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ABSTRACT

COMPUTATIONAL PRINCIPLES UNDERLYING CONTEXTUAL MODULATIONS IN

VISUAL PERCEPTION

Jiang Mao

Alan A. Stocker

Perception is constantly modulated by context, including temporal context, spatial context, struc-

tural context, etc. The same stimulus may be perceived differently under different contexts. Study-

ing the contextual modulation of perception may provides deep insight into the computational

principles of the sensory system. The present thesis sheds light on the computational principles

underlying these contextual modulation. In Chapter 2, I test the efficient coding principle dur-

ing sensory adaptation (temporal context). I measure the orientation discrimination threshold in

human observers and extract the difference in coding accuracy under different adaptation states.

By comparing the extracted coding accuracy with the image statistics analyzed from the retinal

input of freely behaving human subjects under natural conditions and the Fisher information in

a recurrent neural network trained on natural scene videos to predict the next frame while per-

forming the same task as human subjects, I provide evidence for the efficient coding explanation of

the adaptation effect, namely, adaptation to the recent history of sensory input establishes efficient

sensory representations for the next expected sensory input. In Chapter 3, I present results on

the structural context in visual orientation perception. I propose a holistic matching model that

assumes perception is a holistic inference process that simultaneously operates at all levels of the

representational hierarchy. Validation against multiple existing psychophysical datasets and data

from a new psychophysical experiment demonstrates that compared to previous models, our model

provides a quantitatively accurate and detailed description of subjects’ behavior, which includes

categorical contextual effects that previous models have failed to even qualitatively account for. I

also show that the model generalizes to other features and thus offers a universal explanation for

categorical contextual modulation in low-level sensory perception. Together, this thesis advances
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our understanding of visual perception under contextual modulations and provides insight into

the underlying computational principles from a normative perspective on both the encoding and

decoding process of perception.
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CHAPTER 1

BACKGROUND

Perception of s stimulus feature never occurs in isolation. It is always influenced by the context

within which the stimulus presents itself, including temporal context (Gibson and Radner, 1937;

Muller et al., 1999), spatial context (O’Toole and Wenderoth, 1977), structural context (Young et al.,

1987; Gershman et al., 2016; Liberman et al., 1957; Bae et al., 2015), the task sequence (Jazayeri

and Movshon, 2007; Bronfman et al., 2015), etc. Many famous visual illusions take advantage of the

fact that our visual system relies on context when perceiving a target stimulus feature. For example,

a dark square brightly illuminated and a white square in the shadow can have the same brightness,

but people inevitably see them as different colors due to the spatial context of the average brightness

around them. This characteristic of our visual system may seem suboptimal in these situations.

However, because there are intrinsic regularities in the natural world, incorporating context as a

way of utilizing these regularities can improve our perception, whereas these illusions either require

people to disregard the context or are artificially designed to break the natural regularities. Early

studies in visual perception tend to isolate perception from the context by using a uniform neutral

background when presenting the stimulus or by averaging out the context by randomizing the trial

sequence. This approach was initially suitable for studying the “basic” perception because taking

context into consideration can be complicated. More recently, however, research has been focused

on contextual modulations to start to understand the adaptive computation involved in contextual

perception. For example, task sequence can lead to confirmation bias where people’s percept is

biased to be more consistent with their own previous judgment (Jazayeri and Movshon, 2007), and

Luu and Stocker (2018) showed that confirmation bias can be accounted for by a self-consistent

Bayesian observer model with a prior consistent with the previous categorical judgment.

In this dissertation, I studied the influence of context on visual perception, mainly focusing on the

temporal context and the structural context. Temporal context refers to the previous sensory input

within a period of time prior to the present. The temporal contextual effect is commonly referred to
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as adaptation, a series of changes in neural responses and behaviors following prolonged exposure to

the same stimulus. Adaptation has been an important probe into the sensory representation and the

dynamic coding principles of the visual system. However, many previous experiments were done with

limited conditions and some questions remain unclear. In this dissertation, I ran a psychophysical

experiment on visual orientation adaptation with the test stimulus spanning the entire orientation

range and with a properly controlled null-adaptation condition, extracted the coding accuracy with

an information theoretic data analysis, and tested the efficient coding hypothesis of adaptation using

natural scene statistics and a recurrent neural network.

Structural context refers to the hierarchical structure a stimulus or a feature is in. It can be the

grouping of multiple objects into a whole or the categorical identity of a feature. In particular, the

categorical structure has been shown to influence many different perceptual features and has been

studied extensively. However, there has not been a normative computational model of the structural

contextual effect that both captures the hierarchical nature of the structural context and successfully

explains the categorical biases. I proposed a holistic matching model that assumes that perception is

a holistic inference process that simultaneously operates at all levels of the representational hierarchy

and showed that it accurately accounts for the distribution of response from previous experiments,

and successfully predicts biases that seem counter-intuitive under non-categorical estimation models.

1.1. Temporal Context

When you stare at a video of a moving waterfall for 30 seconds and then the video pauses, the wa-

terfall will look like it is moving upward (Crane, 1988). This famous waterfall illusion demonstrates

that our perception is heavily influenced by the temporal context, which is the sensory input we

receive prior to the current stimulus. Both the neural representation of the sensory information

and the perceptual behavior change with the temporal context. These changes are referred to as

adaptation.

On the behavioral level, prolonged exposure to visual stimuli leads to systematic changes in the

detection, discrimination and estimation of subsequent stimuli. These changes have been found in

various domains of visual perception, including contrast (Hammett et al., 1994; Webster and Miya-
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hara, 1997), orientation (Gibson and Radner, 1937; Regan and Beverley, 1985), direction (Phinney

et al., 1997; Schrater and Simoncelli, 1998), face perception (Webster et al., 2004), etc. After adap-

tation, detection is selectively impaired for subsequent stimuli similar to the adaptor due to reduced

neural responsivity to the adaptor (Blakemore and Campbell, 1969; Blakemore and Nachmias, 1971;

Regan and Beverley, 1983). Discrimination, however, improves for stimuli similar to the adaptor,

but is impaired for stimuli more different from the adaptor (Regan and Beverley, 1983, 1985; Phin-

ney et al., 1997; Clifford et al., 2001; Stocker and Simoncelli, 2004). For estimation, adaptation leads

to a repulsive bias near the adaptor, and for circular variable like orientation and motion direction,

a smaller, narrower attractive bias far from the adaptor (Gibson and Radner, 1937; Mitchell and

Muir, 1976; Clifford et al., 2000; Schrater and Simoncelli, 1998; Blakemore et al., 1970; Stocker and

Simoncelli, 2009; Webster et al., 2004).

On the neural level, adaptation leads to reduced neural responsivity and changes in the shapes

of the tuning curves, noise properties, and correlation between neurons (Kohn, 2007), and these

changes could be different depending on the feature and the adaptation time. For adaptation to

orientation, the amplitudes of neurons whose preferred orientations are close to the adaptor are

reduced after adaptation, and their preferred orientations also shift away from the adaptor (Muller

et al., 1999; Dragoi et al., 2000; Patterson et al., 2013). The bandwidths of tuning curves that

peak around the adaptor increase after adaptation (Dragoi et al., 2000), but some studies also

show that tuning curves sharpen around the adaptor (Muller et al., 1999; Patterson et al., 2013).

Neurons with preferred orientations close to the adaptor have also been found to be less noisy

after adaptation (Muller et al., 1999). From simultaneous recordings of multiple units, Gutnisky

and Dragoi (2008) found that signal correlation, noise correlation, and the variability of correlation

decrease after adaptation, and Fisher information increases both near and opposite of the adaptor.

Besides adapting to a single feature value, studies have shown that the sensory system also adapts

to stimulus statistics such as the mean or range of variations of the stimulus. Photoreceptors adjust

their dynamic ranges according to the mean light intensity (Normann and Perlman, 1979). Retinal

ganglion cells change their sensitivity to match the contrast in the visual environment (Baccus and

Meister, 2002). Motion-sensitive H1 neurons in flies adjust their dynamic ranges to match the range
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of variation in the stimulus (Brenner et al., 2000; Fairhall et al., 2001).

These changes in perceptual behavior and neural representation with temporal context are not

arbitrary. Many different coding principles have been proposed to explain the adaptation effect.

One of the most prominent hypotheses is efficient coding, which argues that the system maximizes

the amount of information it encodes about the sensory input under certain biological constraints

(Barlow et al., 1961; Wainwright, 1999; Brenner et al., 2000; Sharpee et al., 2014). An idea derived

from efficient coding is histogram equalization, which states that the probability of different neural

response level are the same (Laughlin, 1981; Fairhall et al., 2001). However, it can be difficult

to rigorously test the efficient coding hypothesis, because it requires a measurement of the neural

code that is comprehensive enough to calculate the information in the neural system. Redundancy

reduction is also a coding principle commonly considered in adaptation, where each neuron should

fire as independent of each other as possible (Barlow et al., 1961; Laughlin, 1989; Atick and Redlich,

1990). Reducing redundancy can achieve efficient coding in the small noise regime. However, when

the noise is large, redundancy might be preferable in terms of conveying the most information

(Atick and Redlich, 1990; Kastner et al., 2015). Another coding principle related to redundancy

reduction is predictive coding, which hypothesizes that instead of representing the input directly,

the neural system makes prediction of the input and represents the prediction error between the

input and the prediction (Rao and Ballard, 1999; Aitchison and Lengyel, 2017). Instead of focusing

on an accurate representation, Wei et al. (2015); Młynarski and Hermundstad (2018, 2021) proposed

adaptive coding schemes that are optimized for inference, or decoding, to account for adaptation in

a dynamic environment. Besides the above normative explanations, another common mechanistic

explanation of adaptation is fatigue, an intrinsic suppression of neuronal activities after being active

for a prolonged period of time (Maffei et al., 1973; Albrecht et al., 1984; Ohzawa et al., 1985). Vinken

et al. (2020) showed that complex neural and behavioral adaptation phenomena can emerge from a

cascade of intrinsic suppression through a feedforward neural network by incorporating exponentially

decaying fatigue into every unit of AlexNet, a deep neural network trained to recognize objects.

Efficient coding being the most prominent hypothesis among the coding principles of adaptation,
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rigorously testing it in terms of information is an important question that attracts much attention

of the field of neuroscience (Schwartz et al., 2007; Gutnisky and Dragoi, 2008; Seriès et al., 2009).

However, as mentioned above, it can be difficult to calculate the information conveyed by the

neural code based on the neural measurement. One possible method is the simultaneous recording

of neural populations. Compared to measuring tuning curves of individual neurons, this method

can also account for the noise in neural activities and the correlation among neurons, but it is still

limited by the number of neurons that can be recorded simultaneously. Another possible method is

by using fMRI and decoding the stimulus information from trial-by-trial BOLD signal (Van Bergen

et al., 2015). Still, these neural measurements suffer from the ambiguity of the causal role of a

particular neural population in representing the stimulus. However, one can bypass the neural

measurement and use the behavioral measurement of discrimination threshold as a proxy to probe

the encoding principles of adaptation. The more information about the stimulus in the sensory

system, the better the coding accuracy, hence the lower the discrimination threshold (Fechner,

1966). It can be analytically proven that the discrimination threshold is inversely proportional to

the Fisher information in the neural representation when the noise is small (Seriès et al., 2009; Wei

and Stocker, 2017). By behaviorally measuring the discrimination threshold, one can compute the

Fisher information and directly probe the efficient coding hypothesis of adaptation.

In Chapter 2 of this dissertation, I will present psychophysical results of discrimination threshold

before and after adapting to visual orientations and the Fisher information extracted from the

measured discrimination threshold. Previous experiments measuring discrimination thresholds after

adaptation either did not measure the entire stimulus range, or measure the same test orientation

while adapting to different adaptor orientation, neither of which allows the extraction of Fisher

information. I was able to derive a universal adaptation kernel that can describe the encoding

changes after adapting to any arbitrary orientation. Furthermore, I tested the efficient coding

hypothesis of adaptation using natural scene statistics and a recurrent neural network inspired by

predictive coding optimized to do video prediction.
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1.2. Structural Context

The visual scene is not a plain collection of individual features. Features are organized by spatial,

temporal and categorical structures. Some features or objects belong to certain groups or categories;

some tend to be arranged in a certain way and fall into a relatively fixed scheme or template. The

representation of these structural contexts aids and influences the perception of individual features

in multiple ways.

For example, faces are highly structured visual stimuli that people have extensive exposure to since

birth. Many studies have shown that people have holistic processing of faces and the perception of

the whole face as a structural context influences the perception of parts. For example, the composite

face illusion where people fail to identify identical top halves of a face when the bottom halves are

different implies that the features of a face cannot be perceived in isolation of the face as a whole

(Young et al., 1987; Hole, 1994; Rossion, 2013). The face inversion effect shows that presenting a

face upside-down impairs people’s perception of metric distances between facial features (Rhodes

et al., 1993; Rossion, 2008), reflecting a disruption of the perception of the configuration or structure.

