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Abstract

We introduce a ‘configural shape index’ to quantify the
quality of configural shape information in deep neural
networks used to model human visual processing. Unlike
shape-vs-texture bias measures (Geirhos et al. 2018),
which capture the relative importance of shape in making
classification decisions, our index captures the quality of
shape representations in absolute terms (not relative to
texture), and can be applied to any layer of any DNN
model, regardless of model objective. Over a set of 92
models (including CNNs and transformers trained on a
variety of tasks), we find low to modest sensitivity to
configural shape, even in models with near human levels
of shape-bias. These results suggest that there remains
significant room for improving the quality of configural
shape representations in DNN models of object
recognition.
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Introduction

There is significant interest in the extent to which humans
and deep neural network models (DNNs) rely on object shape
when performing object-recognition tasks (e.g., Baker et al.
2018, Herman et al., 2020), with an emphasis on the degree
of shape-vs-texture bias in humans versus DNNs (Geirhos et
al. 2018) — human classification decisions are biased toward
shape information, whereas most models are biased towards
texture information. Bias, however, is orthogonal to the
nature and quality of representations — for instance, it is
possible to be 100% shape-biased when making only 1
correct shape-based decision and no other correct responses;
(Doshi et al., 2024). Moreover, an emphasis on bias suggests
that systems must be good at either shape or texture
representation, but not both, when in fact the human
perceptual system excels at both (e.g. Biederman, 1987,
Julesz, 1975). Thus, it seems worthwhile to focus not only on
whether decisions are dominated by shape or texture, but to
focus on the nature and quality of shape (and texture)
representations. In the present study, we attempt to answer
the question — what qualities should a “good” shape
representation possess, and how can we measure the strength
of shape representations in DNNs used to model human
visual processing?

Although there is no widely agreed upon formal definition
of shape, information regarding object-shape should be
preserved by affine transformations (translation, rotation,
scale) since the exact same shape-defining features are
depicted under each view. In contrast, object-identity (and
presumably shape) are destroyed by “scrambling” transforms
which alter the configuration of features in a way that is
inconsistent with a “different view” of the same object. In the
current study, we created a Configural Shape Benchmark that
embodies these properties, quantifying the degree to which
DNN model representations are tolerant to affine
transformations while being intolerant to scrambling
transformations (configural-shape-index = affine-transform
tolerance minus scramble tolerance). This measure differs

from shape-bias, which measures the relative importance of
shape versus texture in making classification decisions. In
contrast our configural-shape-index measures the strength of
configural shape representations in absolute terms (not
relative to texture), which allows for the possibility that a
system simultaneously has strong shape and texture
representations (Herman et al., 2020; Jagadeesh & Gardner,
2022; Long et al., 2018). Moreover, the configural-shape-
index is computed using the intermediate activations of the
model rather than at the output stage, and thus can be used on
any layer of any model regardless of objective.

Method
Image Dataset. We used the Imagenette validation set
(Howard, 2019), which is a subset of the official Imagenetlk
validation set, limited to 3,925 images sourced from 10 easily
distinguished categories: Tench, English Springer, Cassette
player, Chain saw, Church, French horn, Garbage truck, Gas

pump, Golf ball, Parachute.
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Fig. 1. Example translatlon rotation and scale shifts in top three
rows. Bottom row shows Grid Scrambling which breaks an image
in a grid of different patch sizes and then shuftles the patches. On
the right is the similarity between each transformed image and the
original image within the DNN representations from an intermediate
layer of Alexnet model.

Critical Stimuli Manipulation: As shown in Fig. 1, we
systematically modify an image to either maintain or disrupt
its global structure, while retaining local features at different
scales (depending on the scramble grid size). The top three
rows depict modifications through translation, rotation, and
scaling, respectively, which preserve both global and local
characteristics of the image. Conversely, the final row
illustrates a scrambling process that parametrically disrupts
the global structure: the image is segmented into grids of
patches of varying sizes, with the ensuing patches then
shuffled. This progressively degrades spatial coherence, with



the leftmost images retaining more of the local context due to
larger patch sizes.

