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Vision at moderate to high light levels begins with the activity in three types of cone 

photoreceptors located in back of the retina: long-wavelength-sensitive (L-) cones, medium-

wavelength-sensitive (M-) cones, and short-wavelength-sensitive (S-) cones. One central goal in 

the field of color neurophysiology is to understand how modulations in cone activity are 

transformed as they propagate through the visual system. My graduate work has been dedicated to 

understanding how cone signals are processed in the primary visual cortex (area V1). In the first 

chapter, I lay out some of the typical considerations for designing an effective electrophysiology 

experiment in the context of color vision, such as the spatiotemporal structure of the stimulus, 

color spaces and stimulus distributions, as well as the quantitative models under consideration. In 

the second chapter, I discuss some of the pitfalls and advantages of different stimulus distributions 

and analysis techniques under the linear-nonlinear cascade model, a standard model in the field. 



 

In the third chapter, I present a novel single-cell electrophysiology experiment probing the effect 

of L- and M-cone modulations on the responses of single neurons in V1. In this chapter, I also 

present data from a new quantitative model for describing neural responses to L- and M-cone 

modulations. In the final chapter, I consider how we might use the results of these experiments to 

build strong priors for fitting an appropriate model of L- and M-cone processing in V1. 
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Chapter 1. INTRODUCTION  

The ability to perceive light has been an enormous benefit across the animal kingdom, 

evolving separately many times and in many species. In trichromatic humans and old-world 

primates, vision at moderate to high light levels is built on the activity of only three varieties of 

cone photoreceptors located in the retina: the long-wavelength-sensitive (L-), medium wavelength-

sensitive (M-), and short-wavelength-sensitive (S-) cone photoreceptors. The transformation of 

these photoreceptor signals into a rich and informative sensory experience is a complicated 

process, as evidenced by the high percentage of our brains dedicated solely to this sensory 

modality. Understanding exactly how the brain achieves this incredible transformation is the goal 

of visual neuroscience. In my graduate work, I attempted to advance toward this goal by combining 

quantitative modeling with single-cell electrophysiology. 

Broadly, the visual experience can be segregated into two kinds of information: changes in 

brightness and changes in color. Changes in brightness are produced when the activity of all three 

cone classes increases or decreases together, or by non-opponent cone signals. Changes in color 

are produced by differential changes between the cone classes, or by cone-opponent signals. In the 

brain, these two types of information are processed in tandem as they propagate through the visual 

hierarchy. Independently, brightness and color may reveal different aspects of the visual world. 

To illustrate this point, let us consider a painting by Monet. In Figure 1.1A, we see a grayscaled 

version of this painting which has been stripped of cone-opponent modulations. From this picture, 

the only distinctive images are two or three boats floating on a sea of gray swirls. In Figure 1.1B, 

we see a colored image that drives all of the cone-opponent modulations that were stripped from 

Figure 1.1A. From this image, the titular sunrise is clearly visible, but the boats are not. When 
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these images are viewed together, however, driving both cone-opponent and non-opponent signals, 

a much broader context is revealed: not only the boats and the sunrise, but an industrial harbor 

complete with cranes and smokestacks (Figure 1.1C). 

 
Figure 1.1 Claude Monet’s Impression, Sunrise, 1872. 
(A) Modified version of Monet’s painting containing only changes in brightness. (B) 
Modified version of Monet’s painting containing only changes in color. (C) Original 
paining, superposition of (A) and (B). 

 

Although the propagation of photoreceptor activity is well understood in the pre-cortical 

visual system, the processing of these signals in the primary visual cortex (area V1) remains largely 

qualitative. We know that some V1 neurons respond to color but not to luminance, others to 

luminance but not to color, and still others to both color and luminance (Lennie, Krauskopf et al. 

BA

C
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1990, Johnson, Hawken et al. 2001, Johnson, Hawken et al. 2004). A more comprehensive 

understanding of luminance and chromatic processing in V1 derives from rigorously tested 

quantitative models that map changes in photoreceptor activity to spiking responses in V1 neurons. 

It was the goal of my doctoral research to develop such a quantitative model. 

In the paragraphs that follow, I will discuss some of the potential shortcomings in previous 

studies of color and luminance processing in V1—including spatiotemporal stimulus structures, 

stimulus distributions and color spaces, and the considered quantitative models—and how I have 

attempted to overcome these shortcomings in my own work. 

1.1 SPATIOTEMPORAL STIMULUS STRUCTURE 

A neuron’s receptive field (RF) describes its sensitivity to changes in light over space and 

time. The spatiotemporal structure of a V1 RF is typically characterized by a central region, called 

the classical RF, which is sensitive to increments and/or decrements of cone-signals in some spatial 

and temporal arrangement, and a surrounding region, called the extraclassical surround, which 

provides a context for the activity in the central region—that is, how the light in the classical RF 

resembles or differs from light in the surrounding regions. Neurons with different sensitivities to 

cone signals in these regions will respond to different types of stimuli. For example, a V1 neuron 

may respond to a particular spatial arrangement of lights within the classical RF, such as a black 

bar next to a white bar, but not when their arrangement is reversed; another V1 neuron may respond 

to a small colored patch in the center of its RF, but not to a full-field stimulus of the same color. 

The mechanisms underlying these different responses can be binned into two categories: 

influences from within the classical RF and influences from beyond the classical RF.  
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Many studies have probed neural responses using stimuli that excite the whole classical 

RF simultaneously with both increments and decrements of light, such as drifting sinewave 

gratings (Lennie, Krauskopf et al. 1990, De Valois, Cottaris et al. 2000, Johnson, Hawken et al. 

2004, Solomon and Lennie 2005, Horwitz and Hass 2012) or a spatiotemprochromatic white noise 

(Rovamo and Virsu 1984, Horwitz, Chichilnisky et al. 2005, Horwitz, Chichilnisky et al. 2007). 

Building quantitative models from the responses to these multicolored stimuli can be difficult 

because responses to light increments cannot be distinguished from responses to light decrements, 

which is important for determining which neurons contribute to hue discrimination. For example, 

a neuron that responds to both red and green stimuli can contribute to contrast detection but not to 

hue discrimination. 

Many of these same studies have probed neural responses using stimuli that extend well 

beyond the classical RF into the extraclassical surround (Thorell, De Valois et al. 1984, Deluca, 

Balsevich et al. 1987, Lapp, Tyler et al. 1987, Pointer, Dean et al. 1989, Lennie, Krauskopf et al. 

1990, Cottaris and De Valois 1998, De Valois, Cottaris et al. 2000, Hanazawa, Komatsu et al. 

2000, Johnson, Hawken et al. 2004, Solomon and Lennie 2005, Webb, Dhruv et al. 2005). Such 

stimuli excite a wide network of V1 neurons that integrate signals across distant regions of visual 

space via lateral connections and feedback. Building quantitative models from the responses to 

these large stimuli is difficult because stimulation of a neuron’s extraclassical surround has been 

observed to affect its color-tuning in complicated ways (Solomon, Peirce et al. 2004).   

In my experiment, I attempted to stimulate each V1 neuron in as simple a regime as 

possible by avoiding complicating interactions from within the classical RF and from beyond. To 

do so, I stimulated each V1 neuron with uniformly colored flashes (to measure responses to light 

increments and decrements independently) that were tailored to fall within its classical RF 
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(avoiding the potentially complicating extraclassical surround) and, when possible, to individual 

subunits in isolation (e.g. ON- or OFF-) within the classical RF (avoiding potentially complicating 

subunit interactions). 

1.2 COLOR SPACES 

The color space in which stimulus-response pairs are analyzed can have a profound effect 

on our understanding of the relationship between stimuli and responses. This fact has been 

demonstrated in the evolution of models in the field of psychophysics. Early investigators of 

contrast detection and color discrimination used stimuli that were closely tied to the physical 

properties of light, such as monochromatic (single-wavelength) lights (Deluca, Balsevich et al. 

1987, Tyler, Cowell et al. 1987). Although single-wavelength lights were intended to be relatively 

simple stimuli, the models of contrast detection derived from these stimuli were not 

straightforward. A great deal of progress was achieved when stimuli were specified in terms of the 

effects on the activity of photoreceptors. In cone excitation space, contrast detection could be 

described using a few linear mechanisms (Deluca, Balsevich et al. 1987, Lapp, Tyler et al. 1987, 

Roth, Unanue et al. 1987, Cole, Hine et al. 1993, Sankeralli and Mullen 1996, Giulianini and 

Eskew 1998). Further progress was achieved using stimuli that were specified in relative changes 

in photoreceptor activity, or cone contrast. In cone contrast space, contrast detection could be 

described under a variety of conditions using only a few linear mechanisms with fixed weights 

(Virsu, Rovamo et al. 1982, Leblanc, Yamamoto et al. 1987, Tyler 1987, Kalloniatis and Harwerth 

1991).  

Advances in V1 color neurophysiology have also been accompanied by the use of different 

color spaces. Early experiments in V1 were also conducted using monochromatic lights (Thorell, 

De Valois et al. 1984, Deluca, Balsevich et al. 1987, Cottaris and De Valois 1998). Later 
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experiments used stimuli that were specified according to their effect on three linear mechanisms 

derived from the psychophysical experiments above, e.g. Derrington-Krauskopf-Lennie color 

space, which defines stimuli based on their presumed effect on three presumed psychophysical 

detection mechanisms (Pointer, Dean et al. 1989, Lennie, Krauskopf et al. 1990, Cottaris and De 

Valois 1998, De Valois, Cottaris et al. 2000). More recent work has used stimulus distributions 

that are drawn from color spaces that are nonlinearly related to cone modulations, e.g. the CIE-xy 

chromaticity space (Hanazawa, Komatsu et al. 2000), but such color spaces are not clearly 

advantageous for characterizing the responses of neurons so early in the visual system as V1. 

The goal of my thesis work was to develop a set of quantitative models that map changes 

in L- and M-cone activity to neural responses in V1. Therefore, it was necessary to specify stimuli 

in a color space more closely tied to photoreceptor activity than to perception. In particular, I 

represented stimuli in cone contrast space because this space had been so fruitful for developing 

quantitative models of psychophysical contrast detection and provides an empirically accurate 

approximation of the cone signals in V1, where neurons adapt to the background light level. 

1.3 STIMULUS DISTRIBUTIONS 

The selection of an appropriate color space is important when building quantitative models 

of color vision, but it must be accompanied with an appropriate stimulus distribution within that 

space. Psychophysical models of color vision were advanced by dense sampling of different color 

spaces, which allowed experimenters to rigorously test and compare different quantitative models 

of luminance and chromatic contrast detection (Krauskopf, Williams et al. 1982, Pointer and Hess 

1989, Cole, Hine et al. 1993, Sankeralli and Mullen 1996). Most electrophysiology experiments 

in V1, on the other hand, typically use fewer than ten different stimuli to characterize color tuning 
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(Lennie, Krauskopf et al. 1990, Johnson, Hawken et al. 2001, Johnson, Hawken et al. 2004). This 

sparsity of sampled stimuli has hampered the development and refinement of appropriately 

specified quantitative models that can accurately map photoreceptor activity to neural responses. 

A fundamental problem in the sampling of color spaces is that they are more than 1-

dimensional, and it can be difficult to adequately sample enough color directions and stimulus 

contrasts. For example, let us consider a neuron that we know only receives input from L-cones. 

To uncover this neuron’s sensitivity to L-cone modulation, we want to sample the relevant color 

space uniformly. This task is relatively straightforward in this 1-dimensional stimulus space, where 

uniform sampling means equally spaced L-cone contrast levels (Figure 1.2A). Instead, let us 

consider a neuron that receives input from both the L- and S-cones. Uncovering the color tuning 

of this neuron is more difficult, as uniform sampling in this 2-dimensional stimulus space is less 

clear. One possible uniform sampling scheme is a cartesian grid, with equally spaced L- and S-

cone contrast levels (Figure 1.2B). Another possible uniform sampling scheme is a radial grid, 

with stimuli at equal distances from the origin along equally spaced color directions (Figure 1.2C). 

This problem of uniform sampling is compounded when we consider that L-cones outnumber S-

cones by 5:1 (Tyler, Qualls et al. 1987, Roorda, Metha et al. 2001). If sensitivity to cone 

modulations scales with the population of each cone-type, then it would be necessary to sample S-

cone modulations differently than L-cone modulations. A simple solution is to linearly scale the 

S-cone contrast levels of all stimuli in the distribution (Figure 1.2D-E), but this biases the 

distribution of color directions, which become tightly packed around the S-cone axis. An 

alternative is to keep color directions fixed and scale distance from the origin (Figure 1.2F), but 

this sacrifices the number of high contrast stimuli in the distribution. To make matters worse, the 

problem of uniform sampling is increased exponentially in a full 3-dimensional color space. 
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Uncovering the response properties of a neuron is difficult, especially when the selection 

of an appropriate stimulus distribution is not straightforward, as in the case of color. By probing 

neural responses with stimuli that are too sparse or inappropriately spaced, it can be difficult to 

uncover a meaningful estimation of color tuning. In Chapter II of my thesis, I discuss the estimation 

of color tuning using various stimulus distributions and analysis techniques. In Chapter III, I 

discuss the importance of measuring neuronal responses using a broad stimulus distribution, 

especially in absence of prior information of color tuning and contrast sensitivity. In this work, I 

probed the responses of V1 neurons using a stimulus distribution with a broad assortment of color 

directions and contrast levels, which was necessary for the development, refinement, and testing 

of quantitative models of cone signal combination. 

 

 
Figure 1.2 Stimulus distributions in the LS plane of cone contrast space.  
Uniform distribution for L-cone-only stimulation. (B) Cartesian uniform sampling of LS 
plane. (C) Radially uniform sampling of LS plane. (D) Linearly scaled cartesian sampling 
of LS plane. (E) Linearly scaled radial sampling of LS plane. (F) Nonlinearly scaled 
sampling of LS plane. 
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1.4 QUANTITATIVE MODELS 

Quantitative models play an important role in the effort to understand the visual system. 

They reflect our underlying assumptions about the role of each stage in the visual processing 

stream, and allow experimenters to summarize, predict, and compare responses between individual 

neurons or across neural populations. Without models, we would be forced to characterize 

neuronal tuning (i.e. preferences in orientation, spatial frequency, color) with an endless catalogue 

of responses to every stimulus imaginable. Instead, neuronal tuning (including color tuning) can 

be characterized using quantitative models that predict the responses of a neuron to a broad array 

of stimuli by sampling its responses to a small subset. Models also allow us to survey neuronal 

tuning across a population by comparing fitted parameter values, which are especially useful when 

the parameters have an intuitive interpretation (i.e. preferred orientation, preferred spatial 

frequency, or preferred color direction). 

