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ABSTRACT

It is a mystery how the brain decodes color vision purely from the optic nerve
signals it receives, with a core inferential challenge being how it disentangles inter-
nal perception with the correct color dimensionality from the unknown encoding
properties of the eye. In this paper, we introduce a computational framework for
modeling this emergence of human color vision by simulating both the eye and the
cortex. Existing research often overlooks how the cortex develops color vision or
represents color space internally, assuming that the color dimensionality is known a
priori; however, we argue that the visual cortex has the capability and the challenge
of inferring the color dimensionality purely from fluctuations in the optic nerve
signals. To validate our theory, we introduce a simulation engine for biological
eyes based on established vision science and generate optic nerve signals resulting
from looking at natural images. Further, we propose a bio-plausible model of corti-
cal learning based on self-supervised prediction of optic nerve signal fluctuations
under natural eye motions. We show that this model naturally learns to generate
color vision by disentangling retinal invariants from the sensory signals. When
the retina contains IV types of color photoreceptors, our simulation shows that
N-dimensional color vision naturally emerges, verified through formal colorimetry.
Using this framework, we also present the first simulation work that successfully
boosts the color dimensionality, as observed in gene therapy on squirrel monkeys,
and demonstrates the possibility of enhancing human color vision from 3D to 4D.

1 INTRODUCTION

“Color is the place where our brain and the universe meet.” — Paul Klee

We experience colors in everyday life so effortlessly that it is easy to take the underlying neural
computations for granted. In fact, the sensory signals exiting our eye, called optic nerve signals
(ONS), are nothing like our color vision (see Fig.|l|and Supplementary Video 0:30 [H) For example,
ONS are spatially warped, akin to an image taken with a fish-eye lens, due to varying densities of
photoreceptor cells in the retina (Curcio et al.l [1990). ONS does not come in color either — colors
of the scene are spectrally sampled by different types of color sensitive cells (cone cells) in the
retina, appearing as a layer of spatial noise in the ONS. Furthermore, other processes, such as lateral
inhibition and action potentials, render the image structure barely recognizable, in gradient domain
where spatiotemporal “edges” dominate. Now, the question is: how are we still seeing colors?

Specifically, this paper introduces a novel computational framework for modeling the emergence of
human color vision by simulating the eye and the cortex. For the eye, we present a biophysically
accurate implementation of a textbook scientific model of the retinal neural circuitry. For the brain,
we hypothesize a low-level, self-supervised learning mechanism in the cortex that operates purely on
the optic nerve signal stream. For color representation in the brain, we propose modeling color in the
brain as a high-dimensional vector, rather than assuming any specific color dimensionality and show
that the correct color dimensionality emerges naturally through the proposed learning.

For eye simulation, our goal is to create a computational engine that takes in any spectral image of the
world and outputs the corresponding optic nerve signal stream, based on established vision science.

!Code, video, dataset, and tutorials are available on our project website: https://matisse.eecs.berkeley.edul
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Figure 1: Overview of our proposed framework for modeling the emergence of human color vision.
Our simulation engine of biological eyes converts a scene stimulus (hyperspectral image) to a stream
of optic nerve signals (Section 3 & Video 0:30). We simulate cortical learning purely from these
optic nerve signals (Section 4) and show the emergence of color vision. We show how to analyze the
emergent neural color quantitatively with Color Matching Function test Simul@eiH-SIM ) and
qualitatively with Neural Scope\S) (Section 5).

Our model captures how scene form, color, and motion become spatiotemporally entangled in the
optic nerve signal stream. Our simulation is based on the “textbook” model of vision science (Rodieck,
1998) for midget, private-line visual pathways, detailed in Section 3, and comprising xational eye
motion, spectral encoding by cone cells, foveation, and lateral inhibition.

For brain simulation, we hypothesize that the cortex could disentangle the optic nerve signal from
the invariant retinal properties to generate color vision — purely through a self-supervised learning
process that aims to predict the constant uctuations in cellular-level activations of the optic nerve
signal during small eye movements. The neural conditions for such self-supervised learning are
biologically plausible in the sense that the cortex continuously receives optic nerve signals under the
tiny gaze movements of xational eye drift. The theoretical intuition for why such learning might
succeed is that eye motion repeatedly draws a static scene image across the invariant spectral and
spatial sampling properties of the retina, potentially enabling the retinal properties and scene images
to be mutually ltered out of the optic nerve signal where they are entangled. We show that this
simple learning mechanism succeeds at discovering color vision with the correct dimensionality.

But rst, a somewhat esoteric yet technically critical feature of the modeling framework needs
discussion: color representation in the brain. Existing research often overlooks how the cortex
develops color vision or represents color space internally, assuming that the color dimensionality
is known a priori, e.9. RGB. We argue that the cortex has the capability and the task of inferring
color dimensionality, purely from uctuations in the optic nerve signals. Therefore, we propose
representing color in the cortex as a high-dimensional vectBfirand nd that the correct color

space and color dimensionality emerge naturally as geometric properties of the hypothesized learning
mechanism. We show how to formally quantify and visualize the emergent color space (Section 5).