Configural-Shape-Index: To compute the tolerance to any
given transformation within an intermediate model layer, we
compute the Cosine Similarity between activations to the
original image, and the transformed image (see Fig. 1). The
goal is to give high scores to models that have high tolerance
to affine transformations (translation, rotation, scale), but to
penalize high tolerance to scrambling. A mean tolerance
score is computed for translation (orange bars), rotation
(green bars), and scaling (red bars) individually and the
average aggregate of these scores represents the tolerance for
shape-preserving transformations. For grid scrambles that
disrupt configural shape (purple bars), we compute tolerance
by deriving a Normalized Area-Under-the-Curve, giving
greater weight to images with larger patches (i.e. more pixels
in each patch). The difference between tolerance for shape-
preserving transforms (average of translation, rotation, and
scale tolerance) and shape-disrupting transforms is then taken
as the configural-shape-index — a measure of the
strength/quality of configural shape representation in a given
model layer. The scores range from -1.0 to 1.0, 1.0 being a
perfect configural shape representations (perfectly invariant
to affine transforms, perfectly intolerant to any level of
scrambling). Although scores of -1 are mathematically
possible, they would indicate perfect tolerance to scrambling
and zero tolerance to affine-transformation, and thus the
effective range is between 0 and 1.

Models: We tested 92 models spanning a range of factors
putatively impacting shape-representation in DNNs,
including 6 standard feedforward object-recognition CNNss,
5 CNN:ss trained on Stylized ImageNet (Geirhos et al., 2018),
34 CNNs designed for robustness (Salman et al., 2020), 8
networks with constrained receptive fields (Doshi et al.,
2023; Brendel & Bethge, 2019), 3 self-supervised CNNs
(Chen et al., 2020), 9 trained with semi-supervised or semi-
weakly supervised networks on expansive datasets (Yalniz et
al., 2019), 10 Sparse Top-K Networks (Li et al., 2024), and 7
Vision Transformers (Dosovitskiy et al., 2020), which
include a Masked Autoencoder variant (He et al., 2022), and
lastly 10 AlexNet variations with distinct architectural or
training modifications. For Vision Transformers, we assessed
the configural-shape-index over the «class token
representation extracted from the last embedding layer, and
for the remaining models, across all ReLU activation layers
(focusing on the last ReLU layer for model comparisons).

Results

Across the full set of models tested, untrained models have
no sensitivity to configural shape, whereas trained models
have at best a modest configural shape index score, with
sensitivity increasing for deeper layers within trained models
(see Fig. 2a and Fig. 2b). In general, we find that failure
towards configural shape sensitivity arise because models are
not tolerant enough to rotation, and are too tolerant to
scrambling (Fig. 2c¢), particularly for large patch sizes.
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Fig. 2. (A) Configural Shape Indexes for Alexnet layers. (B)
Histogram of Configural Shape Indexes for all models. Gray
dashed line is the mean index for the 6 untrained models. (C)
Tolerance to Affine Transformations (Translation, Rotation and
Scale Shifts) and Scrambling.

Relationship between configural-shape-index and shape-
bias scores: Our findings suggest that models with higher
shape bias (Geirhos et al., 2018) are not necessarily also
better at our configural shape processing (r=0.628). For
example, the most shape-biased model has a shape-bias score
of 0.814, but a configural-shape-index of only 0.249. While
training Resnet50s with stylization dramatically improves
their shape bias (from 0.214 to 0.814), it leads to only modest
improvements on our configural shape index (0.2419 to
0.2497) Similarly, other approaches that increase shape bias
exhibit similar effects: adversarial robust training increases
shape bias by 0.511 but the configural shape index by only
0.08 in Resnet50; diffusion-guided training increases shape
bias by 0.382 but configural shape by just 0.045 in Alexnet;
and sparsity raises shape bias by 0.468 while actually
reducing configural shape by 0.05 in Sparse Top-K networks.
Thus, models that presumably emphasize shape over textural
features on the shape bias metric, show no or only marginal
advancements on the configural-shape-index, highlighting
that configural shape-index serves as a distinct (and perhaps
stricter) measure of shape-representation.
Conclusion

We find that the proposed configural-shape-index of
configural shape-quality is low across a wide range of DNN
models trained with different architectures (convolutional
neural networks, vision transformers), and training objectives
(category supervised, self-supervised), even for models with
substantially heightened shape-bias scores. Taken together,
our findings reveal a general insensitivity to configural shape
across models, even for models that show near-human levels
of shape-bias (Geirhos et al., 2018; Salman et al., 2020; Jaini
et al., 2023; Li et al., 2024), indicating that the lack of shape-
based representation in DNNs (Baker et al., 2018) remains an
important challenge for DNN models of object recognition.
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