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ABSTRACT

A hallmark of human vision is to recognize objects in complex naturalistic scenes.
However, the exact mechanism behind the representations of a three-dimensional
scene remains obscure. This study proposes a tool to investigate human perception
by using a computer graphics approach. We use three-dimensional object meshes
to render synthetic scenes and try to study how these scenes will be represented in
the brain. We render a collection of datasets with different appearance and pose
variations by changing exactly one property at a time. A model is trained on each
of these datasets for a classification task and is then evaluated using alignment
metrics; deviations in metrics such as Centered Kernel Alignment (CKA) and
Representational Similarity Analysis (RSA) indicate the importance of a particular
brain region in representing a particular property. In conclusion, we propose a
promising method to study the brain using computer graphics to provide valuable
insights into human vision.

1 INTRODUCTION

Human vision can easily process complex scenes and perform object recognition, allowing us to
perform day-to-day tasks such as scene understanding and spatial navigation (Wardle & Baker, [2020).
Getting an idea about the neural underpinnings of these mechanisms is of interest to a variety of
disciplines such as computational neuroscience and artificial intelligence. In this work, we propose a
tool for studying the mechanism of scene representation in the brain by using a computer graphics
approach.

As humans, we can recognize objects in three dimensions from two-dimensional images; there are
several important components of 3D perception, including shape and depth cues. For example, we
can estimate shape from shading (Bruckstein, |1988)), specularities (Savaresel [2014), and texture
(Todd & Thaler, [2010) variations. As depicted in [Figure 1] subtle variations in appearance change
the perception of objects in 3D. This highlights the complex interaction between visual cues and
cognitive processes that allow us to infer depth and shape (Sprote et al.,|2016). Another interesting
phenomenon in human vision is the change in the perception of depth due to viewpoint changes (Deng
et all 2024). Figures [Te|to[Th highlight the sampling of camera angles along different perspectives
or viewpoints. Hence, for the scientific community, it is interesting to study the factors that affect
human visual perception by making viewpoint changes.
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Figure 1: (a) a sphere with no shading (b) a sphere with shading (c) a sphere with specular reflection
(d) atextured sphere (e) camera viewpoints with views sampled along the sphere (f) camera viewpoints
sampled along the upper hemisphere (g) camera viewpoints along the z-axis (h) constant camera
viewpoint
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Figure 2: Visualization of the main pipeline of our work. The process begins with three-dimensional
meshes of objects, which are rendered by varying the camera position and appearance. Using each of
these con gurations we train a zoo of models. Variations in input datasets lead to changes in how
brain regions are represented within the model. After this, we use alignment metrics to evaluate the
alignment of neural network models to the brain. Finally, we evaluate the alignment of the models
trained based on these datasets for comparison.

The traditional way to understand the nuances of human vision is through experimental studies
involving neuroimaging or behavioral data. Many studies such as Majajet al|(2015) and Rajalingham
et all (2018) have attempted to understand the brain using methods such as electrode arrays and
behavioral experiments. Most of these studies are limited by the amount of scanning time and the
number of images that can be shown to subjects. Furthermore, stimuli are tailored to a specic
hypothesis and are not designed for tasks such as ours where we want to use computer graphics to
understand human vision. We cannot decompose brain activations from ImageNet-like images into
activations from shadows, shading, textures, or other appearance components. To understand how
each of these properties is individually processed, we propose the following pipeline in[Figure 2.

In the rst step of our pipeline, we adopt a data-centric approach. We generate synthetic data by
controlling the appearance and rotation factors in the scene using Blender (Community, 2018) as
our rendering engine. At rst, we generate a dataset with maximal variation of appearance and
rotation effects and name it tlBasedataset. After this, we vary one factor (such as shadows, shading,
textures, and rotation variation) at a time to generate a sabdi ed datasets. We hypothesize that

we can individually study factors that affect perception in human vision at different stages of the
visual ventral stream using synthetically rendered datasets.

In the second step (as depicted in Figure 2), we expose deep learning models to a variety of synthetic
datasets to ensure that each model instance learns different types of representations. For this, we take
inspiration from previous work such as Dwivedi et al. (2020); Yildirim et al. (2020) which point

out that there are three ways to accomplish this task. Namely, changing the architecture, changing
the loss function, or changing the training data. We choose to change the training data because by
modifying the training data we can directly in uence the features that the model learns. We use
this technique following the lines of contrastive learning and domain adversarial training used in
computer vision with reference from (Adhikarla et al., 2023).

After we have trained the neural networks, we need a good model of the human visual system. We
consider Convolutional Neural Networks (CNNSs) as such and hypothesize that they learn representa-
tions similar to the human brain. To compare the neural network activations to brain responses, we
make use of alignment metrics such as RSA (Kriegeskorte, 2015) and Centered Kernel Alignment
(CKA) (Murphy et al., 2024) which have shown to be successful in cross-domain comparisons
(Cui et al., 2022). Each of these metrics is then used to evaluate the difference between the set of
synthetic datasets we have rendered. The direction, signi cance, and magnitude of these differences
can highlight the importance of a particular brain region in representing a particular property. Figure
3 highlights these trends and provides a way to interpret the direction magnitude and difference. We
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