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Abstract

The visual systems of numerous animal species, including humans, exhibit a distinctive
characteristic known as a fovea. This fovea represents an area within the retina where
the highest level of visual acuity is concentrated at the center of gaze. In contrast,
peripheral vision possesses lower resolution compared to the fovea’s sharpness.
Retinotopy plays a crucial role in biological vision but remains underutilized in current
machine learning applications. This study investigates whether retinotopic mapping can
be leveraged to enhance deep convolutional neural networks (CNNs) on the ImageNet
image categorization and localization task, consisting of approximately one million
images and 1000 labels. By integrating retinotopic mapping into the input layers of
standard ResNet architectures and retraining these models using log-polar mapped
images, we achieved comparable performance in classification. Moreover, this approach
improved the network’s ability to handle arbitrary image zooms and rotations while
addressing vulnerabilities exhibited by classical models. Crucially, efficiency depended
highly on the point of fixation, with output likelihood serving as a proxy for localizing
objects of interest. This study suggests that retinotopic mapping in foveated vision
implements prior knowledge of visual object geometry, providing an efficient solution to
address the visual search problem, an essential function for predators.

Author summary

The fovea is a specialized structure found in the eyes of many animal species, including
humans, that concentrates high visual acuity at the center of gaze. Our goal was to
explore whether this unique feature could be leveraged through deep learning
architectures to enhance object detection and localization tasks in computer vision. By
incorporating retinotopic mapping into convolutional neural networks (CNNs), we
observed improved performance in identifying and locating visual objects while
maintaining resilience against common geometrical transformations such as rotations
and zooms. This study demonstrates the potential of foveated vision to advance
machine learning and computer vision, potentially bringing these models closer to
human-like efficiency and adaptability in processing complex visual scenes.
Furthermore, utilizing these computational models allows us to better understand these
fundamental neurobiological features.

August 9, 2024



Introduction: Properties of the visuo-motor system
endowing visual search

This introduction explores the foundations of visual search, drawing upon historical and
modern studies while emphasizing its significance in predator evolution. Efficient prey
detection relies heavily on a predator’s ability to swiftly move their gaze across the
environment by displacing the fovea, which contains a high concentration of
photoreceptors responsible for sharp central vision [1]. This defines visual search as the
process by which organisms examine their visual environment to locate and identify
objects of interest. For predators like raptors [2] and sharks [3], efficient prey detection
is vital for survival. The systematic study of visual search began with pioneering work
by Yarbus [4] and Noton et al. [5], who introduced the concept of a “scan path.” A scan
path refers to the trajectories of eye movements produced during visual exploration,
which are not random but guided by an individual’s objectives as demonstrated by
Yarbus through experiments involving different exploration goals and realistic paintings
or photographs. Noton et al.’s methodologies for recording and analyzing these
movements provided a solid foundation for understanding the mechanisms underlying
visual search. Their approach involves non-invasive monocular measurement of eye
movements using the diffuse scleral reflection technique, allowing ecological observation
of eye movements during recognition tasks |5]. Crucially, moving the eyes allows to
displace the fovea and thus, visual search is tightly dependent on retinotopy. As a
consequence, visual search plays a crucial role in predator survival. In this context, it
would be interesting to explore how different species have evolved their visual systems
and strategies for efficient prey detection, considering factors such as habitat type, prey
behavior, and predator adaptations.

Retinotopy: A non-linear radial organization

In order to understand the underlying mechanisms that determine the generation of
scan paths in visual search, it is essential to examine retinotopy along the visual
pathways. The visual system in humans and many mammals is characterized by a
substantial resolution disparity between the central area of the visual field (fovea) and
the peripheral regions, where the number of photoreceptors decreases exponentially with
eccentricity [6]. This radial structure of the retina, with maximal visual acuity at the
center and decreasing in the periphery, plays a key role in this exploration. This
organization is moreover maintained across the different stages of visual processing in
the brain. Theoretical advances have been supported and confirmed by experiments
using modern imaging techniques, notably by using functional magnetic resonance
imaging (fMRI) to map visual responses in the human cortex. A first study by Tootell
et al 7] focuses on spatial attention and explores the response when displaying a bar
stimulus in a visual field reduced to a quadrant. A retinotopic mapping of the visual
field is found in the early visual area, V1, V2 and V3. Dougerthy et al |8] then worked
on the representation in these same areas when displaying stimuli varying in eccentricity
or angular direction in direct connection with the log-polar referential. These studies
demonstrated how different regions of the visual cortex are activated based on the
position of stimuli in the visual field, corroborating previously proposed models. Such
topographic maps, which transform the spatial relationships of sensory inputs, are a
fundamental component of processing in species such as carnivores or primates [9],
suggesting that they confer evolutionary advantages, although the precise
computational benefits remain to be found.

In addition, these precise retinotopic mappings are thought to facilitate efficient
parallel processing of spatial features. Such a topographic organization also facilitates
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connections within and between processing areas that respect the geometry of the
sensory epithelium and minimize global wiring length. However, the function of this
topography is still debated, with one possibility being that it is merely an artifact of the
scaffolding that operates during development [10].