The development of quantitative models is advanced by comparing response predictions to 

actual neuronal responses and iteratively refining the model parameterization to achieve more 

accurate predictions. Here, I will here introduce a historically important model—the linear-

nonlinear cascade (LN) model—that has shaped the field’s understanding of V1. I will discuss the 

various ways in which this model has been used to describe neuronal responses in V1, the 

shortcomings in these fitting techniques, and some of the difficulties in recognizing when this 

model may not be appropriate. 

The LN model, which has a long history in both color physiology and psychophysics, has 

profoundly shaped our understanding of cone signal representation in V1. As the name suggests, 

this model is characterized by a linear combination of cone signals followed by a (potentially) 

nonlinear contrast response function: 
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𝑅 = 𝑓 $[𝐿	𝑀	𝑆] +
𝐴
𝐵
𝐶
/	0	 (1.1)	

in which cone signals [L M S] are weighted by fixed amounts [A B C] and summed. The weighted 

sum is passed through a (potentially) nonlinear function f, which may capture realistic biological 

features such as spike-rate saturation, and is typically parameterized as an exponential, full- or 

half-rectification, or a Naka-Rushton. To model the variability in real neural responses, the output 

of the contrast response function, 𝑅, is passed through a noise function. 

The linear portion of the LN model reduces the three-dimensional cone signals [L M S] to 

a single scalar by weighting and summing; this scalar weighted sum is called the generator signal 

(Chichilnisky, 2001). The weights [A B C] specify how strongly each cone-type drives the 

response of the neuron, and their sign indicates whether the neuron is sensitive to increments or 

decrements in the activity of that cone-type. The ratio of these weights specifies a direction through 

color space in which the neuron is most sensitive to modulation. This direction is called the 

neuron’s preferred direction and is a common summary of color tuning in V1 (Johnson, Hawken 

et al. 2004).  

Estimating the linear weights, however, can be difficult because neither the linear portion 

nor the nonlinear portion of the LN model may be observed in isolation: parameter estimates are 

obtained from neural responses, and neural responses are a product of both portions of the model 

(that is, if the model is accurate). Therefore, despite attempts to do so (Lennie, Krauskopf et al. 

1990, Johnson, Hawken et al. 2004, Solomon and Lennie 2005), we generally cannot use standard 

linear regression to estimate the linear weights of the LN model in the domain of color. 

Other strategies for estimating a neuron’s preferred color direction also tend to be 

unreliable. One method is to estimate the preferred direction by recording responses to an 

assortment of stimuli and using one that evoked the greatest response from the neuron as a proxy 
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for the neuron’s preferred color direction (Stoughton and Conway 2008, Bohon, Hermann et al. 

2016). Such estimates are unlikely accurate because the potential preferred directions are restricted 

to the sampled color directions. More importantly, estimates obtained in this manner may be 

confounded by the various intensities of the considered stimuli. For example, the gamut of most 

display devices is extensive in some color directions and constricted in others; using high contrast 

stimuli on such devices, estimates of preferred color direction will tend toward color directions 

that can achieve higher contrasts. 

As expressed above, one great advantage of using a quantitative model is that we can 

estimate a neuron’s responses to a broad set of stimuli by measuring its responses to a few. The 

flip side to this utility, however, is that identifying violations of the presumed model is difficult 

from the responses to a small set of stimuli. Further, if the LN model is not an appropriate 

description of all V1 neuronal responses, then fitting this model to the responses of such neurons 

may produce misleading patterns in the data, or even obscure genuine structure in the tuning of 

neurons for which this model is appropriate. In my thesis work, I attempted to identify violations 

of the classical LN model by recording the responses of V1 neurons to a broad array of stimuli that 

modulated L- and M-cones in a multitude of ratios and intensities. Further, I considered broader 

classes of models that could provide more accurate descriptions of the observed responses. 

1.5 OUTLINE 

In the second chapter of this thesis, I discuss some difficulties in estimating preferred 

directions that can arise due to the stimulus distributions and the color spaces in which stimulus-

response pairs are analyzed. I discuss several techniques for estimating preferred directions and 

their associated shortcomings and advantages. Additionally, I compare the accuracy of the 
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preferred directions estimated by these analysis techniques using both modeled and real neuronal 

responses. In the third chapter, I present data from a new set of experiments in which I measured 

the responses of V1 neurons to uniformly colored flashes presented within the classical RF.  I used 

these responses to develop a family of quantitative models that accurately describe the breadth of 

color tuning that I observed in V1 and discuss the patterns that I observed across the population. 
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Chapter 2. MEASUREMENTS OF NEURONAL COLOR TUNING: 

PROCEDURES, PITFALLS, AND ALTERNATIVES 

2.1 INTRODUCTION 

Measuring the color tuning of visual neurons is important for understanding the neural 

basis of vision, but it is challenging because of the inherently three-dimensional nature of color. 

Color tuning cannot be represented by a one-dimensional curve, and measuring three-dimensional 

tuning curves is difficult. One approach to addressing this challenge is to analyze neuronal color 

tuning data through the lens of mathematical models that make assumptions about the shapes of 

tuning curves. In this paper, we discuss the linear-nonlinear cascade model as a platform for 

measuring neuronal color tuning. We compare fitting this model by three techniques: two using 

response-weighted averaging and one using numerical optimization. We highlight the advantages 

and disadvantages of each technique and emphasize the effects of the stimulus distribution on color 

tuning measurements. 

In humans, apes, and Old World monkeys, color vision is mediated by the long (L), 

medium (M), and short (S) wavelength-sensitive cone photoreceptors. Signals from these three 

cone classes are combined in the retina, sent to the brain, and propagated through a complex 

processing hierarchy of recurrently connected visual areas. At each stage of this hierarchy, signals 

from the preceding stages are mixed to create new signals. Signals in the early stages are closely 

related to the physical properties of light, whereas signals in the later stages are more closely 

related to perception (Komatsu 1998, Gegenfurtner 2003, Solomon and Lennie 2007, Conway 

2009, Conway, Chatterjee et al. 2010, Bohon, Hermann et al. 2016). Neuronal color tuning 

measurements can help reveal how and where these transformations occur. 
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2.1.1 A Problem in Color Neurophysiology 

Color tuning measurements made in different laboratories are not always comparable. 

Different laboratories typically use different stimuli, and comparisons are based on data 

summaries, such as distributions of preferred colors or cone weights. In an ideal world, these 

summaries would not depend on an experimenter’s choice of stimuli, but in reality they usually 

do. For example, differences in spatiotemporal stimulus parameters affect color tuning (Derrington 

and Lennie 1984, Thorell, De Valois et al. 1984, Cottaris and De Valois 1998, Solomon, Peirce et 

al. 2004, Conway and Livingstone 2006). These effects are important but beyond the scope of this 

article; we focus on how the spectra of lights presented in neurophysiology experiments affect 

measurements of color tuning.  

To illustrate the type of problem we are considering, we analyze an example data set. We 

probed individual neurons in the primary visual cortex (V1) of a macaque with two types of white 

noise stimuli. In the phosphor noise stimulus, the three display primaries modulated independently 

(Figure 2.1A). In the cone noise stimulus, they modulated in ratios selected to stimulate the three 

cone types independently (Figure 2.1B) (see section 2.2.1 for methodological details of the 

experiment).  The average phosphor noise stimulus that preceded a spike from a single example 

neuron (Figure 2.1C) appears different from the average cone noise stimulus that preceded a spike 

(Figure 2.1D); but do these two images reflect the same color tuning?  We will return to this 

example neuron twice more as we present three techniques to estimate color tuning and discuss 

the transformation of estimates between color spaces. To begin, we discuss the model upon which 

the analysis techniques are based: the linear-nonlinear (LN) cascade. 
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Figure 2.1. The responses of individual V1 neurons from an awake fixating monkey were 
probed with stimuli from two different distributions.  
(A) Stimuli from the phosphor noise distribution. The color of each square was determined 
by the independent modulation of the three phosphors in a CRT monitor. (B) Stimuli from 
the cone noise distribution. Each colored square modulated the activity of the three 
photoreceptor-types independently. (C) The average stimulus that preceded a spike during 
the presentation of the phosphor noise. (D) The average stimulus that preceded a spike 
from the same neuron during the presentation of the cone noise. 

2.1.2 The Linear-Nonlinear Cascade Model 

Models have a central role in color neurophysiology. Without them, color tuning 

measurements are simply a collection of numerical tables that map stimuli to responses—tables 

that do not predict responses to untested stimuli and that can never be sufficiently large to 

characterize tuning fully. In this paper, we focus specifically on cone signal combination under the 

LN model. This class of model has a long history in the field of color psychophysics, specifically 
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in the areas of contrast detection (Krauskopf, Williams et al. 1982, Pointer and Hess 1989, Cole, 

Hine et al. 1993, Sankeralli and Mullen 1996), color discrimination (Ingling and Tsou 1977, Luke, 

Begun et al. 1989, Pointer 1989, Eskew, McLellan et al. 1999), and appearance judgments 

(Hurvich and Jameson 1957, May and Tyler 1987, Tyler 1987). Some of the issues we discuss 

regarding color spaces and transformations between them can be found in Cowell, Tyler et al. 

(1987), Dodd, Losco et al. (1987), Tyler (1987), Tyler, Cowell et al. (1987), Tyler, Qualls et al. 

(1987), Brainard (1996), Sankeralli and Mullen (2001). Here, we distill from this body of work a 

few key elements that are particularly useful for color neurophysiology. We apply these techniques 

to neurophysiological data, compare their accuracy for measuring neuronal color tuning, and 

provide intuitions into their respective strengths and weaknesses. 

The LN model provides a simple but powerful description of neural responses. As the name 

suggests, this model has both a linear and a nonlinear component. The linear component specifies 

how stimulus elements are weighted and summed: 

[𝑣6	𝑣7	𝑣8] +
𝐴
𝐵
𝐶
/	 (2.1)	

where the vector [v1 v2 v3] represents three stimulus elements (e.g. signals from the three cone 

types), and the weighting vector [A B C] describes how the elements are combined. The sign and 

magnitude of each element in the weighting vector indicates how the corresponding element in the 

stimulus vector contributes to or detracts from the neuron’s response. Input to the LN model can 

be represented by any number and kind of stimulus elements (e.g. cone excitations, DKL 

mechanism modulations, CIE chromaticity coordinates). The nonlinear component transforms the 

weighted sum into neural responses: 
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𝑅 = 𝑓 $[𝑣6	𝑣7	𝑣8] +
𝐴
𝐵
𝐶
/	0	 (2.2)	

where R typically represents a spike count or spike rate. The function f captures nonlinear response 

features like spiking thresholds, spike-rate saturation, and rectification. 

The LN model simplifies the problem of measuring color tuning, fundamentally, by 

reducing multiple stimulus elements to a single scalar through weighting and summing. The 

weighting vector describes this simplification by specifying a neuron’s sensitivity to each element. 

The direction of the weighting vector though color space—the neuron’s preferred direction—is a 

useful summary of color tuning. In contrast, the magnitude of the weighting vector is less 

informative. Any uniform scaling of the weights can be compensated exactly by scaling of the 

domain of f, so a family of LN models exists that make identical response predictions despite each 

having a different f and correspondingly different weights. For this reason, weighting vectors are 

often normalized so that their absolute values sum to one (Derrington, Krauskopf et al. 1984, May 

and Tyler 1987, Lennie, Krauskopf et al. 1990, Johnson, Hawken et al. 2004, Conway and 

Livingstone 2006, Horwitz, Chichilnisky et al. 2007). 

2.2 MATERIALS AND METHODS 

2.2.1 Electrophysiological Methods 

We recorded from 35 V1 neurons in an awake fixating rhesus monkey to interleaved white 

noise modulation from two different stimulus distributions. All experiments were done in 

accordance with the National Institutes of Health Guide for the Care and Use of Laboratory 

Animals and the Code of Ethics of the World Medical Association (Declaration of Helsinki). 

The white noise stimulus comprised a 10 x 10 grid of 0.1° squares whose color changed 

randomly on every screen refresh (75 Hz). The color of each square during a given trial was drawn 
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from one of two distributions. The phosphor noise stimulus modulated each of the three display 

primaries independently (Figure 2.1A), creating a Gaussian distribution of stimuli that was RS in 

phosphor space. The cone noise stimulus modulated each cone-type independently between a high 

and low value (Figure 2.1B). Each stimulus was equidistant from the origin in proportional cone-

contrast space, in which cone contrast is scaled according to the relative proportion of each cone-

type in the retina, such that: 

𝐿𝑐𝑐 ∗ 𝐿𝑐𝑝 ≈ 𝑀𝑐𝑐 ∗ 𝑀𝑐𝑝 ≈ 𝑆𝑐𝑐 ∗ 𝑆𝑐𝑝	 (2.3)	

where Lcc, Mcc, Scc is the maximum L-, M- and S-cone contrast (0.09, 0.09, 0.4), and Lcp, Mcp, 

and Scp are the approximate proportions of L-, M-, and S-cones in the macaque retina (0.45, 0.45, 

0.1). Both stimulus distributions had equal mean luminance and chromaticity, which was identical 

to the background. 

For each neuron tested, two response-weighted averages (RWAs) were computed: one 

using the responses from cone noise trials and one using the responses from phosphor noise trials. 

Responses in these experiments were represented as the number of spikes occurring on each 

stimulus frame, measured after an estimated response latency.  

To estimate a single preferred color direction from each RWA, we used linear regression 

to find a 3-element vector that describes the consensus color tuning across stimulus pixels and 

time-delays (Horwitz, Chichilnisky et al. 2005). Thus, the preferred color direction of each neuron 

was represented by a pair of 3-element vectors: one describing the weights in phosphor intensity 

space and the other describing the weights in proportional cone-contrast space. These weight 

estimates were then transformed to cone-contrast space by matrix multiplication, as per Table 2.1. 
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2.2.2 Simulation Methods 

Modeled responses were generated according to an LN model (eq. 2.2) in which the 

nonlinear function f was a Naka-Rushton function:  

𝜆 = 𝑈 ∗	
𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡G

𝑐HIG +	𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡G
+ 𝑏𝑙		 (2.4)	

where U is the peak response (the upper asymptote), bl is the baseline response (the lower 

asymptote), N is an exponent, contrast is the dot product between the stimuli [L M] and a unit-

length weighting vector N𝐴𝐵O, and c50 is the contrast at which the response reaches half maximum. 