Remarkably, the hypothesized learning mechanism results in clear color vision of the correct color
dimensionality. When the retina contains 1, 2, 3 or 4 types of color photoreceptors (cones), correct
color dimensionality emerges: respectively, 1D mono-, 2D di-, 3D tri- or 4D tetra-chromatic vision.
In fact, it is an esoteric but well-known fact in vision science that the three types of 2D dichromacy
result in highly speci c color-spaces (blue-yellow, blue-orange, and teal-pink), which we see emerge
naturally. Even more, the simulation presents a model of how color dimensionality boosting occurred
in the squirrel monkeys (Mancuso et al., 2009). We simulate injection of the third cone pigment virus
into the dichromat retina, which results in boosting from dichromacy to trichromacy. Intriguingly, the
model also shows the possibility that normal human trichromacy could be boosted to tetrachromacy.

In sum, our proposed framework formulates the emergence of human color vision in a computational
manner. The simulation engine of realistic optic nerve signals generates training data to this problem,
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and an intentional and challenging constraint is that the cortical model must strictly learn only from
the optic nerve signal with no auxiliary information. This paper presents the rst, simple and yet
complete existence proof that such cortical inference is possible, and we show that this learning
simulation is consistent with various surprising and unexplained vision science phenomena.

2 RELATED WORK

2.1 VISION SCIENCE ONOPTIC NERVE SIGNAL ENCODING

In the “textbook” model, the retina transforms light into electrical signals through three primary
functions: color sampling via cone cell spectral response functions, lateral inhibition via horizontal
neural connections, and spatial sampling via cell positioning (Fig. 2). Under daylight, this process
begins when light activates cone cells, which are of three types for most humans (Young, 1801;
1802; Von Helmholtz, 1867), each sensitive to different wavelengths (Stockman & Sharpe, 2000).
These signals are then modulated by horizontal cells that enhance visual contrast through lateral
inhibition (Rodieck, 1965; Dacey et al., 1996; Verweij et al., 2003). The signals continue to bipolar
and retinal ganglion cells (RGCs), with a direct connection in the fovea via the midget private-line
pathway (Dowling & Boycott, 1966; McMahon et al., 2000; Wool et al., 2018), vital for high-
resolution color vision. Notably, the cone cell density varies, reaching its peak in the fovea (Osterberg,
1935; Curcio et al., 1990). The axons of the ganglion cells bundle to form optic nerve signals,
maintaining their spatial arrangement, which results in a retinotopy in the visual cortex (Holmes,
1918; Tootell et al., 1982; Dougherty et al., 2003). Fixational eye movements cause dynamic
photoreceptor activation at all times by constantly shifting the gaze, even when focusing on static
objects (Rucci & Victor, 2015; Young & Smithson, 2021; Martinez-Conde et al., 2013).

Recordings of real optic nerve signals exist, but cannot be used for our cortical simulations because
they are orders of magnitude too low resolution (from only a few thousand cells) and only in response
to grayscale rather than color imagery (Litke et al., 2004; Brackbill et al., 2020; Marre et al., 2017;
Liu et al., 2022). To overcome these data limitations, we present a simulation engine for the midget
private-line pathway in the fovea in Section 3.

2.2 COLOR REPRESENTATION INCOMPUTATIONAL NEUROSCIENCE

It is an open question how to meaningfully model neural representations of color in simulations of
visual perception. Most computational neuroscience sidesteps this issue, “hard-coding” a dimensional-
ity of 3, representing and constraining cortical color to tristimulus values, such as RGB (Parthasarathy
et al., 2017; Botella-Soler et al., 2018; Brackbill et al., 2020; Kim et al., 2021; Zhang et al., 2022;
Wu et al., 2022), LMS (Young, 1802; Von Helmholtz, 1867) or cone-opponent space (Derrington
et al., 1984; MacLeod & Boynton, 1979). Constraining cortical models to such a ceiling of three for
dimensionality clearly con icts with the study of a functional tetrachromat observer with 4D color
vision (Jordan et al., 2010; Rezeanu et al., 2021). Instead, we model the brain with the capability and
the challenge of deducing the inherent color dimensionality encoded in the optic nerve signals.