Eye movements and the sequential analysis of the visual scene

A natural question is what advantages these retinotopic visual inputs confer on
information processing. Numerous hypotheses have been proposed regarding the role of
this mapping of the visual field. One primary explanation is the coupling of foveal inputs
with visual exploration: a retina with a fovea allows efficient visual processing if the eye
can actively move and focus attention on specific points of interest. This may explain
the coupling of foveal inputs with visual exploration : a retina with a fovea allows for
efficient visual processing when the eye actively moves and focuses on specific objects.

The fovea is thus associated with a set of oculomotor behaviors aimed at positioning
objects of interest at the center of the retina (saccades, smooth pursuit, vestibulo-ocular
reflex...), maximizing access to visual information for those objects. When we visually
explore a scene, our eyes perform saccades, rapid eye movements that reposition the
fovea onto successive points of interest. Between these saccades, fixations allow for
precise visual information processing. This cycle of saccades and fixations form the
basis of our scan path, influencing how we perceive and interact with our environment.
One primary hypothesis thus posits that the cone distribution reflects the probability of
an object of interest being placed at the center of the retina, given the oculomotor
system [11}12].

Understanding how the visual search process functions in humans involves examining
the underlying mechanisms that guide our eye movements and visual attention.
Research shows that our visual exploration is influenced by various factors, including
the saliency of objects in our visual field [13]. Studies using eye tracking have revealed
that our eyes do not move randomly but follow predictable patterns that maximize the
efficiency of visual information gathering [14]. Recent studies have shown that this
combination of saccades and foveal input, coupled with an effective mechanism for
detecting points of interest, significantly enhances visual acuity |[15H17]. This supports
functions such as the integration of local feature analysis into global perceptual
representations.

Biologically-inspired retinotopic mapping in computer vision

Observations on visual acuity and eccentricity notably led to the development of novel
artificial vision models. Sandini et al [18] were among the first to develop these models,
drawing inspiration from the structures and functions observed in the human eye. In
their study, they propose a model that samples the visual scene with a resolution
dependent on the eccentricity, already demonstrating the contribution of this kind of
transformation to compress visual information. This characteristic was brought to light
in the field of computer vision applied to robotics, where the exploration of larger visual
scene could be made possible with a reduced computational cost. Advances in neurology
and cognitive psychology have led to the development of artificial vision algorithms that
mimic human visual mechanisms, one of the most robust models for representing this
topography is the log-polar model, which is described in detail by Arujo et al [19].
Indeed, the model is organized around two polar coordinates: azimuth (angle) and
eccentricity (distance from the center). There is an over-representation around the
center, the fovea. This area of high resolution is contrasted with the periphery. In
addition to information compression at the periphery, the analysis of the various
transformations, such as rotation and zoom, is equivalent to translation in the new
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Fig 1. We illustrate the process of mapping input images defined in Cartesian
coordinates to retinotopic space using a log-polar transformation with the fixation point
(marked by a blue disk) and the approximate area of the fovea (blue circle). In (A), the
input image is defined as a regular grid representing the Cartesian coordinates (x, y) by
vertical (red) and horizontal (blue) lines. As shown in (D), by applying the log-polar
transform to this image, the coordinates of each pixel with respect to the fixation point
are transformed based on its azimuth angle 6 (abscissa) and the logarithm of its
eccentricity p = log(1/2? + y?) (ordinates). This transformation results in an
over-representation of the central area and a deformation of the visual space. Note that
the green square is translated in retinotopic space when it is scaled and rotated. When
the transformation is applied to a natural image, as shown in (B), there is a noticeable
compression of information in the periphery, as shown in (E). As shown in (F), this
representation is highly dependent on the fixation point, as indicated by the shift shown
in (C) when the fixation point is moved to the right and down.
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reference frame. The definition of the model based on the log polar referential allowed
the development of more biological approach such as [20] where they proposed
strategies to exploit these characteristics, paving the way for applications in artificial
vision and robotics, where efficient visual perception is crucial.

The implementation of the principles of visual search using retinotopic sensors
nevertheless presents important challenges related to the issue of information retrieval:
it is difficult to estimate in advance (before actuating an eye movement) which future
position contains the most relevant information. Thus, in the analysis of a scene, the
eye must guess in advance the regions of interest, even before they are positioned at the
center of the retina. Two broad categories of approaches can be defined to characterize
this anticipatory property of the visual system. The first family of methods (called
bottom-up) considers only low-level features to characterize the regions that attract the
eye (regions that significantly deviate from the average statistics of the scene). This is
the approach proposed, for example, by Itti and Koch [13]. Conversely, top-down
approaches use prior knowledge about visual content to direct attention to potentially
interesting regions which are not yet explored [21]. There are few works utilizing this
principle of “predictive coding” in the case of retinotopic sensors, see for
instance [22}23].