Noise was added to these modeled responses by passing the output of the Naka-Rushton function 

through a Poisson random number generator:  

𝑅 = 𝑃𝑜𝑖𝑠(𝜆)		 (2.5)		

Each of 33 simulated neurons was tuned to a unique direction in the LM plane and was 

probed with three stimulus distributions, each comprising 64 unique stimuli. Each unique stimulus 

was presented 5 times. The upper asymptote (U), baseline (bl), and exponent (N) were fixed across 

datasets (U = 50, bl = 0, N = 3), and the c50 was defined for each neuron to be in the middle of the 

range of tested stimulus contrasts. For each simulated neuron and stimulus distribution, 100 

datasets were generated and analyzed to estimate the neuron’s preferred color direction.  

To estimate preferred directions using maximum likelihood, each dataset was fitted with a 

Naka-Rushton function in which U, c50, bl, N, and the weighting vector N𝐴𝐵O were free to vary. The 

fitted values for each dataset were those that maximized the Poisson likelihood of the parameters 

given the responses R:  
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𝜃T = 𝑎𝑟𝑔𝑚𝑎𝑥Xℒ(𝑅6 …𝑅[|𝜆6 …	𝜆[)] = 𝑎𝑟𝑔𝑚𝑎𝑥 ^_
𝜆`
ab ∗ 𝑒deb
𝑅`!

[

`g6
h		 (2.6)		

in which n is the total number of stimuli, Ri is the response to the ith stimulus, li is the predicted 

response to the ith stimulus, and	𝜃T is a vector of the best fitting parameter values (comprising U, 

bl, N, c50, and [A B]). For practical reasons, we minimized the equivalent log-likelihood function:  

𝜃T = 𝑎𝑟𝑔𝑚𝑖𝑛X−ℒ(𝑅6 …𝑅[|𝜆6 …	𝜆[)] = 𝑎𝑟𝑔𝑚𝑖𝑛 k−l 𝑅` ∗ (lg(𝜆`) − 𝜆`)
[

`g6
o	 (2.7)		

2.3 RESULTS 

2.3.1 Technique 1: Response Weighted Averaging  

Response weighted averaging is a data analysis technique that can provide valuable insight 

into how neurons represent visual stimuli. The response-weighted average stimulus is described 

mathematically as: 

𝑅𝑊𝐴 =
1
𝑛l 𝑅`[𝑣6	𝑣7	𝑣8]`

[

`g6
	 (2.8)		

where n is the total number of tested stimuli, [v1 v2 v3]i is the ith stimulus, and Ri is the response to 

the ith stimulus. The elements of the RWA, like those of the weighting vector, reflect the influence 

of each visual signal on the response of the neuron. The average stimuli in Figure 2.1C and Figure 

2.1D are examples of RWAs. 

The RWA can be used to estimate a neuron’s preferred color direction (Leblanc, 

Yamamoto et al. 1987, Cottaris and De Valois 1998, Sun, Smithson et al. 2006, Horwitz, 

Chichilnisky et al. 2007), but its accuracy depends on the stimulus distribution. This estimate is 

biased if the stimulus distribution is asymmetric (e.g. distended or unequally sampled). To 

visualize this bias, consider a hypothetical neuron that receives exclusively L-cone input. The 

stimuli that evoke the largest responses from such a neuron will strongly modulate the L-cones. If 
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such a neuron were probed with a stimulus distribution in which L- and M-cone signals are 

positively correlated (Figure 2.2A), then the stimuli that evoke the largest responses (and therefore 

dominate the RWA) will also strongly modulate the M-cones. The RWA (star) reflects this 

correlation, and, consequently, does not align to the L-cone axis, which is the neuron’s preferred 

color direction (arrow).  

 
Figure 2.2. Responses of a hypothetical neuron that receives only L-cone input.  
For simplicity, only L- and M-cone modulations are simulated in this example. The 
position of each circle represents a stimulus in the LM plane. The size of each circle 
represents the magnitude of the corresponding response. Contour lines, from light to dark 
colors, represent the increasing responses of the neuron to stimuli of progressively higher 
contrast. The arrow indicates the preferred color direction of the neuron, and the orange 
star represents the response-weighted average stimulus (RWA). (A) A distended stimulus 
distribution in which L- and M-cone modulations are positively correlated. The RWA does 
not align with the neuron’s preferred direction. (B) A radially symmetric stimulus 
distribution of L- and M-cone modulations. The RWA aligns with the preferred direction. 
For reference, the purple, green, yellow, and red points represent identical lights in each 
distribution. 

 

The RWA is an unbiased estimator of the preferred direction when the stimulus distribution 

is radially symmetric (RS) (Figure 2.2B) (Chichilnisky 2001). Intuitively, this is because there 

exist whole families of stimuli that give rise to the same weighted sum, and therefore, the same 

response. Under the LN model, all such stimuli describe contours through color space that are 
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straight and perpendicular to the preferred direction (colored lines). When stimuli that drive the 

same response are distributed symmetrically about the preferred direction (arrow), their average 

(star) aligns with the preferred direction. In most experiments, the preferred direction of a neuron 

is unknown a priori, so the stimulus distribution must be symmetric in all directions to guarantee 

an unbiased estimate1. 

Radial symmetry of a stimulus distribution depends on how the axes of the color space are 

defined. Stretching one axis of the color space distends the stimulus distribution along that axis, 

biasing the RWA in the direction of the stretch. This problem might appear formidable, since no 

single set of stimuli nor representation thereof is universally accepted as the best for measuring 

color tuning, and no distribution of stimuli is RS in every color space. Fortunately, an estimate of 

a neuron’s preferred color direction, obtained in any color space by any means, can be transformed 

to any linearly related color space in a straightforward way. To demonstrate this procedure and to 

provide a practical application, we discuss how stimuli and weights are transformed between color 

spaces below. 

2.3.1.1 The Representation and Transformation of Lights and Weights 

The preferred direction of a neuron can be estimated in one color space (e.g. where the 

stimulus distribution is RS) and transformed into any linearly related space (e.g. where the 

distribution is not RS). This transformation can be demonstrated using the two color spaces 

introduced in Figure 2.1: a phosphor space and a cone space. In both spaces, the origin [0 0 0] 

                                                

1	 In	 practice,	 stimulus	 distributions	 used	 in	 experiments	 are	 usually	 discrete	 and	 therefore	 can	 only	
approximate	true	radial	symmetry.	In	this	case,	the	denser	the	sampling	in	the	stimulus	space,	the	closer	this	
approximation	can	become.	Continuously	varying	stimuli	can	also	be	used	to	create	a	radially	symmetric	(RS)	
distribution,	as	in	Sun,	H.	et	al	(2006).	Stimuli	that	are	presented	in	rapid	succession	or	in	close	proximity,	such	
that	 they	 are	 effectively	 averaged	 together	 in	 the	 visual	 system,	 create	 signals	 that	 approach	 a	 Gaussian	
distribution,	which	can	always	be	made	RS	with	a	linear	transformation. 
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represents the background of the display, which is also the average of the stimulus distribution. 

Changes in phosphor intensity relative to this light level are represented with positive and negative 

values, as are changes in cone excitation. Each light is represented by a single point in each space 

and can be transformed between them via matrix multiplication:  

[𝐿	𝑀	𝑆] = [𝑅	𝐺	𝐵] ∗ 𝑀	 (2.9)		

where [R G B] is an nx3 matrix of stimuli represented in phosphor space, [L M S] is this same 

collection of stimuli represented in cone space, and M is a 3x3 transformation matrix. 

Transforming the representation of lights alters their distribution. For example, a stimulus 

distribution that is RS in phosphor space (Figure 2.3A, gray points) is distended in cone space 

(Figure 2.3B, gray points) and vice versa (colored squares). 

 
Figure 2.3 Two stimulus distributions in two color spaces. 
Phosphor noise stimuli (gray circles) and cone noise stimuli (colored squares) represented 
in two color spaces. (A) Phosphor and cone noise stimulus distributions projected onto the 
red-green plane of phosphor space.  The phosphor noise distribution is approximately 
radially symmetric (RS) in this space, and the cone noise distribution is distended. (B) The 
same two distributions projected onto the LM plane of cone space.  In this color space, the 
cone noise distribution is approximately RS, and the phosphor noise distribution is 
distended.  Only four colored squares are visible because +S- and –S-cone stimuli have an 
equal projection onto this plane. 
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Real neural responses do not depend on how an experimenter chooses to represent visual 

stimuli. For the responses of an LN model neuron to have this property, the weights must be 

transformed between color spaces such that a given stimulus produces the same weighed sum 

irrespective of its representation. To achieve this, the transformation of the stimuli must be 

counterbalanced by the transformation of the weights. If the matrix M transforms lights from 

phosphor space to cone space (eq. 2.9), then the weights are transformed by its inverse transpose 

(M-T):  

[𝑙	𝑚𝑠	] = 	 [𝑟	𝑔	𝑏] ∗ 	𝑀du	 (2.10)	

where [r g b] and [l m s] are the weights in phosphor and cone space, respectively, that reflect the 

same color tuning. Combining equations 2.9 and 2.10 clarifies the relationship: 

𝑅 = [𝐿	𝑀	𝑆] ∗ +
𝑙
𝑚
𝑠
/ = [𝑅	𝐺	𝐵] ∗ 𝑀 ∗ 𝑀d6 ∗ w

𝑟
𝑔
𝑏
x	 (2.11)	

where 𝑀d6 ∗ w
𝑟
𝑔
𝑏
x is simply a rearrangement of terms in equation (2.10).  

The general principle demonstrated here is that any invertible transformation of the stimuli 

must be accompanied by a compensatory transformation of the weights, so that weighted sums are 

invariant to changes in the stimulus representation. Using this principle, we can tabulate the 

transformations of stimuli and weights between linearly related color spaces (Table 2.1):  

 
Table 2.1. Transformations of stimuli and weights between linearly related color spaces 

 

 
Space 1®Space 2 

 (e.g. phosphor space to cone space) 

Space 2®Space 1  

(e.g. cone space to phosphor space) 

Stimuli [v1 v2 v3] M M-1 

Weights [A B C] M-T MT 
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Figure 2.4 Cone weight estimates from two distributions. 
(A) Normalized cone weight estimates from the population of neurons recorded in this 
experiment (n = 35).  Two cone weight estimates (connected with black lines) were 
obtained from each neuron: one from the responses to the phosphor noise (circles), and one 
from the responses to the cone noise (squares). Shaded symbols indicate positive S-cone 
weights, and unshaded symbols indicate negative S-cone weights. The example neuron 
from Figure 1 is highlighted in purple. (B) Correlation coefficients between the normalized 
cone weight estimates obtained from the two distributions. Cone weight estimates derived 
from the phosphor noise agreed closely with those derived from the cone noise for the 
majority of tested neurons. 
 

2.3.1.2 An Experimental Example 

We return to the example neuron from Figure 2.1, which was probed with two stimulus 

distributions, each of which was RS in the color space in which it was constructed (Figure 2.3). 

We generate two estimates of the preferred color direction: one in phosphor space, and one in cone 

space. These two color spaces are linearly related, so the two estimates can be transformed from 

one space to the other, or into a third via equation 2.5. By convention, we represent both estimates 

in cone contrast space. Both estimates indicate similar color tuning (Figure 2.4A, purple symbols). 

Similar results were obtained for a larger population of V1 neurons, as captured by the proximity 
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of each neuron’s normalized cone weight estimates (Figure 2.4A, gray symbols) and the high 

correlations between them (Figure 2.4B). 

2.3.2 Technique 2: Linear Regression 

To estimate the preferred color direction of a neuron whose responses have been probed 

with a non-RS stimulus distribution, the experimenter must turn to alternative techniques. One 

special case offers an easy solution: if the stimuli can be linearly transformed into a new color 

space in which their distribution is RS, the preferred color direction can be estimated in the new 

space using the RWA, then transformed to the original space using Table 2.1 (multiplication with 

the inverse-transpose of the stimulus transformation matrix). 

This technique is not generally applicable, however, because most non-RS stimulus 

distributions cannot be made RS via linear transformation. Nevertheless, there is always an 

approximation that comes close: multiplying the stimuli with a whitening matrix. This 

multiplication transforms the stimuli so that they have variance of “1” in all directions (their 

distribution need not be the same in all directions, which is why the whitened distribution is not 

necessarily RS). The preferred color direction of a neuron can be estimated with the RWA of the 

whitened distribution, then transformed to the original color space. This solution does not 

necessarily provide an unbiased estimate of a neuron’s preferred color direction, but it can provide 

a substantial improvement over the RWA of the non-whitened stimulus distribution. This 

technique is identical to linear regression. 

2.3.3 Technique 3: Numerical Optimization 

An even more general approach to the problem of estimating the preferred color direction 

is to use numerical optimization to iteratively adjust the weights of the LN model to minimize an 
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appropriate measure of error (e.g. the sum of squared differences between the actual and predicted 

responses). Numerical optimization is more computationally intensive than linear regression or 

calculating the RWA. Nevertheless, it can be used to accurately estimate the weighting vector, as 

well as any additional parameters of the model, largely irrespective of the stimulus distribution. 

Additional parameters may include those that govern the shape of f (the nonlinear component), or 

weights that represent input from non-stimulus sources (e.g. response history or the firing of other 

neurons;  Pillow, Shlens et al. 2008). Through numerical optimization, all of these parameters can 

be fit simultaneously, and thus potentially more accurately than if each were estimated 

sequentially, as when the RWA is used to estimate the preferred color direction and other 

procedures are used to estimate f. 

Generally, the goal of this procedure is to describe the data with a model that maximizes 

(or alternatively minimizes) an objective function. The objective function describes the 

relationship between the parameters of the model (e.g. the weights) and a number that represents 

how well each set of parameter values describes the data. The objective function may also include 

penalties for parameter values that are unrealistic or are unlikely to generalize well to new data. 

The objective function must be tailored to the experiment, and although many 

circumstances warrant a particular set of functions, there is often no best choice. One set of 

objective functions that is well grounded in statistical theory—likelihood functions—represent the 

probability of observing a set of neuronal responses across all possible choices of model parameter 

values. The parameter values that maximize the likelihood function identify the model under which 

the observed responses are most likely to occur. This maximum likelihood estimate can be written:  

+
𝐴
𝐵
𝐶
/ , 𝜃T 	= 	𝑎𝑟𝑔𝑚𝑎𝑥zℒ ^𝑓 ^w

𝑎
𝑏
𝑐
x , 𝜃h {𝑅h|	 (2.12)	
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where [a b c] is a weighting vector, 𝜃 is a vector of any additional parameters that f might have, R 

is a vector of all the observed responses, ℒ is the likelihood, or the conditional probability of 

responses R given the candidate weights [a b c] and	parameters	values	𝜃. [A B C], 𝜃T are the 

parameter values that maximize this likelihood. 