Interestingly, face inversion can also reduce or completely break the composite face illusion (Hole,

1994; Goffaux and Rossion, 2006), suggesting an intact percept of features when the structural

context is disrupted. These effects show that the face, as a prevalent structural context, exerts an

substantial impact on the perception of its features.

Another example of structural context is the structure of motion. It carries important information

about the environment that aids behaviors such as navigation, prediction, tracking, and pursuit.

Imagine a person walking on a moving train: the train and the person together move towards one

direction at a high speed; on top of that, the person moves relative to the train; and the limbs of the

person move relative to the body in a stereotypical biological motion. Representing the motion of

each component in the hierarchy of motion structure can be much more informative and easier than

representing the absolute motion of each object in isolation. Actually, people are so good at utilizing

the structure of motion to the point where it can be difficult to unsee the structure, and the percept

of individual motion can be greatly influenced by the motion structure. A classic demonstration
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is the Duncker wheel: two dots move in a way that resembles the hub and one dot on the rim of

a rolling wheel (Duncker, 1938). Although no additional structural information is given, humans

perceive a rolling wheel instead of two individual moving dots. When asked about the peripheral

dot, some people even report a backward motion when it is directly below the hub, although

they could correctly perceive the non-backing motion when the hub is not presented. While the

Gestalt theory of common fate serves as a rudimentary explanation of grouping by motion: objects

that move together are grouped together, some recent studies proposed more detailed normative

computational models to solve the complex problem of hierarchical motion structure perception,

provided normative and quantitative explanations of human motion illusions, and made testable

predictions about motion perception that were later verified (Gershman et al., 2016; Bill et al.,

2020b; Yang et al., 2021; Bill et al., 2022).

A more simple form of structural context is given by the categorical membership of a feature, a

stimulus or an object. The effect of categories has been shown prominently in the perception of

speech sounds (Liberman et al., 1957, 1961), colors (Davidoff et al., 1999; Winawer et al., 2007;

Bae et al., 2015; Hardman et al., 2017), faces (Etcoff and Magee, 1992; Calder et al., 1996; Beale

and Keil, 1995), even artificial categories learned within the process of the experiment (Goldstone,

1994; Goldstone et al., 2001). The categorical effect behaviorally manifests itself mainly in two

ways. First, discrimination is better around the categorical boundaries than near the centers of

the categories (Liberman et al., 1957; Kuhl, 1991; Winawer et al., 2007; Etcoff and Magee, 1992).

The heterogeneity in discrimination accuracy is commonly viewed as a defining characteristics of

categorical perception. Second, the estimation or reproduction of a stimulus is biased away from the

categorical boundaries and towards category centers (Huttenlocher et al., 1991; Bae et al., 2015).

Many models have been proposed to explain the perceptual biases related to the category. One

prominent type of models is the Bayesian inference model that assumes a hierarchical generative

process and that each category has a prior that peaks at the center or the prototype of the category

(Feldman et al., 2009; Kronrod et al., 2016; Landy et al., 2017). By marginalizing over all the

categories, these models are essentially equivalent to a non-hierarchical Bayesian inference model
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with a heterogeneous prior determined by the sum of stimulus priors given each category weighted

by the probability of the category. Another popular group of models assumes that the observer

infers the category of the stimulus first, then makes inference about the feature given the inferred

category, therefore deviates from the normative formulation (Bae et al., 2015; Stocker and Simoncelli,

2007; Luu and Stocker, 2018). The prototype model can be seen as a simplified version of the

Bayesian model, where category prototypes exert a pull on nearby stimulus, resulting in an attractive

bias towards them (Grieser and Kuhl, 1989; Hardman et al., 2017). Besides the Bayesian models,

other computational models such as the rate-distortion theory (RDT) based model have also been

proposed for the categorical effect Sims et al. (2016).

Several studies have suggested that the perception of visual orientation is affected by a distinction

of the cardinal/oblique categories (Rosielle and Cooper, 2001; Wakita, 2004). Visual search for one

orientation among heterogeneous distractors is more efficient when the target and the distractors

belong to different orientation categories (Wolfe et al., 1992). Differentiating oblique from parallel

or perpendicular relative orientations in objects is easier than differentiating between angles within

the same category (Rosielle and Cooper, 2001). Monkeys trained to discriminate between two

orientations are able to generalize across orientations within the cardinal/oblique categories but

not across categories (Wakita, 2004). The better discrimination at cardinal orientations compared

to oblique orientations seems to be consistent with categorical perception separating clockwise and

counterclockwise relative to vertical. However, the current, most sophisticated computational model

of orientation perception has not taken categories into account (Wei and Stocker, 2015; Taylor and

Bays, 2018). Orientation being one of the most tested features in visual perception, the responses

in classic orientation estimation experiments has not been thoroughly and quantitatively explained

by previous computational models, and some data cannot be even qualitatively accounted for by

estimation models in general. Category, as a simple form of structural context, might play a role.

In Chapter 3 of this dissertation, I proposed a holistic matching model that incorporates the effect

of categorical structure into orientation perception. The holistic matching model assumes that ori-

entation estimation is a matching process that operates on both the feature level and the categorical

8



level. Just like the holistic processing of faces can distort the percept of individual features, or the

representation of motion structure can bias the percept of the composite motion of a single object,

the holistic representation across the entire hierarchy of the feature and its category can lead to

biases in estimating the low-level feature. I will demonstrate the ability of the holistic matching

model to account for the full distribution of the response from existing psychophysical data, and

present new psychophysical experiment results consistent with the predictions of the model which

cannot be qualitatively explained by estimation models.
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CHAPTER 2

PERCEPTUAL ADAPTATION LEADS TO CHANGES IN ENCODING ACCURACY

OPTIMIZED FOR FUTURE SENSORY INPUT

2.1. Abstract

Our visual system continually adapts to its sensory environment. As a result, both the encoding

accuracy of sensory information and perceptual behavior change according to the recent history of

sensory input. Here we tested the hypothesis that adaptation to the recent history of sensory input

optimally prepares the perceptual system for the future, i.e. establishes efficient sensory representa-

tions for the next expected sensory input. We first quantitatively characterized the precise changes

in neural encoding accuracy induced by adaptation by measuring discrimination thresholds for vi-

sual orientation after adaptation in a psychophysical experiment. Using an information theoretic

data analysis, we then extracted the characteristics form of how encoding accuracy changed due

to adaptation as a function of stimulus orientation relative to the adaptor orientation. We found

that encoding accuracy was substantially higher at the adaptor orientation compared to the control

condition. We then asked whether this increase in accuracy at the adaptor orientation is predicted

by the natural visual input statistics. In the retinal input of freely behavior humans subjects under

natural conditions, we found that after a relatively stable visual input over a short time-window, the

distribution of local orientations at fixation in the next frame are peaked at the mean orientation

over the time-window. We further tested the hypothesis with PredNet, a recurrent neural network

trained on natural scene videos to predict the next frame. We input image sequences similar to those

used in the human adaptation experiment and found that PredNet exhibited the same increase in

encoding accuracy at the adaptor orientation as observed in human subjects. Together, our results

suggest that adaptation induced changes in encoding accuracy and perceptual behavior reflect the

visual systems attempt to be best possibly prepared for future sensory input.
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2.2. Introduction

Adaptation has been shown to influence stimulus encoding on the single-neuron level (Dragoi et al.,

2000, 2002; Patterson et al., 2013), the population level (Gutnisky and Dragoi, 2008) and the percep-

tual level (Regan and Beverley, 1985; Clifford et al., 2001; Mitchell and Muir, 1976). Adaptation has

been mainly thought of as an efficient coding mechanism that adjusts the operational regime of the

visual system to optimally represent and process sensory information based on the spatiotemporal

statistical regularities of the recent sensory input (Barlow et al., 1961; Wainwright, 1999; Brenner

et al., 2000; Sharpee et al., 2014). Here we aim to test the efficient coding hypothesis, namely,

adaptation establishes efficient sensory representations for the next expected sensory input.

First, we need to characterize the change in sensory representation after adaptation. Fisher in-

formation represents the coding accuracy of the sensory representation, or the amount of coding

resources allocated to each stimulus. With the assumption of uniformly loose Cramer-Rao bound,

Fisher information can be computed from discrimination threshold (Seriès et al., 2009). So in order

to find out the change in encoding, we can look at the change in discrimination threshold after

adaptation.

Many previous studies have measured the adaptation effect on discrimination threshold, but none

of them measured the impact of adapting to a specific orientation to the entire range of orienta-

tions, which permits the characterization of the distribution of Fisher information among different

orientations. Some have shown that adapting to a single stimulus will decrease the discrimination

threshold at the adaptor, and increase the threshold for stimulus near but different from the adaptor

(Regan and Beverley, 1983, 1985; Clifford et al., 2001; Phinney et al., 1997). For circular variables

like orientation, some studies found that the discrimination threshold also decreases when the test

is opposite of the adaptor (Clifford et al., 2001; Dragoi et al., 2002), but this result is not conclusive

(Westheimer and Gee, 2002; Clifford et al., 2003). However, many studies used different adaptors

with the same test stimulus instead of one adaptors with different test stimulus (Clifford et al.,

2001); some studies used one adaptor and different test stimuli but did not test the entire stimulus

range (Regan and Beverley, 1985). In order to fully characterize the change in sensory representa-
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tion induced by adaptation, one should test the entire stimulus range under the same adaptation

state.

We then asked whether the observed change in sensory representation is efficient for the next

expected sensory stimulus. Coding is efficient when the Fisher information is matched to the

stimulus distribution (Wei and Stocker, 2015). Due to the continuous nature of natural scene, the

next stimulus is likely to be similar to recent history (Dragoi et al., 2002; Felsen et al., 2005; van

Bergen and Jehee, 2019). We analyzed the the spatiotemporal stimulus distributions in natural

scene in retinal coordinate using natural videos recorded simultaneously with the eye movement of

the observer. If the orientation in the next frame is more likely to be similar to the orientation in

recent history at the same retinal location, increased coding accuracy at the adaptor will prove to

be efficient for future sensory input in natural viewing conditions.

The efficient coding hypothesis can be further tested by investigating artificial neural network trained

on natural scene images and videos. Previous studies have shown that deep neural network is able

to pick up natural scene statistics and encode certain stimulus feature efficiently (Benjamin et al.,

2019). In particular, PredNet is a recurrent neural network that predicts the next frame in a video

(Lotter et al., 2016). PredNet was inspired by the concept of “predictive coding” in neuroscience,

with each layer making local predictions of incoming stimuli and forwarding the prediction errors to

the subsequent layer. Previous studies have found that PredNet trained with natural scene videos

perceives similar illusory motion as human (Watanabe et al., 2018; Kobayashi et al., 2022). If Pred-

Net also shows similar adaptation effect as human, because there is no local adaptation mechanism

(e.g. neural gain change), it suggests that the adaptation induced changes in encoding may be

optimal for the perception of incoming stimulus with regard to the spatiotemporal regularities of

natural scene.

In this study, we investigated the change in the distribution of Fisher information after adaptation.

We hypothesize that adaptation reallocates the coding resources, or in other words, changes the

distribution of Fisher information, but does not change the total amount of coding resources, and

the reallocation is the same for different adaptors. We tested the discrimination threshold of visual
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orientation after adapting the participants with stimuli containing certain orientation components.

The adaptors were either oblique adaptors containing only one oblique orientation, or null adaptors

containing all orientations as a control condition. We found that compared to the control condition,

adapting to the oblique adaptor decreases the discrimination threshold at the adaptor orientation

and the orthogonal orientation, and increases the discrimination threshold near the adaptor orien-

tation. By fitting a reallocation model to the data, we found that the total Fisher information is

the same under different adaptation states, and that the reallocation of Fisher information can be

described by a single adaptation kernel for adaptors different orientations, confirming our hypothe-

sis.

Our second hypothesis is that the changes in encoding induced by adaptation is efficient for the

representation of the next stimulus. We analyzed spatiotemporal orientation distributions in retinal

input of freely behavior humans subjects under natural conditions. We found that after a relatively

stable visual input over a short time-window, the distribution of local orientations at fixation in

the next frame are peaked at the mean orientation over the time-window. Thus an increase in

encoding accuracy at the adaptor represents an efficient encoding of the next stimulus under these

natural images statistics. We further tested the hypothesis with the PredNet trained on natural

scene videos. We computed the Fisher information of image orientation in the network after being

presented with short sequence of images with a single orientation (adaptor). PredNet exhibited

the same increase in encoding accuracy at the adaptor orientation as observed in human subjects,

suggesting that this increase is optimal for the representation of future sensory input given the

spatiotemporal image statistics in natural scene.

2.3. Results

2.3.1. Reallocation Model

The representational resource in the perceptual system is limited, and is usually not uniformly

distributed among stimuli. We propose that adaptation reallocates the coding resource among the

stimulus relative to the adaptor without changing the total amount of representational resource.