Visual search has varied applications, ranging from artificial vision and robotics to
cognitive psychology and neurobiology. Models inspired by human vision, such as the
log-polar model, are used to develop artificial vision systems capable of processing
visual information efficiently and robustly |13]. These systems found applications in
areas such as image recognition, autonomous robot navigation, and even in
human-computer interfaces. In cognitive psychology, visual search helps to better
understand the processes of perception, attention, and visual memory. Studies on eye
movements and visual search patterns provide valuable insights into how our brain
processes visual information and how these processes can be altered in certain
pathological conditions, such as attention disorders or neurodegenerative diseases [24].
An intriguing aspect of visual search is how natural vision models inspire developments
in artificial intelligence [REF?].

Our proposal: a biologically inspired mapping to CNN inputs

Despite the growing attention paid to this field and the rapid evolution of computer
science in recent years, the contribution of retinotopic mapping to visual search remains
uncertain. A significant challenge remains in understanding the impact of different
aspects of vision, including eye movements, on visual search performance. The objective
of this study is to pursue the integration of these approaches with the intention of
transferring the biological aspects of neuroscience to the computational domain. We
examine the potential integration of retinotopic mapping into classical computational
architectures that model biological visual pathways, with a particular focus on deep
Convolutional Neural Networks (ACNNs). In particular, we aim at improving image
categorization and localization performance and robustness.

Here, we propose to take advantage of this biologically inspired preprocessing
approach. Our goal is to build zoom and rotation invariance directly into the
architecture of the network. Inspired by retinotopic mapping in visual pathways, we
apply a transformation to input images such that translations in the transformed
domain correspond to rotations or scale changes in the original spatial domain. By then
using a convolutional network to process images in this transformed space, the local
connectivity of the convolutions inherently imparts relative rotation and scale invariance
to the model. Rather than expecting learned filters alone to discover such invariance
post hoc, our approach maps rotations and zooms to translations at the input level. We
hypothesize that this biological mapping front-end will improve the CNN’s robustness
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to controlled geometric perturbations of images.

Contributions of the paper

This paper makes several contributions:

e We show that popular off-the-shelf CNNs can be substantially perturbed by a
simple rotation.

e We introduce a biologically inspired mapping to CNN inputs, inspired by
retinotopic mapping in visual pathways, to build zoom and rotation invariance
directly into the architecture of the network.

e We demonstrate the effectiveness of transfer learning models pre-trained on
standard datasets to then classify inputs transformed in this way, without the
need for retraining from scratch.

e We show that our approach induces significant robustness to controlled geometric
perturbations compared to baseline models, confirming that the bank of
convolutions in this transformed domain confers relative invariance as intended.

e We show improved object localization despite distortions, suggesting that
retinotopic transformation may benefit tasks beyond classification.

e We show that this biologically inspired mapping offers promising directions for
future research in geometric deep learning, robust vision systems, and
computational models of early visual processing.

Implementing a biologically-inspired retinotopic
mapping

Retinotopic mapping in humans results from the combined effect of the arrangement of
photoreceptors in the retina and their output convergence via the optic nerve. This
causes nearby regions of the visual field to activate adjacent neural structures as signals
travel from the retina to the brain, while giving more resolution to the central field of
view. Simple parameterized transformations computationally model this biologically
inspired retinotopic mapping.

The log-polar transform as a robust retinotopic mapping

We implement the retinotopic mapping by transforming the Cartesian pixel coordinates
into log polar coordinates. As shown in Figure [T} the location of each pixel in the
log-polar domain (p, 0) is defined by

= logy va? +y? (1)

0 = arctan(%) (2)

Where (z,y) are the Cartesian coordinates. The increasing size of the receptive fields
with eccentricity p also parallels the decreasing retinal ganglion cell density in the
periphery of the visual field. This retinotopic mapping has a unique and important
property - zooms and rotations in Cartesian space become vertical and horizontal shifts,
respectively, in log-polar space. This mapping transforms these two geometric
transformations into two independent dimensions, since rotation only changes the
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azimuthal angle 8, while zooming affects the logarithmic eccentricity p on the elevation
axis.

Crucially, by applying convolutions such as those used in CNNs after the log-polar
transform, the model inherently acquires relative rotational and scale invariance without
having to explicitly learn these transformationsﬂ Together, these properties allow our
model to take advantage of the translational invariance of convolutions while respecting
the geometry of retinotopic mapping, which is computationally advantageous in
biological vision systems. This type of transformation is commonly used in computer
vision, especially for template matching [19}25L26] or robotics [27,]28], but is largely
underutilized in deep learning, especially in CNNs.

This transformation is performed with the PYTORCH library [29] through the use of
the grid_sample() function, as it applies a grid to the pixels of the image in Cartesian
coordinates. This function has been implemented particularly efficiently for its use in
spatial transformer networks [30]. Thus, with such a log-polar grid, each pixel in
Cartesian space is assigned a new position in retinotopic space. We set the number of
sampled angles (Ng) and the number of sampled eccentricities (N,) to 224 to obtain an
output image with a resolution of 224 x 224, which was also used during training. The
resolution of the grid was set to the same dimension as the input images in the classical
model to avoid bias in the evaluation due to image resolution. All 6 values are within a
linear distribution in [0; 2], while p values are within a logarithmic distribution within
[F'min; "max]. In practice, we use a log-polar grid with an outer log-radius of ry.x = 0
and an inner log-radius of ry;, = —5. This choice of parameters allows us to focus on
the central area of the image, which is the most informative part of the image.