The parameter values that maximize likelihood may not be calculable analytically, but may 

be found using numerical optimization. Although many strategies exist for finding local maxima 

of the likelihood function, no strategy is guaranteed to produce a singular set of parameter values 

that maximizes the function globally. Instead, the fitting algorithm must search iteratively through 

many combinations of parameter values. Because the number of potential parameter combinations 

is infinite in most scenarios, not every possible combination can be tested; therefore, the possibility 

usually remains that a better set exists. Despite this shortcoming, an experimenter may confidently 

fit the data using techniques that avoid local maxima in the likelihood function if the number of 

parameters is reasonably low. Under restricted conditions, the likelihood function can be proven 

to have only a single maximum, facilitating fitting models with many parameters (Paninski, Pillow 

et al. 2007). 

2.3.4 Comparing Estimation Techniques 

To compare the accuracy of preferred direction estimates obtained by maximum likelihood 

with those obtained by response-weighted averaging, we performed two analyses. First, we used 

both techniques on the example neuron from Figure 2.1. Second, we used both techniques to 

estimate the preferred color directions of simulated neurons (see Section 2.2.2 for simulation 

details).  
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Figure 2.5 Cone weight estimates on two stimulus distributions using two techniques. 
Normalized cone weight estimates for the example neuron from Figure 1 estimated via the 
response-weighted average (purple) and maximum likelihood (blue). Normalized cone 
weight estimates derived from the phosphor noise (squares) agreed closely with those 
derived from the cone noise (circles) using both techniques.   
 

The example dataset consisted of spike times from a single neuron stimulated with 

phosphor noise and cone noise. To estimate cone weights, we represented every stimulus as cone 

contrasts relative to the background and fitted the data with an LN model using numerical 

optimization (maximum likelihood). Fitted cone weights were similar whether computed from the 

phosphor noise data (Figure 2.5, circles) or from the cone noise data (Figure 2.5, squares), 

confirming that maximum likelihood is relatively insensitive to the distribution of stimuli used in 

the experiment. 
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Figure 2.6 Estimates of preferred color direction obtained from the responses of simulated 
neurons.  
Preferred color directions were estimated with three techniques and three stimulus 
distributions. Gray circles represent stimuli that were presented to the simulated neuron. 
The purple, green, yellow, and red points represent identical lights in each distribution.  For 
simplicity, only L- and M-cone modulations were simulated. (A) A radially symmetric 
stimulus distribution. (B) The mean and standard deviation of the error between the true 
and estimated preferred directions. Estimation via the response-weighted average stimulus 
(RWA) (purple) and maximum likelihood (blue) were both unbiased. (C) A distended 
stimulus distribution that was RS when whitened. (D) Estimation via the RWA of the non-
whitened distribution (pink) was biased, but estimation via linear regression (purple) and 
maximum likelihood (blue) were unbiased. (E) A distended stimulus distribution that could 
not be made RS by linear transformation. (F) Estimation via the RWA (pink) and linear 
regression (purple) were both biased, but estimation via maximum likelihood (blue) 
remained unbiased. 
 

Er
ro

r i
n 

fit
 (d

eg
re

es
)

L-cone isolatingL - M
Model preferred direction

M-cone isolatingL + M L - M
-40

0.0

40

-0.2

0.0

0.2

M
-c

on
e 

co
nt

ra
st

-0.2 0.20.0
L-cone contrast

Er
ro

r i
n 

Fi
t (

de
gr

ee
s)

L-cone isolatingL - M
Model preferred direction

M-cone isolatingL + M

-40

0.0

40

-0.2

0.0

0.2

-0.2 0.20.0
L-cone contrast

M
-c

on
e 

co
nt

ra
st

L-cone isolatingL - M

-0.08

-0.16

0.0

0.16

0.08

Er
ro

r i
n 

fit
 (d

eg
re

es
)

Model preferred direction
M-cone isolatingL + M L - M-0.08 0.080.0

L-cone contrast

-0.08

0.0

0.08

M
-c

on
e 

co
nt

ra
st

A B

C D

E F
L - M



 40 

In our second analysis, we compared estimates of the preferred directions of simulated 

neurons using the RWA, linear regression, and maximum likelihood. Each technique was applied 

to three different stimulus distributions: an RS distribution (Figure 2.6A, left), a distended 

distribution that could be made RS by whitening (Figure 2.6B, left), and a distended distribution 

that could not be made RS by whitening (Figure 2.6C, left).  For simplicity, only L- and M-cone 

modulations were simulated. We compared the true preferred direction with the estimated 

preferred direction obtained with each technique. The RWA estimate was unbiased only when the 

distribution was RS (Figure 2.6, pink curves). Linear regression was additionally unbiased when 

whitening the distribution produced radial symmetry (Figure 2.6, purple curves). Maximum 

likelihood was unbiased in all three cases (Figure 2.6, blue curves). 

2.4 DISCUSSION 

We described three techniques for measuring preferred color directions: two based on the 

RWA, and one based on numerical maximization of likelihood. Below, we summarize their 

advantages and disadvantages. Then, we discuss incorporating cone adaptation into the LN model. 

Finally, we outline a general strategy for extending the LN model. 

The RWA has the advantages that it is easy to calculate and can be used to estimate a 

neuron’s preferred color direction without explicit specification of the parametric form of f (e.g. 

Naka-Rushton or exponential) or the error model (e.g. Poisson distributed spike counts). 

Numerical optimization methods have the advantages that they can be used with any reasonable 

stimulus distribution, a variety of objective functions, and are easily generalizable to models that 

are more complex than the LN model. The RWA and the maximum likelihood estimate converge 

if f is strictly monotonic and the stimulus distribution is RS.  
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2.4.1 Accounting for Adaptation with Visual Signals and Weights  

The techniques we described are for estimating the parameters of the LN model. They do 

not guide the selection of stimulus representation. Some stimulus representations can facilitate 

response descriptions under a narrow range of conditions, others under a broader range. For 

example, the red-green detection mechanism can be modeled as LN under constant illumination 

conditions:  

𝑅 =	 [𝐿	𝑀	𝑆] +
𝐴
𝐵
𝐶
/	 (2.13)	

where L, M, and S represent cone excitation differences, or the changes in photoisomerizations 

caused by a stimulus against a static background (Deluca, Balsevich et al. 1987, Lapp, Tyler et al. 

1987, Roth, Unanue et al. 1987, Cole, Hine et al. 1993, Sankeralli and Mullen 1996, Giulianini 

and Eskew 1998), and R represents the response of the red-green detection mechanism. 

If the background illumination is changed, however, the cones adapt, thresholds shift, and 

new weights are needed to describe them. To account for this adaptation, the background 

illumination must be included in the model. One possibility is to incorporate the background into 

the weights, yielding a dynamic weighting vector that changes with every background: 

𝑅 = 	 [𝐿	𝑀	𝑆]

⎣
⎢
⎢
⎢
⎢
⎢
⎡ 𝐴′
𝐿I
𝐵′
𝑀I
𝐶′
𝑆I ⎦
⎥
⎥
⎥
⎥
⎥
⎤

	 (2.14)	

where L0, M0, and S0 represent cone excitations due to the background, and A’ = A * L0, etc. 

Alternatively, the background can be incorporated into the representation of the stimulus: 
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𝑅 = 	 [𝐿	𝑀	𝑆]

⎣
⎢
⎢
⎢
⎢
⎢
⎡
𝐴
𝐿I
𝐵
𝑀I
𝐶
𝑆I ⎦
⎥
⎥
⎥
⎥
⎥
⎤

	= 	 �
𝐿
𝐿I
	
𝑀
𝑀I

	
𝑆
𝑆I
� +
𝐴
𝐵
𝐶
/	 (2.15)	

Scaling the stimulus by the background changes the representation from cone excitation 

differences to cone contrasts. In this color space, a single static weighting vector describes 

detection thresholds under a wide array of illumination conditions (Virsu, Rovamo et al. 1982, 

Leblanc, Yamamoto et al. 1987, Tyler 1987, Kalloniatis and Harwerth 1991). 

Cone contrast is a relatively simplistic way of modeling cone adaptation (for more complex 

alternatives, see Tyler, Qualls et al. (1987) and Angueyra and Rieke (2013)). This example is not 

meant to advocate for any particular color space, but to show that cone adaptation can be 

incorporated into the weights or into the representation of the stimulus, creating two isomorphic 

LN models. Both provide equivalent descriptions, but accounting for cone adaptation in the 

stimulus representation isolates receptoral from post-receptoral processes. This example 

underscores that the relationship between stimuli and responses may appear complex under one 

representation, but simple under another. 

2.4.2 Beyond the LN Model 

The LN model does not adequately describe neural responses under all conditions or in all 

color spaces. Some neurons are poorly described by the LN model (Thorell, De Valois et al. 1984, 

Komatsu, Ideura et al. 1992, Hanazawa, Komatsu et al. 2000, Solomon and Lennie 2005, Bushnell, 

Harding et al. 2011, Horwitz and Hass 2012). For such neurons, weight estimates are not 

meaningful. However, the LN model may provide a useful skeleton on which to build richer classes 
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of models that describe the responses of these neurons more accurately (Roth, Unanue et al. 1987, 

Rust, Mante et al. 2006, Horwitz and Hass 2012).  

Improvements to the LN model will likely spur new advances in color neurophysiology. 

Finding a class of model that describes color tuning more accurately while being simple enough 

to work with is not trivial, but complementary approaches may provide leverage on this problem. 

First, patterns of residuals can be analyzed to find systematic deviations from the predictions of 

the LN model, and the model can be extended to eliminate these patterns. Second, known neuronal 

nonlinearities such as contrast gain control and contrast energy calculations can be incorporated 

into the model. Third, early stages of the visual system can be modeled with greater precision, 

thereby more accurately constraining how downstream neurons process color signals. 

We described stimuli in terms of their effects on the cones, but the techniques we described 

generalize beyond these descriptions. Deep in the visual system, for example, neurons are poorly 

described by weighted sums of cone signals. One intriguing possibility is that such neurons may 

perform LN-like operations but on inputs that are abstract quantities (Cowell, Tyler et al. 1987). 

Finding stimulus representations that are combined quasi-linearly by neurons but are only distantly 

related to cone excitations may be a fruitful approach for understanding color tuning in higher-

level visual areas. 
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Chapter 3. PROCESSING OF LUMINANCE AND RED-GREEN 

CRHOMATRICITY BY MACAQUE V1 NEURONS 

3.1 INTRODUCTION 

In trichromatic humans and Old World monkeys, luminance and red-green color vision are 

mediated by the same two photoreceptor classes: the long-wavelength-sensitive (L-) and medium-

wavelength-sensitive (M-) cones. Luminance is defined as a weighted sum of L- and M-cone 

signals  (Sharpe 1974, Lennie, Pokorny et al. 1993) and red-green chromaticity is closely related 

to their difference (Sharpe 1974, Koenderink and van Doorn 1978, Wuerger, Atkinson et al. 2005). 

Much is known about the processing of opponent (L+M) and non-opponent (L-M) signals in the 

retina and lateral geniculate nucleus (for reviews, see Dacey 1999, Weller and Horwitz 2017). 

However, relatively little is known about how these signals are processed once they reach the 

primary visual cortex (area V1). This uncertainty remains a major barrier to understanding the role 

of V1 in luminance and color vision. 

Our current understanding of color tuning in V1 is largely qualitative: some V1 neurons 

respond to changes in luminance but not red-green chromaticity, others respond to changes in red-

green chromaticity but not luminance, and yet others respond to both (Thorell, De Valois et al. 

1984, Lennie, Krauskopf et al. 1990, De Valois, Cottaris et al. 2000, Johnson, Hawken et al. 2001). 

These observations constrain how L- and M-cone signals are combined at the level of V1 but are 

insufficient to build and rigorously test a quantitative model of cone signal combination. In the 

absence of such a model, cone signal combination is often approximated as a weighted sum, which 

is nonlinearly related to spiking responses. This simple linear-nonlinear cascade (LN) model has 

been useful for describing L- and M-cone signal combination in the pre-cortical visual system, but 
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fails to accurately describe the responses of many V1 neurons (Thorell, De Valois et al. 1984, 

Pointer, Dean et al. 1989, Hanazawa, Komatsu et al. 2000, Horwitz and Hass 2012). 

To reveal how signals from the L- and M-cones are combined at the level of V1, we probed 

individual neurons with punctate flashes designed to modulate the L- and M-cones exclusively. 

The flashes were tailored to fall inside the receptive field (RF) of each recorded neuron, and when 

possible, inside individual subunits (e.g. ON or OFF) within the classical RF. This stimulus 

mitigated potentially confounding effects of stimulating functionally distinct regions of the RF 

with simultaneous contrast increments and decrements, as with a grating, and it reduced 

nonlinearities produced by integrating signals across (Pointer and Osur 1989, Conway and 

Livingstone 2006) and beyond (Hess and Pointer 1989, Pointer, Dean et al. 1989, Solomon, Peirce 

et al. 2004) the classical RF. Limiting stimulation to the L- and M-cones also reduced the influence 

of pre-retinal filters (Cottaris 2003, Lindbloom-Brown, Tait et al. 2014) and of S-cone-dominated 

pathways which show pronounced nonlinearities (Dennis, Howarth et al. 1989, Giulianini and 

Eskew 2007, Horwitz, Chichilnisky et al. 2007). 

We found a population of neurons that responded to an equally weighted sum of L- and M-

cone signals, rendering them sensitive to luminance. Another population of neurons responded to 

an equal but oppositely weighted sum of L- and M-cone signals, rendering them sensitive to red-

green chromaticity. A third population responded to both luminance and chromaticity, but the color 

tuning of these neurons could not be described by a single weighted sum of cone signals. Instead, 

the responses of these neurons were better described by an energy-like combination of two 

orthogonally weighted sums of cone signals. These two weighted sums were consistently the same 

weighted sums as in the color-only and luminance-only neurons. Color-only neurons had greater 
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contrast sensitivity than luminance-only neurons, and color-luminance neurons were more 

sensitive to chromatic than to luminance modulations. 