More specifically, we quantify the representational resource or encoding accuracy with Fisher in-
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Figure 2.1: Reallocation Model. Before adaptation (left), the Fisher information has a certain dis-
tribution in the stimulus, which can be transformed to a uniform distribution in a sensory space.
After adaptation (middle and right), the Fisher information is re-distributed according to an adap-
tation kernel, which takes the same shape for different adaptors but is centered at the respective
orientation.
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formation. Before adaptation, Fisher information is higher around cardinal orientations, leading to

better discriminability at cardinal compared to oblique orientations (Caelli et al., 1983) (Fig. 2.1).

By applying a transformation θ̃ = F (θ) where F is the cumulative distribution of the square root of

Fisher information, we can transform to a sensory space where the distribution of Fisher information

is uniform (Wei and Stocker, 2015). After adapting to a single orientation, the Fisher information

is re-distributed according to an adaptation kernel. We assume that the adaptation kernel, when

formulated in the pre-adaptation sensory space, takes the same shape for different adaptor orien-

tations but is only shifted according to the adaptor. Now, the pre-adaptation sensory space is not

a uniform space any more. Again, we can transform to a post-adaptation sensory space where the

distribution of Fisher information is uniform by going through a transformation Fa that reflects

the adaptation kernel. We assume homogeneous von Mises sensory noise in the uniform sensory

space. In a discrimination task, a noisy sensory measurement is made for each stimulus according

to the sensory noise, and the observer makes an optimal decision by comparing the percept of the

test stimulus and the comparison stimulus (see Methods). The resulting discrimination threshold

reflects the distribution of Fisher information in the sensory representation (Seriès et al., 2009).

2.3.2. Experiment

We measured observers’ discrimination threshold to orientation under different adaptation states

with a 2AFC discrimination task (Fig 2.2a). At the beginning of each block, participants viewed the

adaptor for one minute. Then in each trial, there was a top-up adaptation of 5s before the test and

comparison stimuli were presented. Participants responded which stimulus was more clockwise (or

counterclockwise). We tested two types of adaptors. The oblique adaptor is white noise filtered with

spatial frequency band and a narrow orientation band. The control adaptor is white noise filtered

with the same spatial frequency band but contains all the orientations. We tested two oblique

adaptors: 45 deg and 22.5 deg. We set the adaptor orientation to be oblique instead of cardinal

to avoid possible ceiling effect because discrimination threshold is the lowest at cardinal without

adaptation (Caelli et al., 1983) and is expected to lower if adapting there (Regan and Beverley,

1985; Clifford et al., 2001).
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Figure 2.2: Experiment procedure and psychometric curves. (a) Experiment procedure. At the
beginning of each block, there was an adaptation period of 1 minute. At the beginning of each
trial, there was a top-up adaptation of 5s. Then participants viewed two oriented gratings and
responded which one is more clockwise or counterclockwise. There were two types of adaptor:
the control adaptor and oblique adaptor. (b) Data and fitted psychometric curves for one example
subject. Compared to the control adaptor (blue), after adapting to the oblique adaptor (orange), the
psychometric curve becomes steeper when the test is at the adaptor or orthogonal to the adaptor.
The size of data points indicates the number of trials. Shaded areas represent 95% confidence
intervals from 1000 bootstrap samples of the data.
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adaptor. Error bars represent 95% confidence intervals from 1000 bootstrap samples of the data.

We fitted psychometric curves to the 2AFC experiment data (Fig. 2.2b), and extracted 75% dis-

crimination thresholds (Fig. 2.3). In the control condition, discrimination threshold was lowest at

cardinal orientation as shown in previous studies (Caelli et al., 1983). Compared to the control

condition, after adapting to a single-orientation adaptor, the discrimination threshold decreased at

the adaptor and increased slightly away from the adaptor, which is consistent with previous studies

(Regan and Beverley, 1985; Clifford et al., 2001). The discrimination threshold at the orientation

orthogonal to the adaptor also decreased after adaptation, which has not been consistently shown

in previous studies (Clifford et al., 2001; Westheimer and Gee, 2002; Clifford et al., 2003; Dragoi

et al., 2002). These results are consistent for both 45 deg and 22.5 deg adaptors and across subjects

(Fig 2.4).

2.3.3. Model Fit and Comparison

As shown in the previous section, discriminability improves after adaptation both at the adaptor

and orthogonal to the adaptor. So we assume that the adaptation kernel, which determines the

ratio of Fisher information after and before adaptation in the pre-adaptation sensory space, has

two peaks at and orthogonal to the adaptor respectively, and the same adaptation kernel applies
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Figure 2.4: Discrimination threshold data and model fits for individual subjects. Most subjects
show decreased threshold at and orthogonal to the adaptor, and increased threshold away from
adaptor. Error bars represent 95% confidence intervals from 1000 bootstrap samples of the data.
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to both 45 deg and 22.5 deg adaptors. We also assume that the total Fisher information does

not change after adaptation, meaning the average sensory noise as expressed by the width of the

sensory measurement distribution in the uniform sensory space remains constant. We fit the model

individually to each subject. We first fit to the control adaptor condition, which determines the

average sensory noise and the distribution of Fisher information before adaptation. Then we fit to

the 45 deg and 22.5 deg adaptor conditions jointly to determine the adaptation kernel.

Figure 2.3 shows the mean discrimination threshold across subjects predicted by the model, and

Figure 2.4 shows the fit to individual subjects. The model can fit not only the improvement of

discrimination at the adaptor and orthogonal to the adaptor, but also the increased discrimina-

tion threshold at test orientations slightly different from the adaptors. We compare the current

model (2-peak) with a model that assumes coding improvement only at the adaptor, which means

the adaptation kernel only has one peak (1-peak), a two-peak model that allows the total Fisher

information to change after adaptation (2-peak + Fisher), and a two-peak model that allows the

adaptation kernel to be different for different adaptor orientations (2-peak + kernel)(Fig. 2.5). When

penalized for the number of free parameters, the 2-peak model fits the data best for most partici-

pants (Fig. 2.5a). When the total Fisher information is allowed to change, the fitted total Fisher

information under control and oblique adaptation is very similar, validating our hypothesis that

the total representation resource is fixed and does not change with the adaptation state (Fig. 2.5b).

When the adaptation kernels for different oblique adaptors are allowed to be different, the fitted

kernels are similar to each other and to the kernel when constrained to be the same for different

oblique adaptors (Fig. 2.5c), suggesting that the sensory system adapts to different adaptors in the

same way, with the same adaptation kernel.

2.3.4. Natural Scene Statistics

We proposed that adaptation changes the encoding of stimulus due to efficient coding of the up-

coming stimulus. Natural scene is continuous in time and space, so the next stimulus is bound

to be similar to the previous stimulus (Dragoi et al., 2002; van Bergen and Jehee, 2019). If the

stimulus is stable for a relatively long time, the next stimulus might be more likely to be the same,
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Figure 2.5: Model comparison. (a) BIC of different models relative to the 2-peak model for each
subject. Most subjects are best described by the 2-peak model. (b) Total Fisher information for
each subject under control and oblique adaptor condition when they are allowed to vary separately
(2-peak + Fisher model). All subjects fall close to the unity line, suggesting that adaptation
state does not alter the total coding resources. Error bars represent 95% confidence intervals from
100 bootstrap samples of the data. (c) Adaptation kernels for each subject fitted to 45 deg adaptor
(dashed line), 22.5 deg adaptor (dotted line), and both combined (solid line). The kernels are similar
within most subjects, suggesting that adaptation kernel is the same for adaptors with different
orientations. Different colors represent different subjects as in Fig. 2.4.
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Figure 2.6: Natural scene video dataset and the steerable pyramid. (a) We extracted the area
centered at the fixation from each frame of the natural scene videos and examined the next frame
as future sensory input based on a recent short-term history. (b) The steerable pyramid with
Kth-order directional derivative operators decomposes an image into K+1 orientation channels on
multiple spatial frequency subbands. Shown are the decomposition of an image into three spatial
frequency subbands with 1st-order directional derivative operators and the low-pass residual. (c)
The response of the image to the filter on the second subbbands steered to different orientations.
By steering the orientation filter, we can compute the strength of any orientation at every position
of the image. Video frames are from an unpublished dataset from Constantin Rothkopf.
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so accordingly increasing the coding accuracy for stimulus similar to the adaptor would be efficient.

In order to verify this hypothesis, we examined the natural scene videos filmed with head-fixed cam-

era by people walking in the woods with their eye-movement recorded (unpublished dataset from

Constantin Rothkopf). We extracted a 6*6 deg patch at the center of fixation from each frame,

and examined the orientation in the next frame relative to a recent history of 3 seconds (Fig. 2.6a).

We extracted the orientation at each position using the steerable pyramid (Simoncelli and Free-

man, 1995). The steerable pyramid is a linear multi-scale, multi-orientation image decomposition

tool. The basis functions of the steerable pyramid are Kth-order directional derivative operators.

It decomposes the image into a pyramid of multiple spatial frequency subbands and K+1 orien-

tation channels (Fig. 2.6b). The decomposition is steerable in that the image can be equivalently

decomposed with rotated basis functions without artifacts. The steerable pyramid allows us to

extract local orientations at different spatial frequency levels by rotating the orientation filters and

looking for the rotation angle that results in the largest value at each position (Fig. 2.6c). After

extracting the orientation at each position of each frame, we then computed the mean and variance

of orientation within a short-term history of 3s and find the time and position where the variance

over the short history is small (circular variance smaller than 0.1). We calculated the difference of

the orientation in the next frame and the mean orientation in the recent short-term history, and

found that the orientation at the same position in the next frame is mostly likely to be similar to

the mean orientation in the immediate past (Fig. 2.7). The smaller the history variance, the more

concentrated the distribution of the next orientation, and this is consistent across spatial frequency

levels (Fig. 2.8). Such statistical regularity implies that reallocating Fisher information towards the

adaptor is consistent with the efficient coding hypothesis in natural viewing conditions.

2.3.5. Predictive Neural Network

We further tested the hypothesis that adaptation optimally prepares the perceptual system for the

future with PredNet, a recurrent neural network trained on natural scene videos to predict the next

frame (Lotter et al., 2016). PredNet was inspired by the concept of “predictive coding” in neuro-

science, which assumes that the neural system does not directly encode the input; instead, it makes

prediction about the input and represent its deviation from the true input, usually with top-down
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Figure 2.7: Distribution of orientation in the next frame relative to history mean when the variance
of orientation during the immediate past is small in natural scene. The distribution centers narrowly
around zero, showing that the future sensory input is very likely to be similar to a stable recent
history. Data are analyzed from an unpublished dataset from Constantin Rothkopf.
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Figure 2.8: Distribution of orientation in the next frame relative to history mean for different spatial
frequencies and different history variance. The three spatial frequency levels were calculated from
level 2 to 4 of the steerable pyramid. Variance are circular variance ranging from 0 to 1 and binned
into bins of 0.2. For all spatial frequency levels, the distribution of orientation in the next frame is
more concentrated around the history mean as the variance becomes smaller.
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Figure 2.9: PredNet architecture and adaptation experiment in PredNet. (a) Architecture of Pred-
Net (Lotter et al., 2016). Each layer of PredNet consists of four sub-layers: a representation layer
(Rl), a prediction layer (Âl), an input or target layer (Al), and an error layer (El). The repre-
sentation layer takes feedback from the error layer and the higher representation layer and makes
predictions about the next input. The error layer takes the difference between the prediction and
the input and passes on to the next layer. The network used in this paper has four large layers
in total. (b) Adaptation experiment in PredNet. In each trial, PredNet is presented with four
frames of adaptor followed by one frame of test stimulus. There are three types of adaptors: control
adaptor, 45 deg and 22.5 deg adaptors. Test stimuli are filtered white noise patterns with different
orientations.
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connections conveying local predictions of incoming stimuli and bottom-up signals of the deviations

from the predictions. There are four sub-layers in each layer of PredNet: a recurrent representation

layer (Rl), a prediction layer (Âl), an input or target layer (Al), and an error layer (El) (Fig. 2.9a).

The representation layer takes feedback from the error layer and the higher representation layer and

generates predictions of the input layer; the error layer calculates the deviation of the prediction

layer from the input layer and passes on to the next input layer. We measured the adaptation effect

in PredNet by running an experiment similar to the human experiment on the network (Fig. 2.9b).

We input a sequence of adaptor frames followed by a test frame, then we computed the Fisher

information in the lowest representation layer in response to different orientations in the test frame,

and compared results for different adaptors. Because PredNet does not have any built-in local

adaptation mechanism (e.g. neural gain change), any adaptation effect we may observe in PredNet

is due to the statistical regularities in natural videos and the task of the network to best predict

the next frame.

We took the PredNet pretrained by Lotter et al. (2016) using natural videos from the KITTI

dataset (Geiger et al., 2013). Similar to the human experiment, we tested three different adaptors:

the control adaptor containing all orientations, and the oblique adaptors containing only 45 or

22.5 deg orientation; and the test images were noise patterns with different orientations (Fig. 2.9b).