Data sets

We have selected two datasets for our study. The first dataset is that from the
IMAGENET [31] challenge, which is widely used due to its extensive collection of images
and associated labels. This dataset offers rich semantic links, enabling the construction
of task-specific datasets. However, it is worth mentioning that IMAGENET exhibits some
biases, particularly with objects being centered in many images. This feature enables
the application of a log-polar transformation, whereby the information is concentrated
at the fixation point, which is regarded as the center of the image during training.
Notwithstanding the aforementioned, it can be seen that this a priori centered position
assumption is not sufficient to generate a dataset that is perfectly suitable for
retinotopic transformation. A second step is to utilize the information provided by the
ImageNet dataset, specifically the bounding box. Consequently, a sample was selected
that encompasses the smallest square containing the aforementioned bounding box,
resulting in the generation of a fixation point dataset defined as the center of the
bounding box for the label of interest from the IMAGENET dataset [31]. This novel
dataset was subsequently employed to train the retinotopic and Cartesian networks.
Despite its advantages, IMAGENET has limitations for localization tasks. For
example, the dataset lacks multi-labels, with only one label per image. Additionally, the
proportion of bounding boxes relative to the image size is relatively large, which may
limit the impact of certain analyses. To address these limitations, we also utilize the
ANIMAL 10K dataset, as referenced in Yu (2021) [32]. The dataset provides a series of
key points for each animal joint present in an image. By fitting a Gaussian to the
aforementioned key points, heat maps can be generated, centered around the label of
interest, which in this case is ’animal’ (for further details, please refer to Figure |§| in the
Appendix). This approach enables more effective localization and the analysis of visual

IWe further introduced a circular padding in the convolutions, however we controlled this had little
impact overall (not shown).
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distribution of animals in images.

Retraining, transfer learning and evaluation of results

Previously, it has been successfully demonstrated that using transfer learning to re-train
networks like VaG16 [33] allows its application to different tasks using the semantic link
that underlies IMAGENET’s labels. It has also been shown that it is possible to predict
the likelihood of a trained network on a newly defined task (such as categorizing an
animal) using this semantic link that connects the outputs of a pre-trained network to a
library of labels, in particular to learn to categorize images containing or not an
animal [34]. Therefore, based on these findings, we used these networks to perform a
categorization task on the second dataset, ANIMAL 10K [32], seeking animals in the
image. We extended the study by retraining a deep CNN RESNET (with 18 to 101 layer
groups and provided by the PYTORCH library) on the categorization of the 1000
IMAGENET labels. This deeper networks showed improved robustness, but at the cost of
increased computational complexity [35].

We explore two network configurations: one with a retinotopic mapping at the input
and one without. To evaluate the efficiency of introducing the retinotopic mapping,
both networks are retrained (or fine-tuned) with retinotopic inputs and compared to the
legacy networks on the IMAGENET dataset. In a first generation, images were
transformed by setting the fixation center to the center of the image, exploiting the fact
that images in the IMAGENET dataset are a priori more likely to be centered. While
giving good results, a number of visual objects were not centered, giving raise to some
variability. As information degrades rapidly with eccentricity from the fixation point,
the dataset was pre-processed by using the bounding boxes provided with the
IMAGENET dataset to center the images. We used a fixation point defined as the center
of the bounding box of the label of interest. These new images were used to train these
networks in a second generation. This approach is more robust to the position of the
visual object, but requires reliable bounding boxes. This procedure yielded more
accurate results, and we used this procedure in the paper. It should be noted that even
when using the full image, the networks were able to efficiently categorize the 1000
labels, demonstrating the specific robustness of the retinotopic referential, although the
localization of these labels was not optimal.

Since the network is asked to perform inference over 1000 labels during training, we
implemented loss using the cross-entropy loss from the PYTORCH library. We used the
stochastic gradient descent (SGD) optimizer from the PYTORCH library and validated
parameters such as batch size, learning rate, and momentum by performing a sweep of
these parameters for each network. During the sweep, we varied each of these
parameters over a given range while leaving the others at their default values for 1
epoch on 10% of the entire IMAGENET training dataset. We chose the parameter values
that gave the best average accuracy on the validation set: batch size = 80, learning rate
= 0.001, momentum = 0.9. We retrained the networks during 5 epochs of the full
training dataset, keeping all learning parameters identical.