3.2 METHODS AND MATERIALS 

3.2.1 Experimental setup 

Two monkeys (Macaca mulatta, one male and one female) participated in these 

experiments. Each monkey was surgically implanted with a headpost and a recording chamber 

(Crist Instruments) over area V1. All procedures conformed to the guidelines provided by the US 

National Institutes of Health and the University of Washington Animal Care and Use Committee.  

During experiments, monkeys sat in a primate chair 1 m from a cathode ray tube monitor 

in a dark room. Neural signals were recorded with extracellular tungsten microelectrodes of 1−2 

MΩ (Frederick Haer) and digitized at 40 kHz. Spikes were isolated online based on waveform 

timing and amplitude criteria. Event timing, stimulus presentation, and data collection were 

controlled by three desktop computers (see Horwitz and Hass 2012 for details). 

Emission spectra and voltage-intensity relationships of each monitor phosphor were 

measured with a PR-650 SpectraColorimeter (PhotoResearch). The depth of each color channel 

was increased from 8 to 14 bits using a Bits++ video signal processor (Cambridge Research) at the 

expense of spatial resolution; each pixel was twice as wide as it was tall. Background luminance 

was (x = 0.3, y = 0.3, Y = 65 cd m−2). The monitor refreshed at 75 Hz. 

The monkeys were trained to fixate a centrally located dot measuring 0.2 x 0.2 degrees of 

visual angle (DVA) and maintain their gaze within a 1 x 1 DVA fixation window. Eye position 

was monitored throughout the experiment using a digital eye-tracking system (SMI iView X Hi-

Speed Primate, SensoMotoric Instruments). Successful fixation was rewarded with juice or water. 

Fixation breaks caused the stimulus to disappear, and only completed trials were analyzed. 
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3.2.2 Experimental Design and Statistical Analysis 

Each experimental session was divided into two phases. During the first phase, the 

experimenter identified the position and shape of a recorded V1 neuron’s classical RF. During the 

second phase, flashes of uniformly colored light were targeted to the classical RF. 

3.2.2.1 Phase 1: White noise receptive field characterization  

During the first phase of the experiment, the neuron was stimulated with 

spatiotemporochromatic white noise. The white noise stimulus was a grid of squares each 

subtending 0.075–0.1 DVA (Figure 3.1A). On every screen refresh, each square was randomly 

assigned one of four lights designed to modulate the L- and M-cones in or out of phase, producing 

luminance and chromatic signals, respectively. The rapidity of the stimulus update caused lights 

at the same location on successive frames to be integrated in the cones, thereby having nearly the 

same effect as the average of the two lights. This integration effectively increased the number of 

lights sampled (Chichilnisky 2001).  

Cone excitations were calculated using the Stockman-MacLeod-Johnson 10-degree cone 

fundamentals (Stockman, MacLeod et al. 1993), and cone modulations were calculated using 

Weber contrast (Koenderink, Bouman et al. 1978). The L- and M-cone contrasts of the four lights 

were [0.64, 0.64] (ON-luminance), [-0.64, -0.64] (OFF-luminance), [0.06, -0.06] (red), and [-0.06, 

0.06] (green).  

Neuronal responses to the white noise stimulus were analyzed online by spike-triggered 

averaging. In this analysis, the four lights that composed the white noise stimulus were weighted 

by recent spiking activity and averaged separately (Figure 3.1B). This procedure allowed us to 

localize the RFs of both simple and complex cells. Simple cells responded to a single stimulus 

polarity (e.g. bright or dark) at each location in the RF, whereas complex cells responded to 
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opposite stimulus polarities (e.g. bright and dark) at the same locations. Averaging all of the stimuli 

together would have obscured the RFs of complex cells. RF regions were identified by the 

experimenter as sets of adjacent squares in the spike-triggered averages that indicated the same 

spectral sensitivity (Figure 3.1C). The constraint of adjacency was violated for one neuron. 

 

 
 
Figure 3.1 White noise and flashed stimuli.  
A: Spatiotemprochromatic white noise. The color of each square was randomly reassigned 
on each frame refresh (every 13.3 ms) from a set of four: L+M (yellow), -L-M (purple), L-
M (red), and M-L (green). B: Spike-triggered averaging. All of the stimulus frames that 
preceded each spike were separated by color. Frames sharing the same color were averaged 
together. C: Spike-triggered average stimuli for an example cell at 40-53 ms delay. Panels 
are separated by stimulus color. Dark and bright squares indicate the absence or presence, 
respectively, of each stimulus-type just before a spike. Receptive field subunit selections 
made by the experimenter are outlined in orange and cyan. D: Stimulus distribution in the 
LM plane. Each rectangle represents a stimulus in the LM plane. Stimulus shape matches 
the selected region in Figure 1C, and color approximates stimulus appearance. The 
distention of the stimulus distribution is due to the limited monitor gamut in the L-M 
direction. 

 

3.2.2.2 Phase 2: Measurement of responses to uniformly colored flashes in the LM plane 

In the second phase of the experiment, we measured responses to flashes of light targeted 

to individual RF regions. Stimuli were presented for 200 ms and were followed by a post-stimulus 

period of 500 ms during which the monkey maintained fixation. Flashes were uniformly colored 
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and designed to modulate the L- and M-cones over a wide range (Figure 3.1D). The maximum 

luminance and chromatic contrasts of the flashes were matched to those used in the white noise 

stimulus. For most neurons, each flash was presented five times within each block of trials. For 

two neurons, each flash was presented three times, and for one neuron each flash was presented 

10 times. After each block, new combinations of L- and M-cone contrast were selected for testing, 

and this procedure was repeated for as long as the neuron remained well isolated. For 103 neurons, 

only a single RF region was targeted for stimulation. For 15 neurons (10 from monkey N and 5 

from monkey M), two regions were targeted in interleaved trials. For the purposes of population 

analyses, only the more sensitive region was included for these 15 neurons. 

We quantified neuronal responses by counting spikes within a 200 ms window that was 

customized for each neuron via the following procedure. A time-varying average firing rate was 

computed across stimulus conditions with respect to stimulus onset (1 ms bins, smoothed with a 

1.7 ms standard deviation Gaussian filter). A threshold was defined as the highest firing rate 

achieved during the 200 ms prior to stimulus onset. The spike counting window for each neuron 

began when the average firing rate exceeded the threshold by 10% (mean latency ± standard 

deviation across all neurons = 65 ± 27 ms). 

3.2.2.3 Gabor stimuli 

To relate our results to those from previous studies, we probed fourteen neurons (8 from 

Monkey N and 6 from Monkey M) additionally with drifting Gabor patches in interleaved trials. 

Each Gabor patch subtended 2.4 DVA (𝜎 = 0.4 DVA) and drifted at three Hz with a spatial 

frequency and orientation based on the subunit structure identified in the STA. Contrast increased 

linearly over a half-cycle, remained constant for one complete cycle, and decreased linearly over 

a half-cycle (full duration = 667 ms). The maximum contrast of each Gabor patch was matched to 
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those of the punctate flashes. All fourteen of these neurons were modulated (response - baseline) 

at least 10 spikes/sec by a Gabor patch.  

A Gabor patch consists of both increments and decrements in light with respect to the 

background, whereas the flashes were unipolar. To compare responses across these two stimulus 

classes, we symmetrized flash responses by averaging responses to pairs of stimuli that had the 

same absolute contrast magnitude but opposite sign.  

3.2.2.4 LN model  

Under the LN model, L- and M-cone contrasts are weighted and summed to create a 

generator signal that underlies stochastic spiking (Figure 2A) (Chichilnisky 2001): 

𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟	𝑠𝑖𝑔𝑛𝑎𝑙	 = 	 [𝐿	𝑀] N𝐴𝐵O (3.1)	

where the generator signal can be expressed geometrically as the projection of cone contrasts, [L 

M], onto a unit-vector, N𝐴𝐵O, that points in the neuron's preferred (color) direction. 

We assume that the generator signal is related to the expected spike count, 𝜇, via a Naka-

Rushton function: 

	𝜇 = 𝑅���
𝑚𝑎𝑥(𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟	𝑠𝑖𝑔𝑛𝑎𝑙, 0)G

	𝑚𝑎𝑥(𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟	𝑠𝑖𝑔𝑛𝑎𝑙, 0)G +	𝑐HIG
+ 𝑏𝑙 (3.2)	

where 𝑅��� is the maximum response of the neuron (upper asymptote), bl is the baseline response 

in the absence of a stimulus (lower asymptote), N is an exponent that describes the slope of the 

contrast-response function, and c50 is the stimulus contrast at which the response reaches half-

maximum. 

As expected, some V1 neurons responded to flashes of only one contrast polarity at a single 

location in the RF (e.g. simple cells) and others responded to flashes of opposite polarities (e.g. 

complex cells). To describe the responses of both types of neurons, we used a pair of Naka-Rushton 
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functions that met tail-to-tail at the origin of the LM plane (which represents zero contrast). This 

model allowed us to describe responses to contrast increments and decrements along the preferred 

axis N𝐴𝐵O	independently: 

𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟	𝑠𝑖𝑔𝑛𝑎𝑙�G = 	𝑚𝑎𝑥 �[𝐿	𝑀] N𝐴𝐵O , 0� + 	𝑢 ∗ 𝑚𝑎𝑥 �
[𝐿	𝑀] N−𝐴−𝐵O , 0� 

(3.3)	

The value of 𝑢 was constrained to fall between 0 and 1, where 0 corresponds to half-wave 

rectification (Figure 3.2B, left panel), and 1 corresponds to full-wave rectification (Figure 3.2B, 

right panel). 

3.2.2.5 LNLN model 

Some neurons were poorly fit by the LN model but well fit by an extension of it that falls 

into the broad class of linear-nonlinear-linear-nonlinear (LNLN) cascade models. The particular 

subset of LNLN models we considered had the same basic architecture as the LN model: L- and 

M-cone contrast signals combine to produce a scalar-valued generator signal that is passed through 

a Naka-Rushton function to produce a spike count response. Under the LNLN model, however, 

the generator signal is produced by adding two orthogonally weighted sums of cone signals which 

are independently squared (Figure 3.2C):  

𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟	𝑠𝑖𝑔𝑛𝑎𝑙�G�G = �
^𝑚𝑎𝑥 �[𝐿	𝑀] N𝐴𝐵O , 0� + 𝑢 ∗ max �

[𝐿	𝑀] N−𝐴−𝐵O , 0�h
7

	

+	𝑣 ∗ 	�[𝐿	𝑀] N 𝐵−𝐴O�
7

	 (3.4)	

The neuron’s sensitivity along the N𝐴𝐵O axis is represented by the first term, just as in the LN model 

(Eq. 3.3). Unlike the LN model, the LNLN model includes a second term that represents the 

neuron’s sensitivity along the orthogonal axis, N 𝐵−𝐴O. Sensitivity along this axis is constrained to 

be identical for contrast increments and decrements. We added this constraint because a model 
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that allowed asymmetric sensitivity along this axis was overly flexible and unnecessary for 

describing the observed responses. For these reasons, we refer to the N𝐴𝐵O axis as the ‘asymmetric 

axis’ and the N 𝐵−𝐴O axis as the ‘symmetric axis’.   

 
Figure 3.2 LN and LNLN models for L- and M-cone signal combination.  
A: Under the LN model, responses are generated by passing a weighted sum of L- and M-
cone signals through a (optionally two-sided) Naka-Rushton function. B: Response 
contours in the LM plane described by the LN model. Weak to strong responses are 
represented by light to dark shading, respectively. Contours are always straight and parallel 
to each other, and perpendicular to the neuron’s preferred color direction (arrow). Left: 
half-wave rectified responses to cone modulations. Right: full-wave rectified responses to 
cone modulations. C: Under the LNLN model, responses are generated via an energy-like 
combination of two orthogonally weighted sums of L- and M-cone signals. One of these is 
squared or half-squared (asymmetric axis), and the other is squared (symmetric axis). The 
square root of these summed or subtracted quantities is then passed through a Naka-
Rushton function. D: Response contours in the LM plane described by the LNLN model. 
Shading as in Figure 2B. Responses along the asymmetric axis may be half-rectified (left) 
or fully-rectified (right). Subtracting the two weighted sums results in narrower-than-linear 
color tuning (top), whereas adding them results in broader-than-linear color tuning 
(bottom).  
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The scalar 𝑣 reflects the neuron’s relative sensitivity between the symmetric and 

asymmetric axes. If 𝑣 < 0, the neuron is narrowly tuned and responds to a smaller set of stimuli 

than predicted by the LN model. Narrowly tuned neurons have response contours that curve away 

from the origin (Figure 3.2D, upper panels). If 𝑣 > 0, the neuron is broadly tuned and responds to 

a larger set of stimuli than predicted by the LN model. Broadly tuned neurons have response 

contours that curve toward the origin (Figure 3.2D, lower panels). The LNLN model is identical 

to the LN model if 𝑣 = 0. Note that the classification of color tuning as linear, narrower-than-

linear, or broader-than-linear depends entirely on the combination of cone signals into a generator 

signal (Eq. 3.3 and Eq. 3.4) and not on the contrast response function (Eq. 3.2), which transforms 

the generator signal into spiking responses. 

3.2.2.6 Error model 

Spike counts of many of the neurons we recorded had super-Poisson variability. We 

therefore modeled spike counts as having a negative binomial distribution (Koenderink, Bouman 

et al. 1978, Koenderink, Bouman et al. 1978). The negative binomial distribution flexibly couples 

the variance of responses to their mean: 

𝜎7 = 	𝜇 + 𝜅 ∗ 𝜇7	 (3.5)	

where 𝜇 is the mean predicted response, 𝜎7 is the variance of the predicted response, and 𝜅 is the 

parameter that controls the relationship between mean and variance. The Poisson distribution is a 

limiting case of the negative binomial distribution for which 𝜅 = 0. 

The parameters of the LN and LNLN models were fit by maximum likelihood. The log of 

the likelihood function, which was maximized numerically using the fmincon function (MATLAB, 

MathWorks), can be written: 
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ℒ =	l ^log$Γ^	
𝜇`7

𝜎`7 − 𝜇`
+ 𝑅`h0 + log(𝑅`!) + logX𝛤(𝑅`)]…

[

`g6

− log^
𝜎`7 − 𝜇`
𝜎`7

𝑅`h − (log^1 −
𝜎`7 − 𝜇`
𝜎`7

h	
𝜇`7

𝜎`7 − 𝜇`
)h	

(3.6)	

where ℒ is the log-likelihood of the parameters given the observed responses, 𝑛 is the total number 

of tested stimuli, Ri is the observed response to the ith stimulus, 𝜇` is the predicted mean response 

to the ith stimulus, 𝜎`7 is the predicted variance of the responses to the ith stimulus, and	Γ is the 

gamma function. 