We computed the Fisher information to different orientations θ in each adaptation conditions using

the activation f(θ) in the first representation layer (R1) in response to the test frame assuming

independent Gaussian noise (Fig. 2.10a):

J(θ) =

∥∥∥∥∂f∂θ
∥∥∥∥2
2

. (2.1)

Similar to the results from human subjects, in the control condition, PredNet has higher Fisher

information at cardinal orientations and lower Fisher information around oblique orientations; after

adapting to an oriented adaptor, Fisher information exhibits a peak around the adaptor orientation.

Finally, we computed the ratio of Fisher information between the oblique adaptor conditions and

the control adaptor condition (Fig. 2.10b). We found that after adapting to a single orientation,
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Figure 2.10: Fisher information recovered from the first representational layer of PredNet after
adaptation. (a) Normalized square root of Fisher information averaged across test sequences. In
the control condition, Fisher information is higher at cardinal orientations; after adapting to a single
orientation, Fisher information near the adaptor is the highest. (b) Ratio of mean normalized square
root of Fisher information between adapting to oriented versus control adaptor. Compared to the
control condition, Fisher information is higher at the adaptor orientation and lower away from the
adaptor, which is consistent with human behavior. Shaded areas represent 95% confidence intervals
from 1000 bootstrap samples of the data.
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the Fisher information in PredNet increases at the adaptor and decreases away from the adaptor

compared to the control condition. Thus PredNet exhibits similar adaptation effect to human

observers. This suggests that the reallocation of Fisher information towards the adaptor is beneficial

for the representation of the next stimulus.

2.4. Discussion

We measured the discrimination threshold of orientation across the entire range of orientation after

adapting to a single adaptor, and extracted the change in coding accuracy after adapting to different

adaptors. We found that after adapting to a single orientation, discrimination decreased (Fisher

information increased) at the adaptor and opposite of the adaptor compared to adapting to a

control adaptor. Further modeling of the data revealed that one adapting kernel can describe the

change in Fisher information for adaptors of the same format but with different feature values. By

analyzing natural viewing input statistics, we found that increased Fisher information at the adaptor

is efficient for encoding future sensory input in natural viewing condition. By conducting similar

experiment on a recurrent neural network trained to predict the next frame of a video (PredNet), we

showed that the neural network exhibited a reallocation of coding resources similar to that of human

observers, which suggested that such resource reallocation is optimal for representing future sensory

input. Previous studies have also measured the adaptation effect on orientation discrimination.

However, some of them only tested orientations close to the adaptor and failed to test the entire

180 deg range (Regan and Beverley, 1985). Others tested the same orientation after adapting to

different orientations (Clifford et al., 2001), with the implicit assumption that adaptation effect

depends on the difference between the adaptor and the test orientation and is invariant to the

absolute orientation, which is explicitly tested by our experiment. The significance of our work lies

in mapping out the changes in encoding accuracy across the entire feature space after the system

adapts to a single adaptor, and using a combination of natural scene statistics analysis and recurrent

neural network to verify the efficient coding account of adaptation.

We replicated the debated finding of Clifford et al. (2001) that discrimination threshold decreases

after adapting to the orthogonal orientation with two different adaptor orientations, although this
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effect was not significant for all subjects in all adaptors, and the effect size is smaller than when the

test orientation is the same as the adaptor orientation. We were able to verify the efficient coding

hypothesis for the improved discrimination at the adaptor, but the efficient coding explanation

cannot account for the orthogonal improvement. From a mechanistic point of view, Dragoi et al.

(2002) showed that sharpened neural selectivity near the orthogonal orientations could explain the

enhanced identification of orthogonal orientations after brief adaptation. Schwartz et al. (2007)

also showed that the repulsive shift of orientation tuning curve away from the adaptor (Dragoi

et al., 2000; Patterson et al., 2013) could lead to increased Fisher information at the orthogonal

orientation. However, a normative explanation of the orthogonal improvement remains unclear.

It is also possible that the orthogonal improvement is due to biological constraints: the wiring of

neurons might constrain that the coding of orthogonal orientations changes simultaneously.

We measured natural scene statistics from natural scene videos filmed by head-mounted camera

on human participants walking in the woods paired with eye-tracking. Compared to the history

dependent distribution of orientation in natural videos measured in van Bergen and Jehee (2019),

the dataset we used were filmed from humans’ view point (instead of cat or static camera) and

included potential regularities induced by active viewing through head motion and eye movement.

One drawback of the current dataset is that it only consists of forest scenes. The statistics would

be more comprehensive if we included some city scenes and indoor scenes in the analysis.

We tested the hypothesis that adaptation is optimal for the representation of future sensory input

by demonstrating that the change in coding accuracy in PredNet after adaptation is similar to

the adaptation effect in human observers. The fact that PredNet is trained on natural videos to

predict future frames and no adaptation mechanism is built into the network implies that adaptation

emerges from optimizing the representation of future sensory input based on natural statistics,

supporting the efficient coding hypothesis. Artificial neural networks have been a powerful model to

study the mechanism and normative explanation of neuronal and behavioral phenomena (Olshausen

and Field, 1996; Singer et al., 2018). If a network built with a certain mechanism or trained to

optimize a certain functional goal shows some neural properties or behavioral patterns, we can
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imply that such neural properties or behaviors might be a result of said mechanism or functional

goal. While we to approach the adaptation problem from a normative point of view, other studies

have used artificial neural network to study adaptation from a mechanistic perspective. Vinken

et al. (2020) introduced fatigue to each unit in AlexNet and showed that neurophysiological and

perceptual properties of adaptation such as novelty detection, tuning curve shifts and perceptual

bias readily emerge from the propagation of activation-based intrinsic suppression, suggesting that

fatigue is a possible mechanism of adaptation. This result does not necessarily contradict the

efficient coding explanation. While efficient coding might be the coding principle that the neural

system is optimize for, fatigue can be the mechanism by which the system achieves efficient coding.

Conclusions The efficient coding hypothesis has been a prominent explanation of sensory adap-

tation, but a comprehensive neural measurement that allows the calculation of Fisher information

makes it difficult to verify the efficient coding principle in the strictest term of maximizing informa-

tion transmission. The present study mapped out the change in coding accuracy across the feature

space after adapting to a single feature value through a psychophysical experiment, and found a uni-

versal parametric description of the reallocation of coding resources for different adaptors. Further

analysis of natural scene statistics and artificial neural network provided support for the efficient

coding hypothesis of adaptation: adaptation induced changes in encoding accuracy and perceptual

behavior reflect the visual systems’ attempt to best possibly represent the next expected sensory

input.

2.5. Methods

2.5.1. Experimental methods

Subjects. 5 subjects participated in the experiment, one of which was the author. All subjects

had corrected-to-normal vision.

Apparatus. The experiment was run using Matlab and PsychToolbox (Brainard and Vision,

1997). Participants sat in a dark room and viewed stimuli on a VPixx3D screen (1920*1080 pixels

resolution, 120 Hz refresh rate) at a 89 cm distance. A circular aperture (26 cm diameter) was placed

on the screen to occlude the edges of the screen, removing cardinal orientation cues.
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Stimuli. All stimuli were presented on a gray background. The stimuli consisted of filtered white

noise patterns. The control adaptor were filtered by a band-pass filter with a uniform profile within

the spatial frequency range of 3.75 – 5.25 cpd. The oblique adaptor and test stimulus were further

filtered by an orientation filter with a symmetric wrapped Laplace profile centered at the desired

orientation with a standard deviation of 1.4 deg, in addition to the same band-pass filter as the

control adaptor. Stimuli had 80% contrast. Stimuli were 2 deg in diameter, presented 1.67 deg to

the left or right of fixation. A fixation dot was presented at the center of the screen throughout the

experiment.

Procedure. Subjects were instructed to fixate at the fixation dot throughout the experiment. At

the beginning of a block, subjects viewed adaptation stimuli for 60s. Each trial consisted of a top-up

adaptation (5s), a blank interval (0.35s), a test screen (0.1s), and a response period. During the

adaptation period, two identical adaptor patterns were presented on both sides of fixation, updating

every 1.25s, with a 0.05s blank period between presentations. In the test screen, a test stimulus

and a reference stimulus with slightly different orientations were presented to the left and right of

fixation randomly. During the response period, subjects pressed one of two buttons on a gamepad

to indicate which stimulus in the test screen was more clockwise (or counterclockwise, interleaved

across blocks).

The experiment consists of two parts, each of which contains an oblique adaptor condition and a

control adaptor condition. In the first half of the experiment, the oblique adaptor was oriented at

±45 deg. The test orientations were [0, ±10, ±30, ±45, 90] deg relative to the adaptor orientation

(subject 1 had ±5 deg in addition). In the second half of the experiment, the oblique adaptor

was oriented at ±22.5 deg. The test orientations were [0, ±10, ±22.5, ±45, 90] deg relative to

the adaptor orientation. Test orientations were randomized across trial. The reference orientation

varied according to a 2-up-1-down staircase procedure in 25 equal steps within a ±9.6 deg, ±15 deg,

±18 deg, or ±24 deg range relative to the test orientation, depending on the performance of each

subject in the training session prior to the experiment.

Subjects completed 192 trials for each test orientation in each adaptation condition (216 trials for
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subject 1 in the first half of the experiment). In each half of the experiment, subjects completed the

control adaptor condition first, oblique adaptor condition next. In the oblique adaptor condition,

subjects completed 4 blocks of one adaptor orientation, then 4 blocks of the opposite adaptor

orientation (6 blocks each for subject 1 in the first half), e.g. first 45 deg then -45 deg. The order of

the two adaptor orientations were counterbalanced across subjects. The control adaptor condition

consisted of 8 blocks (12 blocks for subject 1 in the first half). Each block lasted for about 25min,

depending on the response time of each subject. Blocks with different adaptors (control versus

oblique adaptor condition, or opposite oblique adaptor orientations) were completed at least one

day apart.

2.5.2. Data analysis

In the main analysis, all orientations in blocks with -45 or -22.5 deg adaptor were mirrored with

respect to the vertical orientation (0 deg) to be combined with data from blocks with 45 or 22.5 deg

adaptor, including the control condition with the assumed adaptor orientations.

Psychometric curves were obtained by fitting cumulative Gaussian distributions to the data. We

assumed a mean of 0 deg for the Gaussian distribution and zero lapse rate. Thresholds were 75%

discrimination thresholds from the fitted psychometric curves.

2.5.3. Modeling

Pre-adaptation. The following derivation follows Wei and Stocker (2015). Let θ be the orien-

tation of the test stimulus and m its sensory measurement in a given trial. Before adapting to a

single orientation, or in the control condition in our experiment, the discrimination threshold is

typically lower at cardinal orientations, which implies higher Fisher information at cardinal orien-

tations. We assume that the square root of Fisher information distribution is proportional to the

weighted sum of a uniform distribution and two identical von Mises distributions centered at two

cardinal orientations:

√
Ictrl(θ) ∝ k vm(θ; 0, κ) + k vm(θ;π, κ) +

1− 2k

2π
, (2.2)
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where κ represents the width of Fisher information around cardinal orientations, and k represents

the intensity. Note that because angles are defined on a 2π range, while orientation is define on a

range of π, θ in this equation represents orientation multiplied by 2, and 0 and π represents cardinal

orientations. We use this convention in the following.

Consider a sensory space in which Fisher information is uniform. The mapping θ̃ = F (θ) from

stimulus to this sensory space is the cumulative of the square root Fisher distribution, thus F (θ) ∝∫ √
Ictrl(θ)dθ. Assume homogeneous von Mises likelihood in the sensory space:

p(m̃|θ̃) = vm(m̃; θ̃, κi) , (2.3)

where κi represents the sensory noise magnitude. The likelihood function in stimulus space p(m|θ)

can be computed by applying the inverse mapping θ = F−1(θ̃). Finally, the posterior over stimulus

orientation given the sensory measurement is

p(θ|m) ∝ p(m|θ)p(θ) , (2.4)

where p(θ) is the prior distribution over orientation.

Post-adaptation. After adapting to a single orientation θa, the distribution of the square root

of Fisher information in the pre-adaptation sensory space becomes

√
Ĩadapt(θ̃; θa) ∝ pa(θ̃ − θ̃a) , (2.5)

where θ̃a = F (θa) is the adaptor orientation in the pre-adaptation sensory space, and pa is the

adaptation kernel. Thus, adaptation reallocates Fisher information by the same adaptation kernel

shifted according to the adaptor. Now, the pre-adaptation sensory space is not a uniform space any

more. A post-adaptation uniform sensory space can be obtained by applying another transformation

θ∗ = Fa(θ̃) ∝
∫ √

Ĩadapt(θ̃)dθ̃. The likelihood in the post-adaptation sensory space is homogeneous

von Mises function with the same the same internal noise parameter as the likelihood function in

the pre-adaptation sensory space before adaptation (Eq. 2.3), so the total coding resource does not
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change after adaptation. The likelihood function in the stimulus space can be obtained by applying

the inverse transformation θ̃ = F−1
a (θ̃∗) and θ = F−1(θ̃), and the posterior over stimulus orientation

given the sensory measurement is

p(θ|m) ∝ p(m|θ)padapt(θ; θa) , (2.6)

where padapt(θ; θa) is the prior distribution after adapting to θa.