2.3 THEORY ONHOW VISION EMERGES IN THEBRAIN

In computational vision science modeling, it is often overlooked that the cortex relies solely on a
stream of optic nerve signals to discover color vision, with no access to a teacher signal or perceptual
ground truth. Rather, various efforts have been made to reconstruct visual stimuli from neural
responses by giving the cortical model access to ground truth stimulus image (Naselaris et al., 2009;
Nishimoto et al., 2011; Parthasarathy et al., 2017; Botella-Soler et al., 2018; Brackbill et al., 2020;
Kim et al., 2021), but the neural reality is that the brain never has direct access to the visual scene. This
characteristic makes the human visual system a quintessential example of self-supervised learning,
which is a growing eld in computer vision (De Sa, 1993; Chen et al., 2020; He et al., 2022). In
this work, we propose a learning principle in the cortex which aims to predict the cellular-level
uctuations in activation that occur during small eye movements, which is associated with the idea of
temporal prediction (Palmer et al., 2015; Lotter et al., 2016; Singer et al., 2018; 2023b), as well as the
broader concept of predictive coding (Rao & Ballard, 1999; Srinivasan et al., 1982). It is also closely
linked to the sensorimotor contingency theory from cognitive science (O'Regan & Noé&, 2001) and
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slow feature analysis (Hinton, 1990; Féldiak, 1991) which suggests that the brain learns to anticipate
the sensory outcomes of motor actions (e.g. eye movements) and Iters out invariant (slow) features.

2.4 THEORY ONHOW BRAINS INFER COLOR DIMENSIONALITY

Previous studies has investigated inference of invariant retinal properties from sensory signals. For
instance, research has demonstrated the ability to deduce cone cell types (Wachtler et al., 2007;
Brainard et al., 2008; Benson et al., 2014) and the positions of photoreceptors (Maloney & Ahumada,
1989; Brainard et al., 2008) via statistical methods from sensory signals. Brainard et al. (2008) hinted
at analyzing sensory inputs from different time points during xational drift as a way to reveal retinal
features, and in this paper we provide a computational realization of this idea with a speci c learning
mechanism that achieves complete disentanglement of retinal invariants from optic nerve signals.

2.5 MEASUREMENT OFCOLOR DIMENSIONALITY IN HUMAN COLOR PERCEPTION

In this paper, we need to rigorously measure the color dimensionality of the emergent color from
cortical simulation. To do so, we adapt Maxwell's famous color-matching experiments (Maxwell,
1856), which laid the foundation of colorimetry that remains at the heart of all color reproduction
technology today. Color matching experiments con rmed the trichromatic theory (Young, 1802;
Von Helmholtz, 1867; Grassmann, 1853) in which the 3-dimensional nature of human color vision has
its basis in the three different cone types in the human retina. Jacobs's recent review (Jacobs, 2018)
of color dimensionality in animal vision, however, reminds the community that the dimensionality of
color vision does not automatically equal the number of cone types, and that the most rigorous way
to measure it remains Maxwellian color matching — as we follow in this work.

2.6 COMPLEXITY OF HUMAN COLOR VISION

This paper focuses on color dimensionality because it is the foundational characteristic of an ob-
server's color experience, but many layers of further perceptual complexity exist atop that foundation.
Examples include chromatic adaptation (color constancy) (Von Kries, 1902; Land, 1977; Foster,
2011), perceptual nonuniformity across colorspace (CIE, 1976; MacAdam, 1942), complex contextual
interactions (Fairchild, 2013), and even surprising ood- Il features (Pinna, 1987; Pinna et al., 2001).
Parts of these perceptual phenomena are scienti cally mapped to neural correlates, such as nonlinear
photoreceptor responses (Krauskopf & Karl, 1992; Angueyra et al., 2022), or parvocellular pathway
and neural processes spanning V1, V2, and V4 (Livingstone & Hubel, 1987; Zeki, 1978; Li et al.,
2014; Liu et al., 2020; Angueyra et al., 2022). This paper leaves these additional layers of perceptual
complexity as future modeling work.

3 SIMULATION ENGINE FORBIOLOGICAL EYES AND OPTIC NERVE SIGNALS

We model the primary functions of the human retina based on the known science. The inputs to our
retina model are hyperspectral images (Fig.2.A; details in Appendix A.1). A model of xational eye
drift (Rucci & Victor, 2015; Young & Smithson, 2021; Martinez-Conde et al., 2013) generates a
sequence of frames that sample different parts of the image. Each frame is projected on the retina,
stimulating a randomized array of cone cells, according to known cell density variation as a function
of eccentricity (distance from the fovea) (Curcio et al., 1990) and known statistics of different cone
cell types (Carroll et al., 2000) (Fig. 2.B). Each cone cell converts the scene light into photoreceptor
activations based on cone type spectral response functions (Stockman et al., 1999; Stockman &
Sharpe, 2000) (Fig. 2.C), followed by lateral inhibition from horizontal cells (Wool et al., 2018;
Rodieck, 1965) (Fig. 2.D). These signals are transformed into spike trains (Fig. 2.E), then bundled
into optic nerve signals (ONS), resulting in spatial distortion (Fig. 2.F), turning a color scene stimulus
into a noisy, spatially distorted ONS. Additional details are in Appendix A and Video 1:35.

One observation to make is that there are three invariant properties of the simulated retina (i.e.
retinal invariants): cell positions, cell types, and horizontal cell connections. These properties are
held constant during generation of ONS for a particular eye, but we use the engine with different
values for these properties to generate ONS datasets for a diverse set of eyes. For example, we
create datasets with different cone types, including monochromatic (L, M, S), dichromatic (LM, LS,
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