3.2.2.7 Model comparisons 

The LNLN model always fit the data at least as well as the less flexible LN model. To 

quantify the improvement in the fit of the LNLN model over the LN model, we calculated 

normalized log-likelihoods under each model (Koenderink, Bouman et al. 1978):  

𝑛𝑜𝑟𝑚ℒ�G = 	
ℒ��dℒ� 
ℒ¡ d	ℒ� 

  𝑛𝑜𝑟𝑚ℒ�G�G = 	
ℒ����dℒ� 
ℒ¡ d	ℒ� 

 (3.7)	 	

where ℒ�G is the log-likelihood of the fitted LN model, ℒ�G�G  is the log-likelihood of the fitted 

LNLN model, ℒ�¢ is a theoretical lower bound of the log-likelihood values, and ℒ£¢ is a 

theoretical upper bound. ℒ�¢ was determined using a model in which the predicted response to 

each stimulus was equal to the overall mean response observed across all stimuli. ℒ£¢ was 

determined using a model in which the predicted response to each stimulus was equal to the 

observed mean response to each stimulus. The resulting normalized log-likelihood values, as well 

as the difference between them, fall between 0 and 1. 

We classified neurons into two categories by setting a bound on the normalized log-

likelihood improvement necessary to justify the larger LNLN model. In the following analyses, 

this threshold was set to 0.08 on the basis that this threshold segregated the bulk of the distribution 



 55 

from its long tail. The largest value of the normalized log-likelihood difference that we observed 

was 0.26; the theoretical upper bound was high because we presented many stimuli with few 

repeats. Note that a criterion based on a statistical hypothesis test would have biased neurons to be 

classified as better described by the LNLN model because the LN model is a mathematical 

idealization that is rejected with progressively higher probability as the number of stimulus 

presentations increases. 

We also used the normalized log-likelihood difference to distinguish half-rectified 

responses from fully-rectified responses (Eq. 3.3 and Eq. 3.4). We fit the data with the more-

constrained model (u = 0) unless the less-constrained model (0 < u £ 1) increased the normalized 

log-likelihood by at least 0.08. 

3.2.2.8 Comparing contrast sensitivity across neurons 

We asked whether luminance- and chromaticity-tuned neurons differed in contrast 

sensitivity (c50 in Eq. 3.2). To control for potentially confounding effects of stimulus size, we 

performed the following analysis, which was inspired by the partial F-test. We fit c50 values across 

a pool of neurons as a function of stimulus size using a cubic spline and recorded the sum of 

squared error (SSE). Next, we divided the pool into luminance- and chromatic-tuned groups, fit 

each with a cubic spline, and recorded their in-group SSEs. Then, we computed a test statistic, 

which is the ratio of SSEs under both models: 

𝐹 = 	
𝑆𝑆𝐸�¦¦

𝑆𝑆𝐸¦§� +	𝑆𝑆𝐸¨©ª«�
	 (3.8)	

This ratio is large if luminance- and chromaticity-tuned neurons have different relationships 

between stimulus size and c50, and it is small if both groups share the same relationship. To 

determine if the observed value of this ratio was larger than expected by chance, we shuffled the 

identities of the neurons between the luminance- and chromaticity-tuned groups, fit data from the 
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shuffled “luminance” and “chromatic” groups, and recalculated the ratio 10,000 times. The p-value 

is the proportion of ratios that exceeded the one calculated from the unshuffled data. 

3.2.3 Neuron inclusion criteria 

Receptive fields of the 118 neurons included in our study were located 1.5 – 6.2 DVA from 

the fovea (mean eccentricity = 4.3 DVA). To exclude noisily or weakly responding neurons from 

the analysis, we omitted any that had 𝜅 > 4 (Eq. 3.5) or failed to fire at least 10 spikes/sec to at 

least one of the stimuli. Two neurons had high baseline firing rates and were strongly suppressed 

by some stimuli. The model does not incorporate suppression below baseline, so these neurons 

were omitted from analysis. 

3.3 RESULTS 

The goal of this study was to develop quantitative models that map modulations in L- and 

M-cone activity to spiking responses in V1 neurons. We recorded responses of 118 V1 neurons 

(68 from monkey N and 50 from monkey M) to uniformly colored flashes that probed L- and M-

cone signal processing inside the RF. Spike counts in response to the flashes were fit with two 

models. The first, the LN model, is a classical description of neural responses under which spike 

counts depend on a single weighted sum of L- and M-cone signals. The second, the LNLN model, 

is a broader class of models under which responses depend on a nonlinear combination of two 

orthogonally weighted sums of L- and M-cone signals.  

3.3.1 Luminance- and chromaticity-tuned neurons 

Most neurons were well described by the LN model, as exemplified by the neuron in Figure 

3.3. During white noise stimulation, the example neuron was excited by green, suppressed by red, 
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and unaffected by luminance, as visible from the spike-triggered averages (STA) (Figure 3.3A). 

To test whether this neuron combined signals from the L- and M-cones as a weighted sum, we 

probed its RF with uniformly colored flashes that modulated L- and M-cones over a wide range. 

The neuron responded exclusively to stimuli that had greater M-cone contrast than L-cone contrast 

(color directions > 45° and < -135° in Figure 3.3B). These stimuli lie in the upper-left of the LM 

plane (Figure 3.3C). 

 
 
Figure 3.3 Example LN neuron.  
A: Spike-triggered averages (STAs) of the four color channels. STAs are gray scaled, with 
dark to light shading representing absence or presence of a stimulus color in a given 
location prior to the neuron’s response. The region selected by the experimenter for 
stimulation with flashes is outlined in orange. B: Peri-stimulus time histogram (gray) shows 
firing rate responses to flashed stimuli (right axis). Rasters show responses on individual 
trials, organized by color direction (left axis). Time 0 is stimulus onset. Spikes were 
counted in a 200 ms window (orange shading), which begins when the smoothed average 
firing rate exceeds the maximum observed baseline firing rate (dotted line) by 10%. C: 
Responses to flashed stimuli and LN model fit. The position of each orange circle indicates 
L- and M-cone contrasts, and circle size represents the corresponding mean response. 
Fitted response contours are gray scaled, with light to dark representing small to large 
responses, respectively. The minimum and maximum observed responses are indicated in 
the legend. The arrow represents the neuron’s preferred color direction from the model fit. 
 

We fit the responses of this neuron with the LN model and the LNLN model and compared 

normalized log-likelihoods. The normalized log-likelihood of these responses under the LN model 

was 0.76. Under the more flexible LNLN model, the normalized log-likelihood increased to 0.77. 
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This modest difference indicates that the LNLN model described this neuron’s responses nearly 

as well as the LN, demonstrating that its added complexity was unwarranted. 

Across the 118 neurons that we studied, differences in normalized log-likelihood ranged 

from 0 to 0.26. Small values indicate that the added complexity of the LNLN model improved the 

fit only slightly, whereas larger values indicate that the LNLN model improved the fit 

substantially. Based on the empirical distribution of normalized log-likelihood differences, we 

chose an improvement threshold of 0.08 to separate the bulk of the distribution from its long tail 

(Figure 3.4). By this criterion, 78 of the 118 neurons in our data set were well described by the LN 

model. Below, we analyze the tuning of these 78 neurons and focus on patterns in the parameter 

values from the LN model fits. We return to the remaining 40 neurons in the section on Color-

luminance neurons. 

 
 
Figure 3.4 Histogram of normalized log-likelihood differences for 118 neurons.  
Dotted orange line indicates the threshold (0.08) used to segregate neurons well described 
by the LN model from neurons well described by the LNLN model. 
 

3.3.1.1 Preferred directions 

The sensitivity of an LN neuron to L- and M-cone modulations can be summarized by a 
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LM plane pointing in the neuron’s preferred direction. The estimated preferred direction of the 

example neuron in Figure 3.3 was 137º, which is close to the theoretical M-L direction (135°). 

Across the 78 neurons that were well described by the LN model, the distribution of 

preferred directions had four modes: two cone-opponent and two non-opponent (Figure 3.5A). We 

define chromaticity- and luminance-tuned neurons as those with preferred directions within 22.5° 

of these opponent and non-opponent modes, respectively. No neuron falls into more than one 

category, and although these criteria account for only half of the potential preferred directions in 

the LM plane, they subsume 77% (60/78) of the neurons we studied. This organization, which has 

not been previously described using unbiased techniques, implies that chromatic- and luminance-

tuned are separate populations and not points on a continuum. 

We considered the possibility that our stimulus distribution, which was elongated along 

the luminance axis and constricted along the chromatic axis, biased the distribution of preferred 

color directions that we observed, which were oriented along the same axes. If the pattern of 

preferred directions is related to the elongation in the stimulus distribution, then eliminating the 

elongation should also eliminate the pattern. To test this possibility, we probed an additional 26 

neurons in Monkey N with stimuli from a distribution that was approximately radially symmetric. 

All but one of these neurons were well-described by the LN model (difference in normalized log 

likelihood < 0.08). Although the stimulus distribution was virtually uniform in every direction, the 

distribution of preferred directions was not (Figure 3.5B). Instead, 19 neurons were tuned for red, 

six were tuned for green, and none were tuned for luminance. The absence of luminance-tuned 

neurons is likely due to the relative insensitivity of luminance-tuned neurons, as detailed in the 

following section on Contrast sensitivity. This control experiment shows that elongation of the 



 60 

stimulus distribution does not account for structure in the distribution of preferred color directions 

(Figure 3.5A). 

 
 
Figure 3.5 Preferred directions and contrast sensitivity of LN neurons.  
A: Preferred directions of LN neurons in the LM plane are shown as a polar histogram and 
as a smoothed density estimate (black dotted line). Luminance and chromatic modes (thick 
colored lines) were identified as peaks in the smoothed density estimate. Wedges 
subtending 45° were centered on each mode to classify neurons into four groups. Insets: 
Data from representative neurons in each wedge. Conventions are as in Figure 3. B: 
Histogram of preferred directions of neurons probed with a radially symmetric stimulus 
distribution (dark gray). The histogram from Figure 5A is superimposed for comparison 
(light gray). C: Accuracy of preferred direction estimates. Errors in individual preferred 
direction estimates (gray circles) and averages (black curve) were calculated from 
simulated neuronal responses. D: c50 values in the preferred directions of all LN neurons 
(black circles). Colored boxes represent the wedges defined in panel A. Colored crosses 
indicate the mean and standard deviation of c50 values and preferred directions within each 
wedge. 
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We also considered the possibility that the predominance of chromaticity- and luminance-

tuned neurons was a consequence of our fitting procedure. To test this possibility, we conducted a 

simulation in which we used our fitting procedure to estimate the preferred directions of model 

neurons with pre-determined preferred directions. The preferred directions of simulated neurons 

ranged from -90 to +90° in the LM plane at 2.5° intervals, and the c50 value was set to the middle 

of the range of tested stimulus contrasts (Eq. 3.1). Each simulated neuron was probed in 80 

simulated experiments, and responses were fit identically to the real data. The resulting preferred 

direction estimates were essentially unbiased throughout the LM plane (Figure 3.5C), indicating 

that the observed patterns in the preferred directions did not arise from bias in the fitting procedure 

(see also Rovamo, Leinonen et al. 1984). 

In summary, we found that neurons well-described by the LN model had stereotyped 

preferred directions, rendering these neurons chromaticity-tuned (sensitive to approximately equal 

but opposite modulations of L- and M-cones) or luminance-tuned (sensitive to approximately 

equal, non-opponent modulations of L- and M-cones). This structure in the distribution of 

preferred color directions does not arise from our stimulus distribution or fitting procedure. Next, 

we discuss differences between luminance- and chromaticity-tuned neurons in contrast sensitivity. 

3.3.1.2 Contrast sensitivity 

A preferred color direction describes a neuron’s relative sensitivity to L- and M-cone 

modulations. Absolute contrast sensitivity can be quantified as the contrast at half-maximum 

response (c50 in eq. 3.2). Analysis of c50 values in preferred color directions showed that 

chromaticity-tuned neurons were more sensitive than luminance-tuned neurons (average c50 

values: 0.08 and 0.25 for chromaticity- and luminance-tuned neurons, respectively; Mann-

Whitney U-test, p = 6.6x10-7; Figure 3.5D). No significant difference in c50 was found between 
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ON- and OFF-luminance neurons (p = 0.32) or between red- and green-preferring neurons (p = 

0.77). Other parameters of the Naka-Rushton function did not differ across the four groups of 

neurons defined in Figure 3.5A (Kruskal-Wallis test on 𝑅���, mean across groups = 16 spikes/sec, 

p = 0.50; 𝑏𝑙, mean across groups = 0.6 spikes/sec, p = 0.40; and N, mean across groups = 3.6, p = 

0.11). 

One possible explanation for the difference in contrast sensitivity between luminance- and 

chromaticity-tuned neurons is differences in RF eccentricity. Visual sensitivity decreases with 

eccentricity and, if the RFs of the luminance-tuned population were more eccentric than the 

chromaticity-tuned population, this might explain their lower sensitivity. However, RF 

eccentricity was similar between luminance-tuned (mean = 4.5 DVA) and chromaticity-tuned 

(mean = 4.2 DVA) groups (Mann-Whitney U-test, p = 0.1). 

Another possible explanation for the greater contrast sensitivity of chromaticity-tuned 

neurons is that their RFs may be larger. Because the stimulus was tailored to each neuron, neurons 

with larger RFs were stimulated with larger stimuli. Large stimuli activate a greater number of 

cones than small stimuli and therefore might drive stronger responses in V1, even at low contrasts. 

Consistent with this explanation, neurons probed with large stimuli tended to have low c50 values 

(data not shown). Moreover, chromaticity-tuned neurons were probed with larger stimuli on 

average (mean = 0.49 DVA2) than luminance-tuned neurons (mean = 0.34 DVA2, Mann-Whitney 

test, p=0.001). These observations are consistent with the idea that chromaticity-tuned neurons are 

more sensitive because they have larger RFs. However, the relationship between stimulus size and 

c50 differed between luminance- and chromaticity-tuned populations (permutation test, p < 0.01, 

see Methods). We conclude that contrast sensitivity increases with stimulus size, but that this 
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relationship is different for luminance- and chromaticity-tuned populations and therefore does not 

account for the difference in contrast sensitivity between them. 