In the 2-peak models, we assume that the adaptation kernel pa(θ̃) is the weighted sum of two von

Mises distributions and a uniform distribution:

pa(θ̃) = k1 vm(θ̃; 0, κ1) + k2 vm(θ̃;π, κ2) +
1− k1 − k2

2π
, (2.7)

where k1 and k2 represent the intensities of the two peaks, and κ1 and κ2 represent the widths of

the two peaks. In the 1-peak model, we assume that pa(θ̃) is the weighted sum of one von Mises

distribution and a uniform distribution:

pa(θ̃) = k1 vm(θ̃; 0, κ1) +
1− k1
2π

, (2.8)

where k1 and κ1 represents the intensity and the width of the peak respectively. In the “2-peak

+ Fisher” model, the total Fisher information is allowed to change after adaptation, so the width

of the von Mises likelihood in the post-adaptation sensory space κai is allowed to be different from

the the width of the von Mises likelihood in the pre-adaptation sensory space κi. In the “2-peak

+ kernel” model, the adaptation kernel pa(θ̃) for 45 deg and 22.5 deg adaptor are allowed to be

different.

Discrimination decision and response distribution. Let θt and θr be the orientation of the

test and reference stimulus, and mt and mr their sensory measurements respectively. The posterior

of each stimulus can be computed according to Eq. 2.4 or Eq. 2.6. The probability of the reference
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orientation being more clockwise than the test orientation is

p(θt − π < θr < θt|mt,mr) =

∫ 2π

0
p(θt|mt)

∫ θt

θt−π
p(θr|mr) dθr dθt . (2.9)

If the probability is larger than 0.5, the observer responds the reference orientation being more

clockwise; otherwise, the subject responds the test orientation being more clockwise.

In our experiment, because the test and reference stimulus were always under the same adaptation

state and had the same spatial frequency, contrast and presentation duration, we assume that

they had the same prior distribution and sensory noise. So the decision rule above simplifies to

directly comparing the measurements of the two stimuli: if mr is more clockwise than mt, the

subjects respond the reference orientation being more clockwise, and vice versa. So the probability

of responding the reference stimulus being more clockwise is:

p(“θr more CW”|θt, θr) = p(mt − π < mr < mt|mt,mr) =

∫ 2π

0
p(mt|θt)

∫ mt

mt−π
p(mr|θr) dmr dmt .

(2.10)

2.5.4. Model fitting

We fit the model to the data by maximizing the likelihood of the data given the model:

p(D|ρ) =
n∏

j=1

p(Dj |ρ) =
n∏

j=1

p(rj |ρ, θjt , θjr) , (2.11)

where D is the data, ρ represents the parameters of the model, θjt and θjr are the test and reference

orientation and rj is the response in trial j, and n is the total number of trials.

We first fit the model to the control adaptor condition with the following free parameters:

• κi for sensory noise;

• k for the intensity of the prior;

• κ for the width of the von Mises prior.
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Then we fix these parameters and fit the model to the oblique adaptor condition. The 2-peak model

has four free parameters for the adaptation kernel:

• k1 and k2 for the strength of the two peaks;

• κ1 and κ2 for the width of the two von Mises.

The 2-peak + Fisher model has an additional parameter κai for sensory noise after adapting to an

oblique adaptor. The 2-peak + kernel model has four parameters for the adaptation kernel of each

oblique adaptor, eight in total. The 1-peak model has only two free parameters for the strength

and width of the adaptation kernel.

2.5.5. Natural scene statistics

Dataset. The videos were filmed with a head-mounted camera by participants freely walking in

the woods (24 fps, 1290*960 pixels resolution, spanning 60*46 deg visual angle). Eye movement was

recorded (120 samples per second). We included videos from 9 participants, with a total length of

12 minutes. Videos were converted to grayscale for analysis.

Data analysis. We looked at a 6*6 deg area centered at the fixation in each frame of the videos.

We extracted the orientation at each position within the area using the steerable pyramid (Simoncelli

and Freeman, 1995). We rotated and applied the 1st-order steerable filter to find the orientation

with the strongest response as the orientation of each position. We computed the mean and circular

variance of orientation in 3s (72 frames) at each position, then computed the difference between the

orientation in the next frame and the mean orientation in the previous 3s. We included the results

from level 2 to 4 of the steerable pyramid. In Fig. 2.7, we included time and positions where the

history variance is smaller than 0.1 and combined the data from three levels.

2.5.6. PredNet

PredNet is a recurrent neural network that predicts the next frame of a video. We used the PredNet

pretrained by Lotter et al. (2016) using the KITTI dataset (Geiger et al., 2013) in our experiment.
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Stimuli. The stimuli were images of filtered white noise patterns with the size of 128*160 pixels.

The control adaptors were filtered by the orientationally averaged spatial frequency spectrum ex-

tracted from the training dataset within the range of 8-12 cycles per image. The spatial frequency

filter was obtained by taking the average of the 2D Fourier transformation of the image across all

frames and averaging across orientation for each spatial frequency, with a cutoff at 8 and 12 cycles

per image. The oblique adaptors and test stimuli were further filtered by an orientation filter with

a symmetric wrapped Laplace profile centered at the desired orientation with a standard deviation

of 1.4 deg, in addition to the same spatial frequency filter as the control adaptor. Stimuli had 100%

contrast. The noise pattern was embedded in a circular aperture at the center of the image; the

contrast of the noise pattern fades linearly from 100% to 0 as the distance from the center goes from

48 to 60 pixels.

Procedure. Each test sequence consists of an adapting sequence of four different adapting frames

followed by a testing frame. We input the test sequence to PredNet and extract the activation of

the first representational layer in response to the testing frame. In each adaptation condition, we

tested 200 test sequences; the testing frame of each test sequence was rotated and tested in all

orientations from 0 deg to 359 deg in 1 deg interval.

Calculating Fisher information. Assuming independent Gaussian noise, Fisher information

can be calculated for each test sequence according to Eq. 2.1. For orientation, we combined 0 –

179 deg and 180 – 359 deg. Because we focus on the distribution of coding resources, we normalized

the square root of Fisher information across orientations. The ratio of the square root of Fisher

information was computed by taking the average of the normalized square root of Fisher infor-

mation across test sequences within each adapting condition, then taking the ratio between two

conditions. Confidence intervals were obtained by bootstrapping the test sequences and computing

the corresponding Fisher information distributions and their ratios in each bootstrap sample.
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2.6. Supplementary Information

Parameter Subj 1 Subj 2 Subj 3 Subj 4 Subj 5
Control
κi: sensory noise 191.04 128.63 25.44 60.54 128.46
k: prior intensity 0.17 0.24 0.12 0.25 0.15
κ: prior width 14.73 22.47 15.49 14.69 16.83
2-peak
k1: kernel strength 0.05 0.08 0.09 0.11 0.08
κ1: kernel width 74.8 77.2 39.7 31.8 105.7
k2: kernel strength 0.13 0.11 49.47 0.25 49.49
κ2: kernel width 3.17 2.32 0.0046 2.17 0.0071
1-peak
k1: kernel strength 0.04 0.07 0.07 0.07 0.06
κ1: kernel width 127.2 93.4 64.2 77.0 182.8
2-peak + Fisher
κai : sensory noise (adapt) 185.08 143.58 25.43 48.33 108.98
k1: kernel strength 0.05 0.08 0.09 0.12 0.08
κ1: kernel width 74.4 78.4 39.7 30.4 108.9
k2: kernel strength 0.12 0.17 47.23 0.18 1.15
κ2: kernel width 3.53 1.52 0.0048 2.45 0.27
2-peak + kernel
k451 : 45◦ kernel strength 0.05 0.09 0.07 0.09 0.08
κ451 : 45◦ kernel width 134.6 75.2 92.0 49.2 92.3
k452 : 45◦ kernel strength 0.13 0.01 0.09 0.21 0.39
κ452 : 45◦ kernel width 5.21 700.0 7.53 7.52 1.22
k22.51 : 22.5◦ kernel strength 0.06 0.07 0.12 0.09 0.07
κ22.51 : 22.5◦ kernel width 35.8 79.1 22.9 46.4 191.9
k22.52 : 22.5◦ kernel strength 0.12 0.19 415 0.35 381
κ22.52 : 22.5◦ kernel width 1.96 1.27 5.7e-4 0.71 7.6e-4

Table 2.1: Best-fitting model parameters for individual subjects.
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Figure 2.11: 2AFC response data of subject 1 & 2 and psychometric curves fitted by a cumulative
Gaussian distribution (solid line) or the reallocation model (dashed line). Size of the data point
represents the number of trials. The title above each subplot indicates the difference between the
test and the adaptor orientation.
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Figure 2.12: 2AFC response data of subject 3, 4 & 5 and psychometric curves fitted by a cumulative
Gaussian distribution (solid line) or the reallocation model (dashed line). Size of the data point
represents the number of trials. The title above each subplot indicates the difference between the
test and the adaptor orientation.
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CHAPTER 3

SENSORY PERCEPTION IS A HOLISTIC HIERARCHICAL INFERENCE PROCESS

3.1. Abstract

Perception of stimulus features such as orientation is widely considered a Bayesian inference process.

In contrast to previous Bayesian observer models, we propose that perception is a holistic inference

process that simultaneously operates at all levels of the representational hierarchy. We test this

hypothesis in the context of a typical psychophysical matching task in which subjects are asked

to estimate the perceived orientation of a test stimulus by adjusting a probe stimulus (method-of-

adjustment). We present a holistic matching model that assumes that subjects’ responses reflect

an optimal match between the test and the probe stimulus, both in terms of their inferred feature

(orientation) but also their higher-level representations (category). Validation against multiple ex-

isting psychophysical datasets and data from a new psychophysical experiment demonstrates that

compared to previous models, our model provides a quantitatively accurate and detailed descrip-

tion of subjects’ response behavior, which includes data that previous models have failed to even

qualitatively account for. We also show that the model generalizes to other feature domains and

thus offers a universal explanation for categorical influences in low-level sensory perception.

3.2. Introduction

Perception is considered an inference process that optimally combines noisy sensory signals with

prior knowledge about the statistical regularities of the world. Countless studies have argued that

models of perceptual inference can be parsimoniously expressed within the probabilistic framework of

Bayesian estimation (Knill and Richards, 1996). Perception in this framework equates to finding an

optimal estimate of a stimulus feature given noisy sensory observations. A characteristic prediction

of Bayesian estimation is that perception is biased towards the peak of the prior density distribution,

which has been validated by the results of many perceptual and sensorimotor studies (e.g., Körding

and Wolpert, 2004; Stocker and Simoncelli, 2006; Jazayeri and Shadlen, 2010; Kim and Burge, 2018).

A quantitative validation of the Bayesian estimation framework crucially depends on an accurate
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specification of the prior distribution. Visual orientation is one of the few stimulus features for

which the prior distribution is well specified in form of the local orientation statistics in natural

visual scenes. These statistics have been repeatedly measured and show robust peaks at cardinal

orientations (Coppola et al., 1998; Girshick et al., 2011; Wang et al., 2016). Perceived stimulus

orientation is typically biased away from cardinal orientations (De Gardelle et al., 2010; Noel et al.,

2021), i.e., it is seemingly “anti-Bayesian” for this natural prior distribution. Recent work has

demonstrated, however, that the efficient coding hypothesis (Attneave, 1954; Barlow et al., 1961)

provides a powerful constraint on sensory uncertainty to resolve this apparent paradox, leading to

a consistent Bayesian interpretation of visual orientation perception (Wei and Stocker, 2012, 2015,

2017). Since then, the Bayesian estimation model constrained by efficient coding (in the following

simply referred to as the “Efficient Bayesian estimator”) has demonstrated to offer a unifying account

for human behavior in a wide variety of perceptual and working memory tasks (e.g., Taylor and

Bays, 2018; Polania et al., 2019; Fritsche et al., 2020; Langlois et al., 2021; Prat-Carrabin and

Woodford, 2021).

Despite its promise, however, there are several reasons to question this model’s ability to provide

a unifying account of orientation perception. First, a full quantitative validation of the model by

comparing the entire predicted response distributions against data is still outstanding; previous

studies mainly focused on summary statistics such as estimation bias (but see Taylor and Bays

(2018)). Furthermore, there are psychophysical data that are difficult to reconcile with the model.

Specifically, Tomassini et al. (2010) reported results of a typical orientation matching experiment

where subjects were asked to estimate the orientation of a test stimulus by adjusting a probe stimu-

lus. In half of the trials the stimuli used as test and probe were interchanged. If subjects estimated

the orientations of test and probe stimulus independently, one would expect the sign of their esti-

mation biases to flip in those trials; a pair of matched stimuli would yield opposite estimation errors

when the assignment of test and probe is interchanged. Tomassini et al. (2010) found, however,

that the sign of the bias pattern did not flip in those trials – there was a repulsive bias away from

cardinal orientations under both conditions. This result cannot be explained with any model that

independently estimates the orientations of the test and the probe stimulus. Last but not least,
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there is the long-standing notion that higher-level, categorical representations influence perception

at the feature level. Several studies have suggested that the perception of visual orientation is af-

fected by a cardinal/oblique category distinction (Rosielle and Cooper, 2001; Wakita, 2004). The

efficient Bayesian estimator does not provide the possibility to incorporate potential categorical

effects unless the orientation prior implicitly reflects the categories, i.e., has peaks at orientations

that correspond to the category centers (e.g., Bae et al., 2015). Allowing such an orientation prior,

however, generally violates the fundamental Bayesian assumption that the prior distribution reflects

the statistical distribution of visual orientations.