Localization tools for CINNs

One widely recognized technique for evaluating the performance of Convolutional
Neural Networks (CNNs) in localization tasks is the Class Activation Mapping method
(CAM). CAM operates by analyzing the CNN’s output in relation to the targeted class,
assigning weights to activations in each spatial feature map. This process generates a
heat map, highlighting significant areas of the image based on their contribution to the
prediction. Building upon the foundation of CAM, several derivative methods have
emerged, including Grad-CAM [?], Score-CAM [36], and Opti-CAM [37].
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In an effort to fairly quantify the contribution of each method, many quantification
techniques have been developed. Here, we select some of them to compare the models
using the retinotopic or Cartesian referential. ENERGY-BASED POINTING GAME: The
localization is a success when the peak activation of the heatmap of a given label is
located inside the ground true mask (or box). MEAN ACTIVATION IN: Mean activation
of the heatmap of a given label inside the ground true mask. MEAN AcTIVATION OUT:
Mean activation of the heatmap of a given label outside the ground true mask. MEAN
ACTIVATION RATIO: Ratio of the activation inside and outside the box, the higher, the
greater is the heatmap to indicate efficiently the position for a given label.
INTERSECTION OVER UNION (IoU): Ratio between the area of overlap of the heat map
and the ground truth and the area of union of the heat map and the ground truth.
PEAK-IOU AND PEAK-THRESHOLD: With a modulation of a threshold on the heatmap,
the Peak-TIoU is the maximal IoU value reached at the Peak-Threshold.

Empirical results

Training on Transformed Images

We fine-tuned the pre-trained RESNET networks on the IMAGENET dataset with
retinotopic transformed images. We compared the performance of the networks trained
on the original dataset (with a Cartesian mapping) with the performance of our
retrained network on the transformed dataset defined in retinotopic space. We found
that the networks retrained on the transformed images had similar categorization
accuracy as the network pre-trained on regular images (see Figure A & B). This is
surprising given that the networks used in this retraining process were previously trained
on regular images and that images with a log-polar transformation show a high degree
of distortion, in particular a compression of visual information around the fixation point
and a degradation of textures in the periphery, see Figure [l One hypothesis is that the
degradation of texture during the frame of reference change may cause the network to
rely on shape rather than texture. However, it remains to be investigated whether there
is a qualitative change in the features underlying the categorization.

Robustness of Convolutional Neural Networks

Deep learning algorithms have made tremendous progress in the last few years. For
some visual recognition tasks, such as the IMAGENET challenge 31|, they have achieved
superhuman accuracy. However, one limitation that remains is their vulnerability to
adversarial attacks. Studies have shown that these learned models can be fooled by
imperceptible modifications to images that are undetectable to humans [38]. Yet these
small distortions cause the algorithms to incorrectly classify examples with high
confidence [39]. This vulnerability makes deep networks unstable and unsuitable for use
in safety-critical domains like medicine, autonomous vehicles, or other life-or-death
situations. Before deep learning can be relied upon for such applications, researchers
must find ways to make these models more resilient to adversarial examples and
introduce human-level robustness to ensure that mistakes do not have dangerous
consequences in the real world.

Attacking classical CNNs with a Geometrical Rotation

While previous adversarial attacks have focused on imperceptible pixel perturbations,
such approaches introduce changes in many independent dimensions without reflecting
the perturbations that occur in natural environments. We present a more ecologically
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valid attack: controlled image rotations. Just as real-world objects appear in different
orientations, we evaluate the robustness of models to rotations of test inputs. Compared
to modifying independent pixels, rotation represents a coherent, whole-image
transformation controlled by a single parameter, the rotation angle. Our goal is to
investigate attacks that simulate realistic rotations in order to understand
vulnerabilities and inform robust algorithm development.

To evaluate such a rotation-based attack, we examined popular off-the-shelf CNNs
pre-trained on standard, large image datasets. For each test image, we first computed
the unperturbed baseline accuracy. We then systematically rotated the images and
tracked the change in model loss. To perform such an attack on a model m, we follow
this simple procedure. Given an image I and the output of the model p = m(I), which
returns a probability vector over K = 1000 classes, the loss function £ is defined as the
cross-entropy between the predicted probability vector and the ground truth label y
that we denote as L(m(I),y). This is the loss that was minimized during the training
procedure using gradient descent. By denoting a rotation of the image by an angle 6 as
rot(I;0), we define the rotation-based attack as the following heuristic on each image of
the dataset:

0 = arg;nax L(m(rot(I;6)),y) (3)
j = arg inax(ﬁk) with p = m(rot(I;0)) (4)

More specifically, our approach consists first to choose the rotation angle that
maximizes the loss, then to infer the most probable label for that particular angle. As a
result, we can compute the concordance between the predicted label g for the image
rotated at the angle § with the worst loss with respect to the ground truth label 7.
Using this procedure, we calculated the overall accuracy on the entire test set,
quantifying the network’s brittleness to natural image rotations.

Our experiments showed that while RESNET101 reached nominally 74% baseline
accuracy, rotation attacks significantly reduced this performance. The application of the
maximally deceptive rotation to each image reduced the accuracy to 39%. These results
were confirmed by performing the same procedure on the ANIMAL 10K [32] dataset (see
Appendix Figure . In addition, we computed for any given rotation the average
accuracy over the test dataset, showing that this average accuracy dropped sharply
compared to baseline accuracy, confirming that this simple geometrical transformation
mislead the networks. The decline was steepest between two cardinal rotations,
demonstrating limited rotational invariance compared to humans [40].