3.3.2 Color-luminance neurons 

Although most of the V1 neurons that we studied were well-described by the LN model, a 

substantial minority was not. A prominent feature of this minority is that they lacked a null axis—

an axis through color space in which stimulus modulation does not drive a spiking response. 

Another prominent feature of these neurons is that they responded to both cone-opponent and non-

opponent modulations. Qualitatively, we observed two varieties of these neurons: those which 

were responsive in every color direction, and those that responded to a broader-than-linear 

collection of stimuli but not in every color direction. We begin by describing neurons in the first 

category. 

3.3.2.1 Omni-directional contrast detectors 

Forty of the 118 neurons we studied were better fit by the LNLN model than the LN model 

based on our normalized log-likelihood criterion. Ten of these 40 neurons responded to 

modulations in every color direction tested, as exemplified by the neuron in Figure 3.6. Spike-

triggered averaging for this neuron revealed a modest sensitivity to luminance modulation and no 

sensitivity to chromatic modulation (Figure 3.6A). Nevertheless, when the RF center was probed 

with punctate flashes, the neuron responded robustly to modulations in every color direction 

(Figure 3.6B & 3.6C). The responses of this neuron were poorly explained by the LN model 

(normalized log-likelihood = 0.62) but were well explained by the LNLN model (normalized log-

likelihood = 0.88). This result shows that this neuron does not combine cone signals as a weighted 

sum. 
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Figure 3.6 Example omni-directional LNLN neuron.  
Conventions are as in Figure 3.3. Arrows in (C) show the orientation of the axes from the 
model fit. 
 

For the 10 neurons that responded to modulations in all color directions, as in Figure 3.6, 

a single preferred color direction carries little information. On the other hand, the orientation of 

the symmetric (N𝐴𝐵O) and asymmetric (N 𝐵−𝐴O) axes from the LNLN model fit (Eq. 3.4) is informative 

because contrast sensitivity in these two directions specify contrast sensitivity in all directions. 

The distinction between these two axes is nearly arbitrary for these neurons because they respond 

to modulation in all color directions, so we represent the orientation of both axes using a single 

90° wedge.  

The distribution of axes was tightly clustered with a mode at ~45° (Figure 3.7A). This 

result shows that L+M and L-M axes provide a natural basis for describing the responses of 

neurons that are broadly tuned for L- and M-cone contrast modulations. We verified that the 

observed structure in orientations of these axes was not due to the stimulus distribution or fitting 

procedure through simulation (data not shown). 

These color-luminance-tuned neurons, like the population of neurons that were well 

described by the LN model, were more sensitive to chromatic modulations than luminance 
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modulations (average c50 values 0.13 vs. 0.22, Wilcoxon test, p = 0.011) (Figure 3.7B). This 

comparison was conducted within-neuron, thus stimuli were matched for size and retinal 

eccentricity in this analysis. 

 
 
Figure 3.7 Population of omni-directional LNLN neurons.  
A: Principal axes of omni-directional neurons. Left: Orientations of axes from model fits 
are shown as a polar histogram. Right: Data from two example neurons. Conventions as in 
Figure 3. B: Contrast sensitivity as a function of color direction. Average c50 values (thick 
black line), standard deviation (gray shading), and traces for individual neurons (thin black 
lines) are shown. 

3.3.2.2 Multi-directional contrast detectors 

The remaining 30 of the 40 neurons that were well fit by the LNLN model responded to a 

broader-than-linear set of stimuli but not to modulations in every color direction, as shown by an 

example neuron (Figure 3.8). On average, this neuron was excited by OFF-luminance modulation 

in the white noise and suppressed by green modulation, broadly consistent with sensitivity to M-

cone decrements (Figure 3.8A). On the other hand, the neuron’s responses to flashes revealed 

sensitivity in almost every color direction (Figure 3.8B). This color tuning is broader than 

predicted by the LN model, since it responds to green and both polarities of luminance, but not 

quite as broad as that shown in Figure 3.6, which additionally responds to red. 
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Figure 3.8 Example multi-directional LNLN neuron.  
Conventions are as in Figure 3. Arrow in (C) shows the orientation of the ‘U’ from the 
model fit. 
 

 
 
Figure 3.9 Population of multi-directional LNLN neurons.  
A: Principal axes of multi-directional LNLN neurons. Left: Orientations of axes from 
model fits are shown as a polar histogram (dark gray) and as a smoothed density estimate 
(black dotted line). Luminance and chromatic modes (thick colored lines) were identified 
as peaks in the smoothed density estimate. Wedges subtending 45° were centered on each 
mode to classify neurons into four groups. Insets: Data from representative neurons within 
each wedge. Conventions are as in Figure 3. B: Contrast sensitivity as a function of color 
direction. Harmonic mean c50 values (thick black line), standard deviation (gray shading), 
and traces for individual neurons (thin black lines) are shown. 
 

The absence of green responses from this neuron motivates a special case of our already-

constrained LNLN model in which u in Eq. 3.4 was constrained to be 0, resulting in response 
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contours with a ‘U’ shape (Figure 3.8C). The color-tuning of neurons fit by this variant of the 

model was summarized by the orientation of this ‘U’ in the LM plane (Figure 3.9A). Most of the 

neurons in this category were sensitive to all modulations except for red or green (n=17). Neurons 

that were sensitive to all modulations except ON- or OFF-luminance were rarer (n=7). Like the 

other types of neurons that we studied, neurons in this category were more sensitive to chromatic 

modulation than to luminance modulation (c50 values for each neuron calculated for color 

directions within 90° of [A B] (see Eq. 4) 0.16 vs. 0.43, Wilcoxon test, p = 4.1x10-5) (Figure 3.9B). 

3.3.3 Stimulation of multiple RF regions 

In the initial phase of this experiment, we used spatiotemprochromatic white noise to 

identify the structure of V1 RFs. For 103 neurons, we stimulated only one region inside the 

classical RF. For 15 neurons whose STAs revealed different spectral sensitivity in different parts 

of the RF, we stimulated a pair of RF regions in interleaved trials and fit each set of responses 

separately. The LN model provided a good fit to responses produced by stimulation of both regions 

for 9 of these 15 neurons (difference in normalized log-likelihood < 0.08 for both sets of 

responses). For these 9 neurons, the preferred directions of the two RF regions were approximately 

opposite (e.g. Figure 3.10A). One neuron had a pair of RF regions that were each sensitive to one 

polarity of chromatic contrast and both polarities of luminance contrast (Figure 3.10B). This 

neuron was both spatially- and chromatically-opponent, and therefore double-opponent. Other 

double-opponent cells were weakly sensitive to luminance contrast, if at all (Figure 3.10C).  

Five of these 15 neurons, including the example in Figure 3.10C, were better fit by the LN 

model when stimulation was directed to one part of the RF and by the LNLN model when 

stimulation was directed to another part. For these neurons, the improvement in the fit under the 

LNLN model was subtle. The fact that a single neuron could appear better fit by one model or the 
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other, depending on which part of the RF was stimulated, is likely a reflection of biological 

variability combined with a hard threshold for categorization. 

 
 
Figure 3.10 Tuning across receptive field (RF) locations for three example neurons.  
A–C: spike-triggered averages and flashed stimulus shape and location in the RF (blue and 
orange outlines). D–F: Responses and model fits to the flashes at the RF position that 
evoked the stronger responses. G–I: Responses and model fits to flashes at the RF position 
that produced weaker responses. Stimulus-response pairs and model fit conventions as in 
Figure 3. Preferred directions from LN fits are indicated with single arrows. For data sets 
fit by the LNLN model, the single arrow indicates the direction of the [A B] axis. 
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3.3.4 Responses to Gabors and flashes are strongly correlated 

To determine whether our results were specific to the punctate flash stimuli we used, we 

stimulated 14 neurons with punctate flashes and drifting Gabor patches in interleaved trials. The 

correlation between responses to flashes and Gabors was > 0.5 (p < 0.005) for all neurons, 

indicating similar tuning (Figure 3.11A). For neurons that responded strongly to both sets of 

stimuli, the correlation was higher; 11 of 14 neurons responded > 18 spikes/sec for both stimuli, 

and these had r > 0.8 (e.g. Figure 3.11B). The three neurons with lower correlations responded 

weakly to one or both of the two stimuli (e.g. Figure 3.11C). We conclude that the spatial structure 

of the stimuli we used are unlikely to account for the tuning for L- and M-cone modulations we 

observed. 

 
 
Figure 3.11 Responses to flashes and Gabors.  
A: Histogram of correlation coefficients between responses to flashes and Gabors for 14 
neurons.  B and C: Data sets from two example neurons. Conventions are as in Figure 3 
but model fits are not shown. Responses to Gabor patches (filled circles) and symmetrized 
responses to flashes (open circles) are shown at positions in the LM plane corresponding 
to their peak cone contrasts. 
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3.4 DISCUSSION 

To investigate luminance and color processing in primate V1, we presented uniformly 

colored flashes inside the classical RFs of isolated V1 neurons. We found that some neurons 

responded to a single weighted sum of cone signals. These neurons were predominantly tuned for 

luminance or chromatic modulations but rarely for combined luminance and chromatic 

modulations. Neurons that were sensitive to both luminance and chromatic modulations responded 

to a nonlinear combination of two orthogonally weighted sums of cone signals. These two 

weighted sums were consistently the same weighted sums as in the first group. 

This organization for L- and M-cone signals has not been previously observed in V1, and 

three aspects of our study helped to reveal it. First, our study is the first to manipulate L- and M-

cone signals systematically and over a broad range to probe the responses of V1 neurons. Similar 

approaches propelled discoveries in retinal physiology (Pointer, Gauger et al. 1989, Lee, Martin 

et al. 1993) and psychophysics (Virsu, Rovamo et al. 1982, Pointer and Osur 1989, Metha, Vingrys 

et al. 1994, Gegenfurtner and Hawken 1995, Stromeyer, Kronauer et al. 1995, Giulianini and 

Eskew 1998). Second, we presented many stimuli, each repeated a few times as opposed to a 

presenting a few stimuli many times. This approach was necessary to test the LN model, estimate 

its parameters with precision when it fit the data well, and extend it when it failed. Third, we 

considered a broader class of models for describing color tuning in V1 than had been considered 

previously. This allowed us to analyze fitted parameter values for each neuron from an 

appropriately specified model. Fitted parameter values were consistent across neurons and 

comported with psychophysical results (the cardinality of L-M and L+M directions and differences 

in contrast sensitivity in these directions), which gives us confidence that the models described in 
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this paper are useful for understanding luminance and color processing in V1. Below, we discuss 

the implications of our results for neurophysiology, psychophysics, and V1 circuitry. 

3.4.1 Implications for neurophysiology 

 A fundamental problem in visual neurophysiology is that, in the absence of prior 

information, measuring a tuning curve generally requires the presentation of many stimuli, as 

demonstrated by this study. This problem becomes exponentially harder as the dimensionality of 

the stimulus space increases. The results of our study mitigate these data requirements for the 

purposes of measuring tuning in the LM plane. The tuning of most V1 neurons throughout the LM 

plane was largely predictable from responses to luminance and chromatic modulations alone. 

These color directions are therefore preferable to cone-isolating stimuli for characterizing the color 

tuning of V1 neurons. The fact that contrast sensitivity was systematically higher for chromatic 

than luminance stimuli provides a guide to the contrasts needed for efficient neuronal 

characterization in the LM plane. 

3.4.2 V1 neurons are broadly tuned for L- and M-cone modulations 

Although we found none, V1 neurons with narrower-than-linear color tuning have been 

reported previously (Lennie, Krauskopf et al. 1990, Cottaris and De Valois 1998, De Valois, 

Cottaris et al. 2000, Hanazawa, Komatsu et al. 2000, Horwitz and Hass 2012). The apparent 

discrepancy between these studies and ours is due in part to the definition of "narrower-than-

linear". Most previous studies have not distinguished nonlinear cone signal combination from 

nonlinear contrast response functions; in our study, we were able to distinguish these (see also 

Pointer and Pointer 1989). We identified many neurons with nonlinear contrast-response functions, 

which would likely have been classified as having narrower-than-linear tuning in some previous 
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studies, but no neurons that combined L- and M-cone signals nonlinearly to produce narrower-

than-linear color tuning. 

The absence of narrower-than-linear color tuning in our data may also be related to the size 

of the stimulus we used: most previous studies used stimuli that impinged on the extraclassical 

surround. Stimulation of the surround reduces neuronal sensitivity, potentially narrowing tuning 

by reducing responses in stimulus directions to which the surround is sensitive (Ts'o and Gilbert 

1988, Wachtler, Albright et al. 2001, Solomon, Peirce et al. 2004). Although we did not observe 

narrower-than-linear color tuning in response to the drifting Gabors, we tested very few neurons 

with this stimulus (n=14). An additional possibility is that narrower-than-linear color tuning only 

appears in conjunction with S-cone modulation, which is strongly suppressive to some V1 neurons 

(Horwitz and Hass 2012). 

3.4.3 Functional significance of broadly tuned neurons 

Some neurons that we recorded responded to modulations in every direction through the 

LM plane. Understanding how these neurons contribute to vision will require a careful analysis of 

their spatiotemporal tuning. Most neurons in the present study were probed with stimuli of a single 

spatiotemporal structure, so our data provide little ground for speculation on this point. However, 

several previous studies have reported neurons that respond to both luminance and chromatic 

modulations, and these neurons tended to be orientation- and spatial frequency-tuned (Thorell, De 

Valois et al. 1984, Johnson, Hawken et al. 2004, Conway and Livingstone 2006). A likely 

possibility is that these neurons pool signals across cone-opponent and non-opponent channels to 

achieve a goal for which the distinction between luminance and chromaticity is not useful, for 

example, the identification of edges irrespective of the light spectra on either side of the boundary. 

An important future direction is to relate the responses of broadly tuned V1 neurons to light edges 
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produced by different physical phenomena (e.g. shadows, highlights, changes in material), which 

can be distinguished on the basis of nonlinear combinations of luminance and chromaticity 

gradients (Rovamo, Virsu et al. 1982). 

Some broadly tuned neurons were unresponsive to modulations in a narrow range of color 

directions. Most of these neurons responded to both polarities of luminance (ON and OFF) and 

either red or green. These neurons may contribute to color-luminance interactions observed 

psychophysically (Virsu, Rovamo et al. 1982, Rovamo, Taskinen et al. 1984). Horwitz, 

Chichilnisky et al. (2005) identified a similar class of color-luminance neurons using 

spatiotemporal white noise, and they suggested that these neurons may facilitate blue/yellow 

signals in the presence of luminance contrast. However, we did not find any neurons for which 

luminance modulations clearly facilitated responses to chromatic modulations. Instead, luminance 

modulations were sufficient to drive responses by themselves, inconsistent with facilitation. One 

possibility is that facilitation only occurs in conjunction with S-cone signals, which were not 

modulated in our study.  