Here, we introduce a hierarchical inference model of perception that resolves these issues. What

fundamentally separates our proposal from previous models is that we describe perception as a

holistic inference process, where the percept of a stimulus is jointly represented by the inference

outcomes (i.e., the posteriors) at every level of a representational hierarchy. Specifically with regard

to orientation perception, we assume that perceived orientation of a stimulus is characterized by in-

ference at both the feature (orientation) as well as potential higher level representations (orientation

categories). Our hypothesis reflects the holistic experience we typically associate with perception.

Furthermore, the model assumes that cognitive processes downstream of perception (e.g. a decision

stage) operate on these holistic perceptual representations of sensory information. We tested our

model in the context of a typical psychophysical matching task in which subjects are asked to esti-

mate the perceived orientation of a test stimulus by adjusting a probe stimulus. We show that our

model provides a highly accurate account of several existing datasets: the model not only correctly

predicts the non-inverted biases when test and probe stimuli are switched (see above; Tomassini

et al., 2010) – something that previous models can not – but also provides a superior quantitative

account for the full error distributions of subjects’ perceptual estimates reported in other exper-

imental studies (De Gardelle et al., 2010; Noel et al., 2021). Our model also predicts repulsive

bias when test and probe stimuli have the same noise, which is qualitatively different from what

previous models predict and is verified by our new experiment. Finally, we demonstrate that the

model generalizes to other stimulus domains by providing an accurate account of human behavioral

data in a color matching experiment based on measured color categories (Bae et al., 2015).
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3.3. Results

3.3.1. Holistic perceptual matching

Perception is commonly assessed with a psychophysical matching task often referred to as “the

method of adjustment”. In this task, a subject is asked, for example, to adjust the orientation of a

probe stimulus in order to match the perceived orientation of a test stimulus (Fig. 3.1a). Typically,

the probe stimulus is unambiguous and noise-free leading to the general assumption that the probe

orientation is a direct reflection of the subject’s perceptual estimate of the test stimulus orientation,

aside from some potential motor noise. Under this noise-free probe condition, the efficient Bayesian

estimator can provide a qualitative accurate account of the repulsive perceptual bias and variance

patterns and their dependence on stimulus uncertainty observed in these matching experiments

(Wei and Stocker, 2015, 2017; Taylor and Bays, 2018). The model assumes that the perceived test

orientation depends on a noisy orientation measurement m and a prior distribution over orientation

p(θ). Bayesian inference then results in a posterior distribution p(θ|m), based on which the perceived

orientation (i.e., the optimal estimate) is determined according to a loss function Lθ.

In contrast, the proposed holistic matching model assumes a hierarchical generative process where

each stimulus orientation θ is associated with a category C distinguishing cardinal and oblique

orientations (Fig. 3.1b). Furthermore, it assumes that perceptual inference is performed at both

levels of the hierarchy. The outcome is thus a holistic representation of the perceived orientation

stimulus, jointly represented by the posteriors at both the orientation and the category level, p(θ|m)

and p(C|m), respectively. The key innovation is that the matching stage operates on these holistic

perceptual representations. That is, the model assumes that the observer aims to adjust the probe

orientation θp until the percepts of the probe and the test stimulus optimally match at both rep-

resentational levels (Fig. 3.1c). We express this as finding the probe orientation that minimizes a

weighted average of the expected mismatch at the orientation (Lθ) and the category level (Lc), thus

Ltot(θ, θp, C, Cp) = Lθ(θ, θp) + wLc(C,Cp) , (3.1)
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Figure 3.1: Holistic perceptual matching. (a) Typical psychophysical matching task to characterize
visual orientation perception. Subjects are presented with a test stimulus with orientation θ. Then
they are asked to adjust the orientation θp of a probe stimulus such that it best matches the
perceived test orientation. Subjects typically press a button to confirm their choices, at which time
their response θ∗p is recorded. (b) Graphical model representing the hierarchical generative process
by which a stimulus with orientation θ and a higher-level, categorical identity C (cardinal/oblique)
generates a noisy sensory signal m. Our key assumption is that perceptual inference is holistic
and consists of computing both the posteriors over orientation p(θ|m) (blue arrow) and category
identity p(C|m) (purple arrow). (c) Holistic matching model. The model assumes that both the test
θ and the probe θp orientation are efficiently encoded according to the orientation prior p(θ) (Wei
and Stocker, 2015), resulting in sensory measurements m and mp, respectively. As illustrated in
(b), perceptual (Bayesian) inference results in posteriors p(θ|m), p(C|m) and p(θp|mp), p(Cp|mp),
respectively. By minimizing a combined objective that quantifies mismatch at both the feature and
category level (Eq. (3.1)), the model computes the probe orientation that optimally matches the test
orientation. Note, that a non-holistic version of the proposed model (i.e., removing the categorical
inference pathway - purple arrows) is equivalent to the efficient Bayesian estimator when the probe
stimulus is noise-free.
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Figure 3.2: Model simulations for matching task with noiseless probe (typical condition). (a) Prior
distribution used for model simulations and fits throughout this paper. It reflects the average
statistics of local visual orientations in natural indoor and outdoor scenes measured by Coppola
et al. (1998). (b) Category structure assumed by the holistic matching model. (c) Likelihood
(shaded area) and posterior (blue curve) of test orientation for a given sensory measurement m
(dashed line). The blue arrow marks the mean of the posterior, which is the optimal estimate
predicted by the efficient Bayesian estimator. (d) Expected feature (blue), categorical (purple), and
total loss (orange) given m (dashed line), and the optimal match predicted by the efficient Bayesian
estimator (blue arrow) and the holistic matching model (orange arrow). (e) Bias pattern and (f)
standard deviation in probe responses predicted by the two models.
Supplementary Figure 3.17. Outdoor and indoor natural scene statistics.

where w > 0 is the relative contribution of the categorical mismatch. In the current implementation

of the model, we define mismatch at the orientation level Lθ as the cosine difference between the test

and the probe orientation, while the mismatch at the categorical level Lc is assumed to come with

a constant penalty if test and probe belong to different orientation categories and zero otherwise.

Finally, we assume that subjects’ responses θ∗p represent noisy samples of the optimally matching

probe orientation θp due to additive, constant motor noise (Methods).

Simulations shown in Fig. 3.2 illustrate how and why the predictions of the holistic matching model

differ from those of the efficient Bayesian estimator. We constrain the prior distribution of visual
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orientation p(θ) to reflect the orientation statistics in natural scenes. Previous studies have shown

that these statistics are relatively robust with regard to the specific methods they were measured

with and the image content of the natural scenes they were computed for, showing characteristic

peaks at both cardinal orientations (Coppola et al., 1998; Girshick et al., 2011; Wang et al., 2016).

However, outdoor scenes containing fewer man-made objects typically show less pronounced peaks

at the cardinals compared to indoor scenes (Coppola et al., 1998; Straub and Rothkopf, 2021)

(see Supplementary Fig. 3.17). We computed the average of previously measured distributions

across both indoor and outdoor scenes (Coppola et al., 1998), and used this distribution (shown

in Fig. 3.2a) as the fixed orientation prior p(θ) for all simulations and fits presented in the paper.

Furthermore, we consider four natural categories for orientation: vertical (‘V’), horizontal (‘H’),

clockwise(‘CW’) or counterclockwise (‘CCW’) relative to vertical (Fig. 3.2b). We assume that

there is some uncertainty associated with the categorical representation expressed in overlapping

categorical distributions as well as in noisy centers of the two cardinal categories that may vary trial

by trial. Note that assuming a categorical structure that only distinguishes two categories (’CW’

and ’CCW’ relative to the vertical meridian) does not significantly change the model behavior (see

Supplementary Figs. 3.18 and 3.20).

Efficient encoding predicts likelihood functions that have long tails away from the nearest cardinal

orientation for the assumed orientation prior (Fig. 3.2a). Figure 3.2c shows the likelihood function

and the posterior distribution for a sensory measurement m of the test stimulus close to vertical (90

deg). Although the posterior is shifted towards vertical due to the prior, it inherits the long tail from

the likelihood function. The long-tailed posterior distribution in combination with the loss function

Lθ is ultimately responsible for the predicted repulsive bias away from vertical of the efficient

Bayesian estimator (Wei and Stocker, 2015). Figure 3.2d illustrates this by plotting the feature loss

Lθ for the same measurement m where the matching percept represents the point of minimal loss

(arrow). This point of minimal loss, however, changes when considering the combined loss Ltot of

the holistic matching model. Because of category uncertainty, the minimum of the category loss Lc

does not coincide with the minimum of the feature loss Lθ. Rather, it is shifted towards the center

of the most probable category of the test stimulus resulting in larger repulsive biases (Fig. 3.2e).
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The precise bias pattern of the holistic matching model depends on the relative levels of feature

(test and probe stimuli) and category uncertainty. Compared to the efficient Bayesian observer, the

holistic matching model predicts larger repulsive biases for the same level of stimulus uncertainty.

3.3.2. Matching experiment with noiseless probe stimulus

We first validated the holistic matching model in the typical, noiseless probe condition using an

extensive dataset from a previous orientation matching experiment (De Gardelle et al., 2010). In

the experiment, subjects were asked to estimate the orientation of a briefly presented test stimulus

by adjusting the orientation of a probe stimulus. Sensory noise of the test stimulus was modulated

by varying the presentation duration (Methods). Figure 3.3 shows the full error distributions of the

combined human subject data for each of the four presentation durations. The distributions exhibit

the characteristic repulsive bias away from cardinal orientations, and show no apparent asymme-

try between the two cardinal orientations. Bias and variability increase with decreasing stimulus

presentation duration, which is a fundamental characteristic of Bayesian perception (Stocker and

Simoncelli, 2006).

We fit the holistic matching model as well as its non-holistic variant (i.e., the efficient Bayesian

estimator) to the response distribution data. For comparison, we also included a standard Bayesian

estimator with homogeneous sensory encoding (Methods). We assumed the probe stimulus to be

noise-free as it consisted of a Gabor patch with one visible strip that was continuously present

until subjects confirmed their choice. Note, that all models use the same formulation of the feature

loss Lθ and the natural orientation prior shown in Fig. 3.2a. The holistic matching model fully

captures the entire shape of the error distributions for all noise conditions, which is not the case

for the two Bayesian estimation models (Fig. 3.3). Their predicted error distributions are mostly

centered around zero and show much larger variability for oblique than for cardinal orientations.

Furthermore, as expected, the standard Bayesian estimator predicts attractive bias near cardinal

orientations. In general, the estimation models exhibit distribution patterns that are substantially

different from the data. The difference is also evident when comparing bias and standard deviation

of the data with the predictions of the models (Fig. 3.4). Human subjects exhibit repulsive bias
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Figure 3.3: Data and model fits for matching task with noiseless probe. Shown are the error distri-
butions of the matching responses for different presentation durations of the test stimulus (rows).
Columns show the data (De Gardelle et al., 2010) and the corresponding best-fit model predictions,
respectively. Data distributions show clear repulsive biases away from the cardinal orientations.
Bias and variability increase with decreasing presentation duration. The overall pattern of the
distribution is well captured by the holistic matching model across all conditions. While the effi-
cient Bayesian estimator correctly predicts repulsive biases, the overall shape of the predicted error
distributions does not match the data. The standard Bayesian estimator (homogeneous encoding)
predicts attractive biases. See Methods for details about the data and the models.
Supplementary Table 3.1. Fit parameter values of the holistic matching model.
Supplementary Figure 3.15. Fit category structure of the holistic matching model.
Supplementary Figure 3.18. Model fit assuming two orientation categories.
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Figure 3.4: Data and model fits for matching task with noiseless probe: bias and standard deviation.
(a) Subjects exhibit increasing repulsive bias with decreasing presentation duration. The holistic
matching model fits both the pattern and the magnitude of the bias. The bias magnitude predicted
by the efficient Bayesian model, however, is too small compared to the data. In contrast, the
standard Bayesian model predicts attractive bias. (b) Subjects’ variability is higher around cardinal
orientations, which is well captured by the holistic matching model. The standard and the efficient
Bayesian model predict the opposite. Data is re-analyzed from De Gardelle et al. (2010). Shaded
areas represent 95% confidence intervals from 100 bootstrap runs.
Supplementary Figure 3.17. Predictions of the holistic matching model using either the outdoor or
the indoor scene statistics as the prior p(θ).
Supplementary Figure 3.18. Model fit assuming two orientation categories.
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away from cardinal orientations with increasing amplitude for increasing sensory noise (i.e., shorter

presentation duration), while the standard deviation of their response distribution is higher at

cardinal compared to oblique orientations. Predictions of the standard Bayesian estimator are the

exact opposite. Although the efficient Bayesian estimator qualitatively captures the repulsive bias

pattern in the data and its dependency on sensory noise, the predicted overall bias magnitudes

are too small. Like the standard Bayesian estimator, it also incorrectly predicts higher standard

deviation at oblique compared to cardinal orientations. In contrast, the holistic matching model

predicts bias and standard deviations that not only qualitatively but also quantitatively match the

data. Note, that the predicted, higher standard deviation at cardinal orientations is caused by

the fact that for test orientations close to the categorical boundaries, small differences in sensory

measurements across trials can lead to large differences in probe responses due to the categorical

matching process. This additional, categorical bias offsets the increased sensory accuracy at cardinal

orientations due to efficient coding.