We tested each network either with raw images or with retinotopic mapping
(Cartesian or Retinotopic). We observed a symmetry with respect to the horizontal flips
and only show the positive angles here. This shows that Cartesian network has a
degraded performance compared to RESNET101, and notably that rotating images may
have an adversarial effect on categorization performance, an effect which is less observed
for the retinotopic network.

Noteworthy, these results show that while the Cartesian network retrained and tested
on regular images showed some degradation for different rotations, the categorization
results were much more invariant for the network including a retinotopic mapping (see
Figure C). This phenomenon is a consequence of the translation invariance imposed by
the structure of the CNNs. Applied to retinotopic mapping, this translation invariance
in retinotopic space is translated into rotation and zoom invariance in visual space [19).
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(A) Rotation attack (B) Rotation invariance
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Fig 2. To illustrate the brittleness of classical CNNS, we show the effect of
rotation-based attack by plotting accuracy over a sample of 1000 images from the
IMAGENET dataset, for (A) For all the networks, we plot the accuracy over the raw
data set (without rotation, in light color), or on the image rotated at the angle  with
the worst loss (rotation-based attack, in full color). (B) Average accuracy over a sample
of 1500 images from the IMAGENET dataset, shown for both retrained and
pre-trained networks with different input image rotations. The rotation is applied
around the fixation point with an angle ranging from —180° to +180° (in steps of 15°).

Visual Object Localization : Protocol

Deep convolutional networks output a vector of real numbers, often interpreted as the
log-probability on the label space (“logit”), as implemented through cross-entropy loss.
Applying the softmax function allows the output to be interpreted as a probability
vector, assigning a probability of presence to each of the 1000 labels (likelihood score).
This allows us to make a binary decision (“present” or “not present”), e.g. by selecting
the label corresponding to the highest likelihood. In our setting, we can also take
different views of a large image and compute the likelihood for each of them, allowing us
to compare which view provides the best likelihood. Views can consist, for example, of
focusing on regions of the image centered on different fixation points, with the fixation
points aligned on a regular grid in visual space.

We used two parameters to define these maps: the first parameter is the resolution
of the fixation point grid. The second is the size of the samples clipped at each of these
positions, defined as the ratio of the log-polar grid radius of the input to the total input
size or Cartesian grid size, since the grid is a square for Cartesian samples (for an
illustration of this simple process, see Appendix Figure .

This sample is then transformed or not by the retinotopic mapping before being used
as input for the corresponding network, see Appendix Figure [§}B & D. Conveniently, a
collection of samples for different fixation points can be processed as a single batch. This
protocol defines a likelihood map for any given network as the likelihood of categorizing
the presence of a label of interest inferred at regularly spaced fixation points in the
image. As can be observed qualitatively in the example image, the Cartesian
representation induces uniform activation across the whole image, while the retinotopic
mapping induces differential activation inside and outside the object of interest.

Visual Object Localization : Quantification

We sub sampled each image with a grid of equidistant viewpoints at a resolution of
11 x 11. At each viewpoint, the largest possible sample is cropped. Thus a minimum
sample with a 30% ratio at the border and the whole image at the center. From the
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Fig 3. Likelihood maps computed on a representative image using 11 x 11 points of
fixation with networks, trained and tested either on regular images (Left) or on images
mapped on the retinopic space using a log-polar grid (Right).

Cartesian or retinotopic reference frame, this sample is then resized to a 224 x 224
resolution to match the optimal size for the CNN before processing. We selected some
key metrics to compare the retinotopic or Cartesian referential. An indicator of the
correct map activation position is the Energy-Based Pointing Game accuracy where
the localization is a success when the peak activation of the heat map of a given label is
located inside the ground truth bounding box. In addition, we chose to track the ratio
of the activation inside versus outside the box: the higher the ratio and the greater is
the contrast of the heat map.

Using the heat map extracted from the key points of the ANIMAL 10K dataset
as ground truth, “in” represents coordinates inside an animal (and “out” coordinates
outside an animal, see Appendix Figure E[) For each point in the 11 x 11 grid, a
likelihood value is obtained (probability of the presence of an animal). Next, we
calculate the average likelihood for all points that are inside the zone corresponding to
the animal (likelihood “in”), as well as the average likelihood for the zone that does not
contain the animal (likelihood “out”). Next, we compare the values obtained in the “in”
zone with those obtained in the “out” zone. A higher contrast indicates a better ability
of the network to identify regions of interest in an image. If we consider a good
categorization to be a high average probability on “in” coordinates (or a low probability
on “out” coordinates), then in general networks using RETINOTOPIC meshes tend to be
more contrasted than networks using CARTESIAN meshes, which is more apparent in the
case of RESNET101, see Table [1]).

Despite the greater diversity of poses, environments, and intra-class variation in
ANIMAL 10K compared to IMAGENET, we found that they accurately highlighted
regions containing the target animals. This suggests that our models learned general
object-level features rather than dataset-specific cues.

