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Abstract

Relational reasoning, a fundamental ability of the human
mind, remains an important challenge for visual deep neu-
ral network (DNN) systems. In this work, we present a
new set of visual relational reasoning tasks with varying
levels of relational complexity and show that, for a series
of convolutional neural networks and vision transformers,
a third-order relational task is not learnable—in the sense
that extensive hyperparameter search and model training
do not yield in-distribution above-chance performance on
the test set. Our results highlight the limitations of current
visual DNN architectures and suggest a path towards de-
veloping reliable methods to discriminate between human
and visual DNN system responses.

Introduction
With a single glance, the human visual system is capa-
ble of producing scene comprehension: a parsing of the
current state of affairs into a set of objects comprising
the scene and the relations among these entities (Bie-
derman, 1981). Consequently, the ability of visual deep
neural networks (DNNs)—which can match, and some-
times even surpass, human performance on tasks such
as naturalistic image classification—to represent visual
relations has been the focus of many investigations. In
particular, many studies have examined whether visual
DNNs can learn to represent the sameness relation (Adeli
et al., 2023; Funke et al., 2021; Gupta et al., 2025; Kim
et al., 2018; Messina et al., 2021, 2022; Puebla & Bow-
ers, 2022, 2025; Stabinger et al., 2016; Tartaglini et al.,
2025). These studies have relied heavily on the same-
different task, which consist of classifying an image with
two objects as “same” or “different”.

In this work, we extend the study of visual relations in
DNNs by introducing a new set of tasks that leverage
bilateral symmetry. This type of symmetry is central
to biological vision systems, as most animals exhibit it
(Pizlo et al., 2014). Importantly, bilateral symmetry is
not a concrete feature of an object; rather, it is better
defined as an inner relation between the two sides of an
object. In contrast to previous research that implemented
higher-order visual relational reasoning tasks based on
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Figure 1: Symmetry-based relational tasks.

the sameness relation (Puebla & Bowers, 2025), using
bilateral symmetry as the basis for our tasks enabled us
to instantiate third-order visual relational reasoning tasks
with only six objects at a time.

Simulations
Tasks
Our symmetry-based tasks extend the sameness tasks
used in studies of primate reasoning defined by Premack
(1983) (see Figure 1). All our tasks are binary classi-
fication problems. We termed the first one symmetry
classification (henceforth, S-classification). In this task,
a given sample is labelled as 0 if the shape is asymmetric
and as 1 if it is symmetric. S-classification is a first-order
visual relational reasoning task because the reasoner
only needs to make a judgment about an unnested rela-
tion.

We refer to our second task as symmetry-based match-
to-sample (henceforth, S-MTS). In this task, there is a
base shape at the top-center of the image, which is either
symmetric or asymmetric, and two candidate shapes, one
at the bottom-left and the other at the bottom-right. One
of the candidates is symmetric, and the other asymmetric,
and the goal is to choose the shape at the bottom that
has the same symmetry inner relation as the base shape
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Figure 2: In-distribution test accuracy after hyperparameter optimization and training.

at the top; the label is 0 if the matching shape is at the
bottom-left and 1 if it is at the bottom-right. S-MTS is a
second-order visual relational reasoning task because
the reasoner needs to make a nested judgment about
the individual symmetry inner relations of the objects.

We termed our final task symmetry-based relational
match-to-same (henceforth, S-RMTS). In this task there
is a base pair of shapes at the top-center of the image
instantiating the (second order) relation same-symmetry
(when both shapes are symmetric or both are asymmet-
ric) or different-symmetry (when one shape is symmetric
and the other asymmetric) and two candidate pairs of
shapes at the bottom-left and bottom-right. The goal is
to identify which candidate pair matches the base pair’s
symmetry relation; the label is 0 if the matching pair is at
the bottom-left and 1 if it is at the bottom-right. S-RMTS
is a third-order visual relational reasoning task because
the reasoner needs to make a nested judgment about
the second-order symmetry relations between pairs of
objects.

Models
We included six models in our simulations. Three con-
volutional neural networks: ResNet-50 (He et al., 2016),
EfficientNetV2-M (Tan & Le, 2021), ConvNeXt-B (Liu et
al., 2022b); and three vision transformers: SwinV2-B
(Liu et al., 2022a), CLIP-ViT-B/16 (Radford et al., 2021),
SigLIP2-B/16 (Tschannen et al., 2025).

Datasets
For the S-classification and S-MTS tasks, the datasets
consisted of disjoint sets of 28000, 5600, and 11200
images for training, validation, and testing, respectively.
For the S-RMTS task, we increased the training set size
to 280000 after observing that no model could learn the
task with the original training size. For each model, we
generated datasets matching its preferred image size.

Trainig and Test
Before training each model, we optimized hyperparam-
eters using the Optuna framework (Akiba et al., 2019).
For all models, we used the AdamW optimizer with an
exponential learning rate scheduler and a batch size of
128. With these settings, we optimized the learning rate
and the scheduler’s multiplicative decay factor over 100
trials. We then selected the best-performing training con-
figuration based on in-distribution validation accuracy
and trained a single model instance with those hyperpa-
rameters for up to 100 epochs. We report test accuracy
for those particular seeds.

Results
Figure 2 presents the in-distribution test accuracy after
hyperparameter optimization and training. As can be
seen, all models achieved ceiling test performance on
the S-classification task. On the S-MTS task, all models
achieved ceiling performance, except SwinV2-B, which
exhibited random-level performance. Finally, all models
exhibited random-level test performance in the S-RMTS
task.

Discussion
These results provide strong evidence that contempo-
rary visual deep neural networks, including both convo-
lutional architectures and vision transformers, fail to ac-
quire higher-order relational representations when these
are defined over abstract properties such as bilateral
symmetry. While all models readily achieved ceiling per-
formance on first- and second-order tasks, their consis-
tent collapse to chance-level accuracy on the third-order
S-RMTS task—even after extensive hyperparameter op-
timization and substantial increases in training data—
raises the possibility of a fundamental limitation rather
than a contingent failure of training.
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