We used cross-validation to quantitatively compare the performance of the different models. Cross-

validation intrinsically corrects for differences in model complexity (i.e. number of parameters);

overly complex models that overfit the training data score typically low in accounting for the test

data. It favors those model that have just “the right” level of complexity to account for the data.

We included an “omniscient” observer model in this comparison, which is an empirical model that

directly transforms the training data distribution into a prediction probability of the error distri-

bution using kernel density estimation (see Methods). The omniscient observer serves as reference

and indicates the best possible statistical prediction of the test set given the training set. As shown

in Fig. 3.5, the holistic matching model predicts the data substantially better than the efficient

and standard Bayesian model, and its performance is almost at the level of the omniscient model.

Cross-validation demonstrates that the holistic matching model provides an excellent account of

orientation estimation behavior with a model complexity that does not lead to over-fitting of the

data.

Figure 3.6 shows validation against data from another recent study, investigating the differences
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Figure 3.5: Cross-validation. Log-likelihood values of the model fit to the training set (80% of the
data; randomly sampled), given the validation set (remaining 20% of the data). Squares represent
the median and error bars indicate 95% confidence intervals over 100 repetitions. The holistic
matching model performs significantly better than the efficient and the standard Bayesian observer
model. The “omniscient” model is an empirical model that uses the data distribution in the training
set as predictor of the validation data using optimal kernel density estimation (Methods). The error
bar of the holistic matching model and the omniscient model largely overlap, indicating that the
holistic matching model explains the data as good as statistically possible.
Supplementary Figure 3.19. Cross-validation of the omniscient model with different kernel sizes.
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Figure 3.6: Data and model fits for matching task with noiseless probe in neurotypical and autistic
(ASD) subjects. Data are re-analyzed from Noel et al. (2021) and are obtained from the control
experiment (no feedback), for which both subject groups have been identified to have similar prior
expectations that match the assumed prior distribution p(θ). Shaded areas represent 95% confidence
intervals from 100 bootstrap runs.
Supplementary Table 3.3. Fit parameter values.
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in orientation perception between individuals with autism spectrum disorder (ASD) and a control

group (Noel et al., 2021). The study used a similar experimental design as in De Gardelle et al.

(2010), reporting similar behavior signatures of holistic hierarchical inference such as the shape

of the error distribution, the relatively large bias magnitude, and the higher standard deviation

at cardinal orientations compared to oblique orientations. As shown in Fig. 3.6, the model can

well account for the data from both subjects groups. Interestingly, a comparison of the fit model

parameters indicates that the difference between the two groups is mainly limited to differences in

sensory and motor noise (ASD: higher sensory and lower motor noise), while the expectations about

the categorical structure seem identical (see Supplementary Table 3.3).

3.3.3. Efficient sensory encoding

Is the categorical inference component of the holistic matching model sufficient to explain the

repulsive bias pattern? To answer this question, we compared the predictions of the fit holistic

matching model with and without efficient sensory coding. As illustrated in Fig. 3.7, without

efficient sensory encoding (i.e., assuming uniform sensory accuracy) the model predicts decreasing

bias magnitudes with increasing stimulus presentation time, which is opposite to the pattern seen

in the data (Fig. 3.4a).

Bias is modulated by sensory noise via three different processes of the model: sensory encoding,

inference at the feature level, and inference at the categorical level. As sensory noise increases, the

posterior distribution of the test orientation is more attracted to the peak of the prior distribution.

At the same time, the difference in category posterior probability of the test stimulus decreases,

leading to a flatter categorical loss curve (see Fig. 3.2d). Both effects lead to less repulsive bias as

the sensory noise increases, which is the outcome shown in Figure 3.7 (dashed line). Efficient coding

introduces repulsive biases by skewing the likelihood function away from the peak of the prior at

cardinal orientations (Wei and Stocker, 2015). However, larger sensory noise leads to more skewness

in the likelihood function and therefore larger repulsive biases. Thus, efficient coding is the only

component of the holistic matching model that causes larger repulsive biases with higher sensory

noise. As such, efficient sensory encoding is an indispensable assumption of the holistic matching
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Figure 3.7: Effect of efficient sensory encoding. Maximum bias predicted by the holistic matching
model with and without the efficient coding constraint. With efficient coding, the holistic match-
ing model predicts decreasing bias magnitudes with increasing presentation times (i.e., decreasing
sensory noise) consistent with the data. With homogeneous coding and all else equal, however, it
predicts the opposite pattern.
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Figure 3.8: Model predictions for interchanging test and probe stimuli. When the test and the
probe stimulus are interchanged in the matching experiment and thus stimulus uncertainties are
reversed, the optimal response of the non-holistic model (blue arrow) flips to the other side of the
measurement of the test (gray dashed line). The optimal response according to the holistic matching
model (orange arrow), however, remains on the same side because of the influence of the categorical
loss. The illustration is shown for a single pair of sensory measures.

model in order to accurately explain the data.

3.3.4. Matching experiment with noisy probe stimulus

In most perceptual matching experiments the probe stimulus is unambiguous and noiseless, and thus

its percept can be considered veridical. However, the holistic matching model explicitly models the

perception of the probe orientation and thus can make predictions for more general experimental

conditions (Fig. 3.1b). Here, we specifically consider the case where stimulus uncertainties in the

test and probe stimulus are reversed.

Any model that compares the two stimuli at the feature level will predict a reversal of the bias

pattern when reversing the roles of the test and probe stimulus. However, the holistic matching

model makes a qualitatively different prediction. Because the probe stimulus is adjusted to match

the test also at the category level, adjusting the probe orientation towards the center of the most

probably category of the test stimulus always reduces the expected categorical loss Lc. This leads

to a stable repulsive bias pattern whether the test and probe stimulus are interchanged or not.
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Figure 3.9: Data and model fits for interchanging test and probe stimuli for two different stimulus
noise levels (combined subject). (a) Bias and standard deviation of subjects’ matching response
data when the test stimulus is noisy and the probe is noiseless. (b) Same as (a) but probe and test
stimuli are interchanged. The sign of the biases is not inverted. Biases are always repulsive or close
to zero, depending on the level of stimulus noise. Solid lines represent the joint fit of the holistic
matching model across all conditions. Data is re-analyzed from Tomassini et al. (2010). Error bars
represent 95% confidence intervals from 100 bootstrap samples of the data.
Supplementary Table 3.1. Fit parameter values of the holistic matching model.
Supplementary Figure 3.15. Fit categories of the holistic matching model.
Supplementary Figure 3.18. Model fit assuming two orientation categories.

Figure 3.8 illustrates this qualitative difference between the model predictions.

Tomassini et al. (2010) performed an orientation matching experiment where test and probe stimuli

were interchanged. During the first half of the experiment, participants were shown an array of

Gabor patches (noisy test) and were asked to adjust the orientation indicated by two dots (noiseless

probe) to estimate the mean orientation of the Gabor patches. During the second half of the

experiment, the roles of the stimuli were reversed; subjects were asked to rotate the array of Gabor

patches (noisy probe) until the array orientation matched the orientation indicated by the two dots

(noiseless test). Biases and standard deviations of subjects’ matching responses are shown in Fig. 3.9.

As predicted by the holistic matching model, the biases are indeed repulsive under both conditions.

We preformed a joint model fit to the data across all conditions. The model well accounts for the
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observed repulsive biases in the small stimulus noise condition when the test stimulus is noisy and

in the large stimulus noise condition when the probe stimulus is noisy. Likewise, when the test

stimulus is noisy the predicted bias is close to zero for large stimulus noise but does not have a

clear repulsive or attractive pattern, which matches the data (Fig. 3.9a). When the probe stimulus

is noisy but the test stimulus is not, the bias is smaller in the small noise condition than in the

large noise condition, which is the same pattern as in the data (Fig. 3.9b). The standard deviation

predicted by the model is for most part uniform with a magnitude that again is consistent with the

data. The matching experiment by Tomassini et al. (2010) revealed human matching behavior that

is well accounted for by the proposed holistic matching model, yet is difficult to even qualitatively

reconcile with any non-holistic estimation model.

3.3.5. Validation of model prediction with same-noise test and probe stimuli

Another prediction made by our model that is qualitatively different from other estimator models

is when the test and the probe stimuli are the same, or have the same noise profile. Any model

that compares the two stimuli at the feature level will predict zero bias, because they are essentially

the same stimuli. However, because the matching process in the holistic matching model also tries

to reduce the expected categorical loss Lc, again there will be a stable repulsive bias pattern even

when the test and the probe have the same noise (Fig 3.10d).

In order to validate the prediction, we ran a new orientation matching experiment with same-noise

test and probe stimuli (Fig 3.10a, see Methods for details). Both the test and the probe stimuli

are filtered white noise patches. Stimulus noise was manipulated by changing the variance of the

orientation filter applied to the white noise. Both the test and the probe can have low (L) or high

(H) stimulus noise, resulting in 4 conditions in total, indicated by “test-probe” noise level pairs: L-L,

L-H, H-L and H-H. We adopted response-terminated display of the test stimulus, so the test and the

probe stimuli both had small and the same sensory noise. Therefore, the test and the probe stimuli

have the same noise in the L-L and H-H noise conditions, and the test and the probe are switched

relative to each other in the L-H and H-L noise conditions similar to Tomassini et al. (2010). A non-

holistic model that matches the orientation estimate of the test and the probe predicts no bias in
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Figure 3.10: Experiment design and model predictions for matching test and probe with stimulus
noise. (a) Experiment design. For illustration purpose, stimuli are not drawn to scale, and the
arrows indicating the probe are not shown in the experiment. See Methods for details. (b) The
non-holistic model (blue) predicts no bias in the two same-noise conditions, and reversed bias in the
L-H and H-L conditions. The holistic matching model (orange) predicts repulsive bias in the same
noise conditions, and the bias in the H-L condition may not be reversed relative to L-H and still
be repulsive with a large enough categorical effect. (c) Net repulsion from cardinal orientations.
The categorical effect in the holistic matching model leads to an upward shift in all conditions
relative to the non-holistic model. (d) When the stimulus uncertainties in the test and the probe
are reversed (L-H and H-L), the predictions are similar to those in Figure 3.8. When the stimulus
uncertainties in the test and the probe are the same (H-H), the optimal response of the non-holistic
model (blue arrow) equals the measurement of the test, while the optimal response according to
the holistic matching model (orange arrow) is repulsed away from the nearest cardinal orientation.
The illustration is shown for a single pair of sensory measures.
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the two same-noise conditions, and reversed bias in the L-H and H-L conditions, while the holistic

matching model predicts repulsive bias in the same noise conditions, and uninverted bias in the

H-L relative to the L-H condition with a large enough categorical weight (Fig 3.10b). We further

calculate a net repulsion metric to quantify the amount of repulsion from cardinal orientations,

which is the average of the bias for test orientation from 0 - 45 deg and 90 - 135 deg and the negative

bias for test orientation from 45 - 90 deg and 135 - 180 deg (Fig 3.10c). The non-holistic model

predicts no net repulsion in the same noise conditions, and opposite net repulsion in the flipped

noise conditions, while net repulsion predicted by the holistic matching model shifts upwards relative

to the non-holistic model in all four conditions.

When the probe has higher noise than the test stimulus (L-H), subjects consistently showed a

repulsive bias (Fig. 3.11); in the opposite noise condition (H-L), the bias is close to zero when

combining all subjects. When the test and the probe have the same noise (L-L and H-H), although

there is individual variability (see Supplementary Fig. 3.21, 3.22, 3.23), the average and the combined

subjects exhibited significant net repulsion, and most subjects had repulsive bias in at least one of

the same noise conditions. The net repulsion in the same noise conditions can only be explained by

the holistic matching model and not the non-holistic matching model or estimator models. The fit

by the holistic matching model captures the repulsive bias in the L-H condition and the same-noise

conditions very well. The standard deviation is lower at cardinal orientations, which is also well

captured by the model fit.

This experiment replicated the uninverted bias with switched test and probe stimuli showed by

Tomassini et al. (2010). It further validated the holistic matching model by demonstrating a net

repulsive bias when the test and the probe stimuli have the same noise, which cannot be accounted

for by any non-holistic estimation model.

