We
investigate how this local-to-global understanding affects model behavior by ana-
lyzing shape and texture utilization using our benchmark and sensitivity metric.
As shown in Fig. 9¢, Swin and CMT exhibit higher shape sensitivity than ViT,
indicating that improved local feature aggregation enhances shape perception
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Table 3: t-test on the difference between
the preference score and the no-preference
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Fig. 11: Bias evaluation on quantized ImageNet-1k pretrained ResNet architectures.

Relationship between quantization level and (a) ImageNet-1k top-1 accuracy, (b) pref-

erence measured on cue-conflict dataset, (c) preference, and (d) sensitivity measured

on our dataset. Kendall’s rank correlation p is computed and averaged across models.

(consistent with Shi et al. [42] for Swin). In contrast, Fig. 8b shows that the
cue-conflict dataset, measured via the preference metric, fails to reveal this ad-
vantage: CMT shows little change, and Swin shows reduced shape preference.

Which drives performance? Shape or texture? Recent studies [1,14,30,36]
using cue-conflict benchmark have yielded conflicting conclusions about whether
shape preference is more beneficial for in-domain performance. Specifically, as
shown in Fig. 8a, when the CNN architecture is fixed and only the training
strategy varies, higher texture preference is associated with better accuracy,
consistent with [14]. Conversely, when the training strategy is fixed and the ar-
chitecture varies, the opposite trend emerges: models with stronger shape prefer-
ence perform better (Fig. 8b), in line with [1,30,36]. These contradictory findings
within the cue-conflict framework undermine a coherent understanding of prefer-
ence and call into question whether the benchmark faithfully reflects its intended
premise. In contrast, our dataset and preference metric provide consistent results
across all setups (Fig. 8c and Fig. 8d), reliably identifying shape preference as
a more important performance contributor. This consistency demonstrates that
our benchmark not only accurately captures the intended insight of cue-conflict
but also enables a more reliable evaluation of model preference.

What do biases reveal in large-scale models? Large-scale pretrained mod-
els such as CLIP that leverage image-text alignment are known to favor coarse
semantics over pixel-level texture, and thereby encourage stronger shape re-
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liance [3,26]. This provides a natural testbed for examining two questions: Can
a benchmark faithfully capture cue preferences for large models induced by dif-
ferent large-scale pretraining strategies, and do these preferences explain down-
stream recognition performance? To confirm the questions, we evaluate ViT
variants from OpenCLIP [39] (pretrained on LAION-2B [41]) and DINOv2 [37]
(pretrained on LVD-142M), using linear probing on ImageNet-1k with a frozen
backbone and a linear classifier. In this setting, cue-conflict fails to reveal a
clear shape preference across OpenCLIP models, exposing an evaluation failure
mode (Tab. 3). In contrast, our benchmark consistently reveals a shape pref-
erence, providing a reliable measure of cue preference. Beyond preference, our
benchmark further shows that both shape and texture sensitivities jointly drive
in-domain accuracy on OpenCLIP (Fig. 10a) and DINOv2 (Fig. 10b), consis-
tent with our findings in Fig. 9. Together, these results demonstrate that our
benchmark reliably captures cue bias across diverse large-scale vision models.

What changes in bias under model quantization? Another practical case
that provides a useful testbed is model quantization. Quantization progres-
sively degrades intermediate feature representations, potentially compromising
a model’s visual cue perception even when semantic predictions remain rela-
tively robust [35]. This raises the question of whether existing cue-bias bench-
marks faithfully capture how visual cue processing changes under quantization.
To investigate this, we analyze quantized ResNets under precisions from 32-bit
to 2-bit. Under stronger quantization, cue-conflict reports an increasing shape
preference (Fig. 11b), suggesting a shift toward shape reliance. However, because
quantization accumulates errors throughout intermediate representations, this
trend is difficult to interpret. Moreover, the reported increase in shape prefer-
ence is accompanied by a decrease in in-domain accuracy (Fig. 11a), contradict-
ing cue-conflict’s central observation that stronger shape bias is associated with
better recognition performance. In contrast, our benchmark shows that both
shape and texture sensitivities consistently decrease as quantization becomes
stronger (Fig. 11d), indicating a gradual degradation of visual cue perception,
while shape preference also decreases (Fig. 11c), consistent with the drop in
in-domain accuracy. These results suggest that our benchmark faithfully tracks
changes in model behavior under quantization, whereas cue-conflict does not.

5 Discussion

Does REFINED-BIAS still evaluate cue preference? Yes, but with greater
precision. By identifying which information a model can actually leverage when
provided in its pure form, we derive a more grounded preference that is not
confounded by the failure to recognize competing signals. This approach restores
evaluative reliability while preserving the core insight of cue-conflict, enabling a
more reliable assessment of how training strategies influence preference.

Could REFINED-BIAS still be affected by domain shift? A natural con-
cern is that REFINED-BIAS may face the very domain-shift issue encountered
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in the cue-conflict setting of Geirhos et al. [18]. Indeed, stylization-based cue-
conflict benchmarks emerged in part because earlier attempts could not avoid
substantial distribution mismatch when directly isolating cues. Through cleaner
stimulus construction and carefully selected distinctive classes, REFINED-BIAS
yields substantially higher top-1 accuracies, as reported in Sec. 3.1. These re-
sults suggest that REFINED-BIAS is less susceptible to severe domain shift than
prior stylization-based cue-conflict benchmarks.

What exactly is improved by the dataset, the metric, and their combi-
nation? Our dataset resolves issues of cue purity, recognizability, and balance. It
eliminates the inherent ambiguity of stylization and provides a five-times larger,
scalable pool of samples that are easier for both humans and models to interpret.
Our sensitivity metric enables full-label evaluation to identify genuine cue uti-
lization. By separating “how much a model knows” from “which cue it prefers”,
it uniquely reveals models that genuinely utilize both cues. The integrated ben-
efit arises from their combination, providing the empirical lesson that improved
performance stems from dual reliance on both cues and that models with local-
to-global attention consistently drive stronger shape utilization. Furthermore,
our benchmark enables reliable bias capture in both large-scale and quantized
vision models, consistently capturing model bias and its relationship to recogni-
tion performance, while faithfully reflecting changes in model behavior.

Potential limitations. While our shape cues offer diagnostic clarity, they may
not fully capture 3D geometry or viewpoint dependencies. Completely isolating
texture from residual shape impressions remains an open challenge, and expand-
ing cue classes will further broaden the scope of bias analysis.

6 Conclusion

The cue-conflict benchmark has advanced our understanding of how networks use
shape and texture, but its uncontrollable stylization, relative bias that obscures
cue sensitivity, and strict class restrictions limit reliable bias analysis. To address
these issues, we introduce REFINED-BIAS, a comprehensive framework designed
for more controlled and precise bias evaluation. Our refined dataset and metric
together provide a unified solution that addresses the limitations of cue-conflict
and unresolved issues in recent benchmarks. We establish a more principled and
dependable framework for evaluating cue-related biases in modern vision models.
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