Accuracy after “saccades” protocol

In this part of the study, we focused on finding a label of interest in including a large
number of fixation points per image. We applied this protocol to the 50,000 images in
the validation set of the IMAGENET data set. If we only stop at the best position
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10

Table 1. Likelihood maps results for the RESNET networks and as computed on the

IMAGENET dataset. In: Average probability for a fixation point in a position where
an animal is present. Out: Average probability for a fixation point outside the position
where an animal is present. Ratio: Average probability in positions where there is an

animal on the average probability outside positions where there is an animal (In/Out).
PG: In this context, the term “PG” is used to denote the degree of accuracy achieved in
the Pointing Game. IoU-Peak: Represent the maximum value of the Iou reached by the
network. IoU-T: In this context, “IoU-T” refers to the IoU Threshold, that is to say, the
value at which the IoU reaches zero for each network. We highlight the mapping which
reaches the best performances for all three conditions for each network.

RESNET50

RESNET101

I RESNET18
H Cartesian | Retinotopic H Cartesian | Retinotopic H Cartesian | Retinotopic

In 0.92 0.76 0.73 0.80 0.73 0.80
Out 0.77 0.49 0.69 0.54 0.73 0.80
Ratio 1.19 1.59 1.06 1.50 0.73 0.80
PG 1.19 1.59 1.06 1.50 0.73 0.80
IoU-Peak 1.19 1.59 1.06 1.50 0.73 0.80
IoU-T 1.19 1.59 1.06 1.50 0.73 0.80

a

Fig 5. Sample saccade to maximum likeliod position
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(Top 1), the performance of the networks is degraded compared to their accuracy

without saccades, and the same is true for Top 5 (compared to the performance of
Top 5 without saccades, not shown here). On the other hand, by adding a simple

saccade selection strategy (Top Choice), we find that the accuracy of all networks
exceeds their baseline level.

Task Dependence of Localization

We note that the likelihood maps generated by the model will vary depending on the
label or class being predicted for a given input image. Specifically, the spatial
distribution of high likelihood regions in the map differs depending on the label the
model is trying to identify, or a class of objects defined by a set of labels. This suggests
that the model learns to focus on different discriminative regions for different classes.
The different likelihood maps provide insights into how the model’s spatial attention
changes according to the visual patterns that drive each classification decision. We
tested this hypothesis on an example image by showing likelihood maps for the classes
“animal” | “dog”, and “cat”. As expected, the different regions are separated accordingly
(see Figure [6)).

The observation that likelihood maps vary by predicted class provides an exciting
opportunity for future work. By modeling visual search as a path through these
conditional spatial distributions, we may gain insight into how human gaze is affected
during visual tasks. Attentional mechanisms have long been shown to guide eye
movements in humans [4]. This work therefore presents promising opportunities to use
deep networks as a means to unravel cognitive processes through computational
modeling.

Discussion

Retina-Inspired Mapping Enhances the Robustness of CNNs

A first and main result of this study is to demonstrate the excellent ability of standard
deep CNNs to deal with retinotopic inputs, even though this mapping represents a
profound transformation of the visual inputs. The RESNET networks adapt easily to
inputs where a large part of the image is highly compressed in the periphery and the
spatial arrangement is significantly disturbed. The accuracy rates achieved with
retinotopic inputs are equivalent to those of the original models.

In addition, the log-polar transformation has the advantage of better invariance to
zoom and rotation. However, this invariance comes at the cost of reduced invariance to
translations. For images that are not centered on the region of interest, one would have
to shift the fixation point to the region of interest, similar to eye saccades.

The integration of a retinotopic mapping approach holds great promise for
improving the efficiency and accuracy of image processing tasks. Our results are
consistent with physiological data on ultrafast image categorization, which show that
human accuracy in recognizing briefly flashed images of animals is robust to
rotation [42]. The log-polar compression used in our approach allows a seamless
extension to larger images without a significant increase in computational cost.

Relation to Pre-attentive Mechanisms

As a second result, the definition of likelihood maps based on scanning the visual scene
at a limited number of fixation points allows us to gain insight into the specificities of
retinotopic processing: this transformation provides a more focused view, thus better
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separating the different elements of the image when focusing on its specific parts. As a
result, it provides a proxy for the measurement of saliency with respect to the respective
labels in the image.

In our case, it seems that the retinotopic mapping allows for a more precise
localization of the category of interest, e.g., an animal, compared to off-the-shelf
pre-trained networks using a Cartesian representation. It also gives us insight into the
features on which our networks actually rely. Such information can be compared with
physiological data [43], used to design better CNNs, and ultimately allow physiological
tests to be proposed to further explore the features needed to classify a label of interest.
In particular, by focusing on the point of fixation with the highest probability in the
likelihood maps, we could consider refining the training of the network to our
retinotopic mapping.

Introducing Eye Movements

Building on these observations, simulating human saccadic eye movement patterns
during visual tasks provides an exciting opportunity to gain further insights into these
mechanisms using such networks. A protocol that iteratively classifies image patches
corresponding to foveated regions in a manner that mimics eye movements could reveal
how network performance is spatially modulated across the visual field. Comparing
classification accuracy under different saccade strategies, such as selecting the most
uncertain or most likely location at each step, would provide valuable information about
how network attention operates. This framework also allows the modeling of popular
biological saccade strategies, allowing direct comparison with human visual search
behavior.