3.4.4 Implications for detection psychophysics 

A new result from this study is that luminance sensitivity is lower than chromatic 

sensitivity in V1 neurons. This observation is consistent with the fact that chromatic flashes are 

more easily seen than luminance flashes by humans (Virsu, Rovamo et al. 1982, Chaparro, 

Stromeyer et al. 1993) and monkeys (unpublished observations). It is also consistent with those of 

Koenderink and van Doorn (1978), who found that blood oxygen level dependent responses in V1 

are more closely related to detection thresholds than cone contrast.  

Psychophysical detection thresholds in the LM plane are well-approximated as pairs of 

straight lines orthogonal to the luminance and red-green chromatic mechanism directions (Virsu, 
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Rovamo et al. 1982, Giulianini and Eskew 1998). These properties are consistent with detection 

being mediated by luminance- and chromaticity-tuned V1 neurons exclusively. On the other hand, 

some color-luminance neurons are sufficiently sensitive that they may also contribute to detection 

(for a related result see Hass and Horwitz 2013). 

 
 
Figure 3.12 Proposed hierarchical relationship.  
The responses of multi-directional LNLN neurons may arise from the convergence of three 
LN neurons. The responses of omni-directional LNLN neurons may likewise arise from 
the convergence of a multi-directional LNLN neuron and an LN neuron. 
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3.4.5 Hierarchy of LN and LNLN neurons 

Color-luminance neurons may achieve their broad tuning via convergent input from 

luminance- and chromaticity-tuned V1 neurons. Support for this idea comes from the fact that 

luminance- and chromaticity-tuned neurons combine L- and M-cone signals approximately 

linearly and have nonlinear contrast-response functions. Adding the responses of such neurons 

would be expected to produce the nonlinear color-luminance tuning that we observed. The fact 

that neurons described by the LN model were tuned dominantly for luminance and red-green 

chromaticity is consistent with the orientations of axes from the LNLN model fits. One possibility 

is that the neurons that respond to modulations in all but one direction in the LM plane are an 

intermediate step in the construction of neurons that respond in all directions (Figure 3.12). 

A hierarchical relationship between neurons well fit by the LN and LNLN models is 

consistent with the hierarchical relationship presumed to exist between simple and complex cells. 

V1 simple cells combine cone signals linearly across space, and many of the neurons we recorded 

appeared to be simple cells. We also recorded from presumed complex cells that responded to ON- 

and OFF-luminance modulations throughout their RFs (as assessed from their STAs), although we 

did not perform the F1/F0 measurement needed for a decisive classification. Note that these 

neurons were well fit by the LN model despite their full-wave response rectification due to their 

single preferred color direction. Empirically, only cells that responded to both luminance and 

chromatic modulations were better fit by the LNLN model. These color-luminance-tuned cells 

may combine signals from a population of luminance- and chromaticity-tuned simple cells to 

eliminate information about spatial phase, contrast polarity, and color direction. A critical role for 

double-opponent neurons, many of which appear to be essentially cone-opponent simple cells, 

may therefore be to serve as the building blocks for color-luminance-tuned complex cells. 
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Chapter 4. CONCLUSION 

In the second chapter of my thesis, I discussed the LN model of cone signal combination, 

techniques for estimating a neuron’s preferred direction using its responses to stimuli with various 

distributions, and the transformation of those stimulus distributions and estimated linear 

mechanisms between linearly related color spaces. In the third chapter, I presented my work 

developing quantitative models that describe the spiking responses of V1 neurons to modulation 

in the L- and M-cone photoreceptors. In order to accomplish this goal, I recorded the responses of 

V1 neurons to uniformly colored flashes presented within the classical RF. These flashes were 

designed to modulate the L- and M-cones over a broad range of color directions and contrast levels. 

I found that most V1 neurons combined signals from the L- and M-cones approximately linearly 

under the conditions of my experiment. The vast majority of these neurons were tuned for equal 

modulations of L- and M-cones, rendering them sensitive to luminance but not red-green 

chromaticity, or equal and opposite modulations of L- and M-cones, rendering them sensitive to 

red-green chromaticity and not luminance. Conversely, I found that a substantial minority of V1 

neurons responded to both luminance and color, but that these neurons were poorly described by 

a linear combination of cone signals. Instead, these color-luminance neurons could be described 

by a combination of two linear mechanisms, and that these mechanisms were also tuned for 

luminance and chromaticity. Across the V1 population, I observed a higher sensitivity to chromatic 

modulation than to luminance modulation. I concluded this chapter with the suggestion that these 

neurons are hierarchically related, with color-only and luminance-only neurons converging to form 

color-luminance neurons. 

The overarching goal of my graduate work was to advance our understanding of color 

tuning in V1 neurons. To achieve this goal, I developed quantitative models to connect the activity 



 77 

in cone photoreceptors to spiking responses in V1. In the Introduction, I argued that building and 

a rigorously testing quantitative models of color tuning in V1 requires a large amount of data, and 

that it is difficult to collect a sufficiently broad sampling of 3-dimensional color space under the 

conditions of a single-cell electrophysiology experiment in an awake, behaving monkey. 

Therefore, in order to sample in a sufficiently broad manner, we reduced the dimensionality of the 

full 3-dimensional color space by modulating only the L- and M-cone photoreceptors and leaving 

the activity of the S-cones constant. However, further advancement toward understanding color 

tuning in V1 requires building more comprehensive quantitative models that include contributions 

from the S-cones and predict V1 neuronal responses to arbitrary combinations of cone signals. 

Building quantitative models that are rich enough to describe color tuning in a full 3-

dimensional color space is beyond the scope of my thesis. However, my thesis work can help to 

advance future research toward this goal by taking advantage of the structure in the color tuning 

that I observed in the LM plane. By approaching the task of sampling a fully 3-dimensional color 

space with prior information, it may be possible to reduce the number of stimuli needed to estimate 

color tuning, making such estimation possible under the constraints of an electrophysiology 

experiment in an awake, behaving monkey. 

In particular, I suggest that color-tuning in the LM plane can be estimated efficiently using 

a small number of stimuli allowing experimenters more time to vary other stimulus parameters, 

such as S-cone contrast, to build more comprehensive models of color-tuning. To test this 

hypothesis, I used the recorded responses of V1 neurons from Chapter III of my thesis. For each 

neuron, I subsampled the observed stimulus-response pairs to generate response predictions. 

Generally, I found that different responses were predicted by using different distributions of 
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subsampled stimuli. I assessed the accuracy of different subsampling regimes by comparing the 

responses to all of the stimuli to the response predictions generated by the subset.  

In the analysis that follows, I compared four potential methods for estimating color-tuning 

in the LM plane. These methods employed different subsampling regimes and assumptions about 

color tuning. Here, I describe each of the four methods that I used to estimate color-tuning, the 

subsampling regime employed by each, and associated assumptions. 

The first method is based on a classical technique  for estimating cone weights by fitting a 

linear model to neuronal responses (Lennie, Krauskopf et al. 1990, Johnson, Hawken et al. 2004, 

Solomon, Peirce et al. 2004). This method is typically applied by presenting a small number of 

stimuli in the neuron’s RF—such as an L-, an M-, and an S-cone-isolating stimulus—of arbitrary 

contrast (usually determined by the display gamut), measuring the neuron’s responses to each 

stimulus, and fitting a linear model to the response magnitudes to estimate the weight associated 

with cone-type. This method is built on two assumptions: first, a linear model of cone signal 

combination is an appropriate description of color tuning for all V1 neurons, and second, the 

contrast-response functions of V1 neurons are approximately linear. Our expectation is that this 

method will not be particularly accurate because neither of these assumptions are well founded. 

As demonstrated in Chapter III of my thesis, a linear model is a poor description of many V1 

neurons, and contrast-response functions are not typically linear (average exponent (N) value = 

3.6). To test the accuracy of this method, I used the single L- and M-cone isolating stimuli that 

generated the greatest contrast (Figure 4.1A, orange circles). The responses to these stimuli were 

fit with a linear model of cone signal combination: 

𝑅 = 	𝑚𝑎𝑥 �[𝐿	𝑀] N𝐴𝐵O , 0� + 	𝑢 ∗ 𝑚𝑎𝑥 �
[𝐿	𝑀] N−𝐴−𝐵O , 0�	 (4.1)	

 

E

q. C1 
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where R is the response of the neuron, [L M] is the L- and M-cone contrast of the stimuli, N𝐴𝐵O are 

the weights associated with each cone-type, and 𝑢 represents the neuron’s differential sensitivity 

to each stimulus polarity along the axis N𝐴𝐵O. Response estimates were obtained using maximum 

likelihood, as described in Chapter III. 

 
 
Figure 4.1 Four methods for estimating color tuning in the LM plane. 
Each method is used to fit the responses of an example neuron. (A) A linear model based 
on single cone-isolating stimuli. (B) The LNLN model is freely fit to cone-isolating stimuli 
of various intensities. (C) The LNLN model is freely fit to cardinal luminance and 
chromatic stimuli of various intensities. (D) The LNLN model is fit to cardinal luminance 
and chromatic stimuli of various intensities, and the principal axes are constrained to the 
luminance and chromatic directions. 
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The second method estimates color tuning using neuronal responses to various contrasts of 

cone-isolating stimuli (Figure 4.1B, orange circles). Using a multitude of stimulus contrasts allows 

us to estimate both the linear cone weights and the nonlinear contrast-response function. Like the 

previous method, this second method assumes that the most useful subset of stimuli for estimating 

color tuning are cone-isolating. Unlike the previous method, however, this method does not 

assume that contrast-response functions are linear. To test the accuracy of this method, the 

responses to all L- and M-cone isolating stimuli were fit with the LNLN model (eq. 3.4) using 

maximum likelihood, as described in Chapter III. Because the LN model is a special case of the 

LNLN model, this broader model is able to accurately describe both varieties of neurons. 

The third method estimates color tuning using neuronal responses to various contrasts of 

stimuli along the cardinal luminance and chromatic axes. This third method is identical to the 

second and shares the same assumptions, with the exception that color tuning is more accurately 

estimated using the responses to luminance-only and chromatic-only stimuli than the responses to 

cone-isolating stimuli (Figure 4.1C, orange circles). To test the accuracy of this method, I fit the 

observed responses to luminance-only and chromatic-only modulations with the LNLN model 

using maximum likelihood, as described in Chapter III. 

The fourth method estimates color tuning using the same set of responses as the third 

method. Under the previous three models, the estimated cone weights were freely fit to the data. 

Under the fourth method, however, preferred directions are constrained to align along the 

luminance and chromatic axes. This model is built on the assumption that neurons are sensitive to 

an energy-like combination of luminance and chromatic modulations under the LNLN model and 



 81 

that the color tuning of a V1 neuron may be quickly ascertained from its responses to luminance-

only and chromatic-only modulations (Figure 4.1D, orange circles). 

Each method was used to estimate the responses of all 118 neurons in the population. The 

accuracy of each method was assessed by comparing these response predictions to all of the actual 

observed responses (Figure 4.1). The quality of each response prediction was quantified as the sum 

of squared error (SSE) between all of the observed responses and the predictions. Predictions 

generated by methods 2-4 were generated using approximately the same number of stimulus-

response pairs. 

I found that distributions of SSE values for each of the four methods across all 118 neurons 

were unlikely to come from the same distribution (Kruskal-Wallis H test, p = 4.33x10-4). Here, I 

rank each of these methods according to the average SSE values across the population. The first 

method, which predicted responses using only four cone-isolating stimuli (Figure 4.1A), generated 

the highest average SSE values (mean SSE = 1.4x104). The relatively poor performance of this 

method is not unexpected, however, as it is based on the fewest observed responses and only 

considers a linear model when generating response predictions. The second method, which 

predicted responses based on all of the observed cone-isolating stimuli (Figure 4.1B), generated 

the second highest average SSE values (mean SSE = 7.8x103). The distribution of SSE values 

generated using method 2 was substantially lower than those generated using the method 1 (paired 

t-test, p-value = 0.16, Figure 4.2A). This improvement in performance is likely due to the facts 

that response predictions were generated using a greater number of observed responses and fit with 

the more flexible LNLN model. The third method, which predicted responses based on a multitude 

of cardinal luminance and chromatic modulations (Figure 4.1C), generated the third highest 

average SSE values (mean SSE = 4.2x103).  The distribution of SSE value generated using method 
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3 was significantly lower than those generated using the method 2 (paired t-test, p-value = 1.4x10-

4, Figure 4.2B). The fourth method, which predicted responses using an LNLN model whose 

asymmetric and symmetric axes were aligned to the luminance and chromatic directions (Figure 

4.1D), generated the lowest SSE values (mean SSE = 3.8x103). The distribution of SSE values 

generated using method 4 was significantly lower than those generated using the method 3 (paired 

t-test, p-value = 0.055, Figure 4.2C). Of the four considered methods, this one performed the best, 

despite being based on the same amount of data as the second and third methods and being 

constrained by greater assumptions (fixed axes vs fit axes). 

 
 
Figure 4.2 Comparing color tuning estimation methods. 
Log SSE for all 118 neurons using methods 1 and 2. Dotted line is unity line. (B) Log SSE 
for all 118 neurons using methods 2 and 3. (C) Log SSE for all 118 neurons using methods 
3 and 4. 
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sums were consistently aligned along the luminance and chromatic axes. Using this method, 

researcher can assess the color tuning of neurons in the LM plane quickly and efficiently by 

sampling the responses to a small number of stimuli along the luminance and chromatic axes and 

fitting their responses with a model that assumes that the principal axes are oriented in these same 

directions. This economy gives experimenters more time to present other stimuli, such as those 

that modulate the S-cones. For example, a future experiment might quickly estimate color tuning 

in the LM plane, then use the remainder of experimental time to estimate color tuning in another 

2-dimensional slices of color space, such as the SM or the SL planes. Building a comprehensive 

3-dimensional quantitative model of cone signal combination in V1 will be challenging, but we 

have demonstrated that a high density but lower-dimensional approach can help to advance this 

work by exposing structure that would likely be missed from sparser, higher-dimensional 

sampling. This strategy will undoubtedly reveal additional patterns in color tuning that will shed 

light on the mechanisms of color vision.  
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