Overall, implementing foveated classification with algorithmic saccades would
provide a powerful method for validating existing attentional mechanisms in these
networks, as well as inspiring new architectural innovations through embodied,
task-driven visual attention modeling. This line of research should be particularly
well-fitted for a dual-pathway model which is well adapted to infer ego-motions [44}/45].
Finally, the implementation of this robust categorization, coupled with refined
localization of a label of interest and optimal saccade selection, could allow us to extend
this study to a more complex task. One such task is visual search (i.e., the simultaneous
localization and detection of a visual target), and the likelihood maps could provide the
underlying pre-attentive mechanisms on which its effectiveness seems to depend. For
more information, see 77.
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Appendix

Robustness to rotations on the ANIMAL 10K dataset

To evaluate the robustness of our models to geometric transformations such as rotations
beyond the IMAGENET dataset (see Figure , we performed additional experiments on
the ANIMAL 10k dataset. This dataset contains 10,000 images from a variety of animal
species and presents a challenging classification task due to high intra-class variability in
pose, size, orientation, and environment.

As with IMAGENET, we first obtained baseline classification accuracy on ANIMAL
10K images without perturbation. We then systematically rotated each test image
through the same range of rotation angles. At each rotation value, we computed the
average accuracy over the entire test set in order to characterize performance as a
function of viewing angle.

The results on ANIMAL 10K broadly mirror those on IMAGENET, with standard
CNNs showing a sharp decline in accuracy for even small rotations away from the
trained orientation, particularly away from the cardinal angles (see Figure . However,
models incorporating our retinotopic preprocessing approach maintain significantly
higher performance over the full range of orientations. This demonstrates that the
benefits of rotational robustness generalize beyond the original dataset and image
characteristics.
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Testing on ANIMAL 10K, with its greater pose diversity and difficulty, reinforces the
conclusion that our method improves invariance to natural, ecologically valid geometric
transformations beyond what standard CNNs alone can achieve.

Creating Multiple Views for Likelihood Maps

To create likelihood maps to test our trained models, we generated batches of
transformed input views for each full-scale test image. Specifically, we created a grid of
fixation points as a grid of linearly spaced points on the horizontal and vertical axes.
We then cropped a sample of the image centered on each fixation point, with the
size of the sample defined by the ratio of the log-polar grid radius to the total input size
(or the Cartesian grid size, since the grid is a square for Cartesian samples). We then
transformed each sample with or without the retinotopic mapping and ran the batch of
transformed images through the model to obtain a likelihood map for that image-label
pair(see Figure @ We repeated this process for each image-label pair in the test set

(see Figure [10).

Ground Truth Heat Maps

To quantify how accurately our models are able to localize objects within images, we
generated ground truth heatmap labels for the datasets. For each image from ANIMAL
10K containing a set of keypoints, we created a Gaussian heatmap centered on those
points, with the peak value set to 1 and values falling off with a standard deviation
proportional to object size. This results in heatmap labels between 0 and 1 that capture
the true spatial extent and location of the target object within each image (see

Figure @
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Fig 6. Likelihood maps generated by RESNET101 networks trained and tested on

retinotopic space using the log-polar grid. Searching for the (A) “animal”, (B) “dog”,
or (C) “cat” label in an image.
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Fig 7. Average accuracy over the ANIMAL 10K [32] dataset, shown for both retrained
and pre-trained networks with different input image rotations. The rotation is applied
around the fixation point with an angle ranging from —180° to +180° (in steps of 15°).
We tested each network either with raw images in Cartesian coordinates or with
retinotopic mapping. The dotted line represents chance level.
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Fig 8. Generating different views of a single image to compute likelihood maps.

(A) For the networks with Cartesian inputs, we used a regular grid of 8 x 8 fixation
points, which allows samples to be cropped, highlighting a particular view. As shown
in (B), this produces a batch of images that can be used to generate likelihood maps.
(C)) We used a similar grid to generate batches of retinotopic inputs, as shown in (D)).
In (B) & (D) each sample corresponds to 30% of the input.
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Fig 9. (A) The original image of the ANIMAL 10K dataset. (B) A heat map
constructed by fitting Gaussians to the key points of the ANIMAL 10k dataset. (C) The
heat map constructed in (B) is normalized and reduced to a resolution of 8 x 8 to be
used as ground truth when evaluating the heat map. A threshold (0.2) is applied to
reduce the heat map field to the assumed contour of the animal.
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Fig 10. Likelihood maps computed on a representative image using 8 x 8 points of
fixation, (as computed on the whole ANIMAL 10K dataset), (top) with a Vaa16, or
(bottom) a RESNET101) network, trained and tested on either regular images (left) or
images mapped in retinopic space using a log-polar grid (right). Red predicts the
presence of the label ’animal’; blue its absence.
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