3.3.6. When to expect behavioral signatures of holistic inference

As the above data analysis and model comparison have shown, the holistic nature of the proposed

matching model is responsible for increased (repulsive) response bias towards the category centers,

different patterns in response variability, and the surprising finding that the bias pattern is not

60



0 45 90 135 180
-3

-2

-1

0

1

2

3

Bi
as

 (d
eg

)

0 45 90 135 180
Test orientation (deg)

0

3

6

9

SD
 (d

eg
)

0 45 90 135 180
-3

-2

-1

0

1

2

3

0 45 90 135 180
Test orientation (deg)

0

3

6

9

0 45 90 135 180
-3

-2

-1

0

1

2

3

0 45 90 135 180
Test orientation (deg)

0

3

6

9

0 45 90 135 180
-3

-2

-1

0

1

2

3

0 45 90 135 180
Test orientation (deg)

0

3

6

9

L-L L-H H-L H-H
-1

-0.5

0

0.5

1

1.5

2

N
et

 re
pu

ls
io

n 
(d

eg
)

L-L L-H H-L H-H
-2

-1

0

1

2

3
N

et
 re

pu
ls

io
n 

(d
eg

)

L-L L-H H-L H-H

a b

c

d

Figure 3.11: Experiment results and model fit. (a) Net repulsion of individual subjects (light)
and averaged across subjects (dark). Although there is individual variability, most subjects and
all subjects on average have repulsive bias in the same-noise conditions. (b-d) Data (green) and
model fit (orange) of the combined subject. The same-noise conditions have repulsive bias; the
L-H condition has larger repulsive bias and the H-L condition has close to zero repulsion, which is
captured by the model fit. For average net repulsion across subjects, error bars represent SEM. For
individual and combined subjects’ data, error bars represent 95% confidence intervals from 1000
bootstrap samples of the data.
Supplementary Table 3.4. Fit parameter values of the holistic matching model.
Supplementary Figure 3.16. Fit categories of the holistic matching model.
Supplementary Figure 3.21, 3.22, 3.23. Data from individual subjects.
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inverted when interchanging test and probe stimuli. However, the holistic matching model formally

subsumes the efficient Bayesian estimator. Thus, we can clearly predict when we expect subjects’

behavior to show signatures of holistic inference, and when not because the models are equivalent.

The impact of the category level inference on behavior is determined by how gradually the expected

categorical loss Lc decreases towards the center of the most probable category of the test stimulus

(i.e., the slope of the categorical loss). Only if there is little category uncertainty and there is no

uncertainty associated with the probe stimulus, then Lc approaches a step function with zero slope

anywhere except at the boundary (Fig. 3.12b, top left). In this case, the expected categorical loss is

constant and independent of the probe orientation, and thus the expected response will be identical

with or without holistic inference (Fig. 3.12c, top). Otherwise, if there is category uncertainty

(Fig. 3.12a, right) the probability of the probe category gradually changes with probe orientation,

and thus the expected categorical loss also gradually decreases towards the center of the most likely

category resulting in increased repulsive biases compared to the non-hierarchical model (Fig 3.12b

and c, top). Likewise, if there is uncertainty associated with the probe stimulus then the expected

category loss also gradually decreases for probe orientations towards the center of the most probably

test category, which again results in increased repulsive biases (Fig. 3.12b and c, bottom).

We predict that signatures of holistic hierarchical inference are, to various degree, present in most

psychophysical matching data. However, data from experiments that are designed such that they

minimize subjects’ uncertainty about the category boundaries and use probe stimuli without un-

certainty are expected to be equally well accounted for with the efficient Bayesian estimator.

3.3.7. Generalization to color perception

To test the generality of the model we extend validation to color perception, widely considered to be

influenced by color categories (Witzel and Gegenfurtner, 2013; Cibelli et al., 2016; Hardman et al.,

2017). Specifically, we considered the data from a recent color study (Bae et al., 2015). In the study,

the authors conducted two color matching experiments where subjects were asked to estimate the

color of either a previously (delayed condition) or a simultaneously presented test color by selecting

the matching color on a color wheel.
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Figure 3.12: Model simulation with and without category uncertainty and with and without stimulus
uncertainty in the probe stimulus. (a) Orientation categories p(C|θ) when there is low (left) or
high (right) category uncertainty. (b) Expected loss for a certain measurement of test orientation
(dashed line) when there is low (left column) or high category uncertainty (right column) and when
the probe stimulus is (bottom row) or is not prone to stimulus uncertainty (top row). Arrows mark
the optimal responses predicted by the non-holistic matching model (blue) or the holistic matching
model (orange). (c) Bias predicted by the non-holistic (blue) and the holistic matching model when
there is low (orange) or high (dark orange) category uncertainty, and when the probe stimulus is
(bottom) or is not (top) prone to stimulus uncertainty.
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Figure 3.13: Categorical structure and prior of color. (a) Data from the color naming experiment
in Bae et al. (2015) and smooth approximations using cumulative von Mises distributions (solid
lines). These naming probabilities served as proxies for the underlying categorical structure p(C|θ).
(b) Prior extracted from the bias and standard deviations of participants’ response in the color
matching experiment, based on the Cramer-Rao bound and the assumption that sensory encoding
is efficient (Wei and Stocker, 2017; Noel et al., 2021). See Methods for details.
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In order to validate the model, we first aim to specify and constrain the color category structure

and color prior. In their study, Bae et al. (2015) also ran a color naming experiment where subjects

were asked to select the color name that best described the test color out of a range of basic color

names. Figure 3.13a shows subjects’ probability of choosing each color name given a test color.

We fit cumulative von Mises distributions to the boundaries of each pair of adjacent categories

and use the results to constrain the categorical structure p(C|θ) and category uncertainty of our

holistic matching model (see Methods). One of the advantages of validating our model against

data of orientation perception is the availability of reliable measurements of the natural statistics of

location visual orientations. For color spectra such measures are technically much more difficult to

obtain with regard to different color spaces. As a result, we extracted an approximation of the hue

prior directly from the color matching data in Bae et al. (2015) for the used CIELAB color space.

This approximation is based on theoretical assumptions about how bias and standard deviation of

an estimator are mutually dependent, and how they are connected to the input statistics for an

efficient encoder (Wei and Stocker, 2017; Noel et al., 2021) (see Methods). The reconstructed hue

prior p(θ) is shown in Fig. 3.13b.

Having extracted the categorical structure and hue prior, we then fit the data of the color matching

experiments with both the hierarchical matching model and, for comparison, the efficient Bayesian

estimator. Data for each experimental condition and the corresponding model fits are shown in

Fig. 3.14. Similar to the orientation matching data, the hierarchical matching model remarkably

well captures the entire shape of the error distributions for both conditions, especially the shifts of

the distributions at category boundaries (Fig. 3.14a). In contrast, although the efficient Bayesian

estimator qualitatively captures the repulsive bias pattern in the data and its dependency on sensory

noise, predicted bias is generally too small similar to the orientation matching data (Fig. 3.4). A

direct comparison of biases and variances predicted by the two models makes this more explicit

(Fig. 3.14b,c). The comparison also demonstrates that even though the prior was approximated

and extracted from the matching data, which introduces an element of circularity in the modeling

process, such prior alone does not guarantee a good fit of the data without considering the categorical

structure.
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Figure 3.14: Data and model fits for the color matching experiment: (a) error distributions, (b)
bias and (c) standard deviation. Columns show the data and the corresponding best-fit model
predictions. Vertical lines show categorical boundaries. Data distributions show clear shifts with
the biases generally repulsed away from categorical boundaries. Bias and variability are larger in
the delayed condition than the undelayed condition. The overall pattern of the error distribution,
the bias, and the standard deviation are well captured by the hierarchical matching model across
conditions. While the efficient Bayesian estimator correctly predicts repulsive biases, the overall
shape of the predicted error distributions does not well match the data, and the bias magnitude is
much smaller. Data is re-analyzed from Bae et al. (2015). Shaded areas represent 95% confidence
intervals from 1000 bootstrap runs. See Methods for details.
Supplementary Table 3.5. Fit parameter values of the holistic matching model.
Supplementary Figure 3.25. Fit category structure of the holistic matching model.
Supplementary Figure 3.26. Model comparison.
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Our proposed holistic matching model also provides a better account of the data than the ’CATMET’

model suggested by Bae et al. (2015). This model assumes that color perception is a conditioned

inference process where an observer first picks the most likely color category of the stimulus and

then infers its hue value according to the hue prior of the chosen color category (Stocker and

Simoncelli, 2007). Such “self-consistent” inference model has previously been shown to account for

choice-induced categorical effects in orientation perception (Luu and Stocker, 2018, 2021) (see also

Discussion). However, model comparison shows that the holistic hierarchical matching model is

superior to both the efficient Bayesian estimator as well the as CATMET model (Supplementary

Fig. 3.26). More so, however, it suggests that the holistic matching model is general and provides a

quantitative accurate account for human matching behavior for different perceptual modalities that

are likely subject to categorical influences.

3.4. Discussion

We presented empirical and theoretical evidence that human sensory perception is a holistic in-

ference process operating across a hierarchy of sensory representations. We introduced a holistic

matching model to account for human behavior in a typical perceptual matching task for stimu-

lus orientation. The model assumes that a subject’s response in this task represents an optimal

match of the probe and the test stimulus in terms of a combined objective function considering

both their differences in orientation and category identity. We validated the model against three

different existing psychophysical datasets probing human orientation perception. We showed that,

in addition to an efficient sensory encoding of the stimulus orientation, a holistic inference process

is necessary in order to provide an accurate account of subjects’ full response distributions. The

fact that subjects’ response bias is not inverted when switching the role of the test and the probe

stimulus in the matching experiment and that subjects still have repulsive bias when the test and

the probe stimulus have the same bias is unique evidence for the holistic nature of the matching

process, because any model operating only at the feature level would predict the opposite behavior.

Furthermore, validation against data from color matching experiments confirmed the generality of

the proposed model framework. The significance of our work lies in formulating and validating a

novel, holistic inference theory for perception that explains why and how perception of a low-level
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visual feature (e.g., orientation and color) is dependent on its high-level structural representation.

Its holistic nature fundamentally separates our framework from existing Bayesian observer models

that have been proposed to account for categorical effects in perception (Feldman et al., 2009; Bae

et al., 2015; Kronrod et al., 2016; Landy et al., 2017; Bill et al., 2020a; Gifford et al., 2014). While

these models share a similar hierarchical generative process (Fig. 3.1b), inference in these models is

limited to the feature level (i.e., orientation) by marginalizing over the entire generative hierarchy

(i.e., categories). Marginalization effectively collapses the hierarchy, thereby reducing the inference

process to a non-hierarchical Bayesian estimator with a heterogeneous prior determined by the

weighted sum of the stimulus prior given each category. Thus the predictions of these models are

identical to those of the non-holistic model considered in our study (e.g., Fig. 3.3). Other studies

have proposed that inference over these hierarchical generative models is a sequential, top-down

process where the category of the stimulus is inferred first before computing the posterior at the

feature level conditioned on the inferred category (Stocker and Simoncelli, 2007; Bae et al., 2015;

Ding et al., 2017; Luu and Stocker, 2018; Qiu et al., 2020) or the updated category belief (Lange et al.,

2021), respectively. Although these “self-consistent” inference models predict increased perceptual

biases away from categorical boundaries toward the center of the more likely stimulus category (i.e.,

confirmation biases), inference again is ultimately limited to an estimate at the feature level. Thus

these models too can not explain why biases do not flip their sign when interchanging the probe

and the test stimuli in a matching task( Tomassini et al. (2010); Fig. 3.9). Also, in contrast to these

“self-consistent” inference models, the proposed holistic matching model is optimal and provides a

rational, normative explanation for why and how categorical structures affect perceptual behavior.

Sims et al. (2016) proposed a rate-distortion theory (RDT) based model using an objective function

combining a cost at the feature and the category level similar to our approach. While the study

showed how such optimal mapping can account for the estimation biases in color perception with

regard to color categories, RDT is intrinsically an estimation model that would be rather difficult

to adapt to modeling the matching process between test and probe stimulus under more general

task conditions (i.e., with noisy probe stimuli). As a result, it too cannot account for the data by

Tomassini et al. (2010).
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It is worth highlighting the specific strengths of the proposed model, as well as its current limitations.

First, our model makes detailed predictions of subjects’ behavior by specifying the entire response

distributions, which permits a stringent and fine-grained model validation. This is in contrast to

the many models that limit validation to some summary statistics such as the average response and

its biases (e.g., Huttenlocher et al., 1991). Similarly, the model makes individual predictions for

meaningful parameters such as sensory noise levels, or the subjective uncertainty in the categorical

structure of the stimulus. These are parameters that can be experimentally manipulated, allowing

for selective empirical tests of the model. Second, despite its complexity due to the hierarchical

structure, the model is relatively well constrained. In particular for visual orientation, we used a fixed

prior distribution over stimulus orientation that reflects the measured statistics of visual orientation

in natural scenes. This constraint likely prevents an even better quantitative account of the data

yet demonstrates the robustness of our model (Supplementary Fig. 3.17). Furthermore, the model

assumes that perceptual inference operates on efficient sensory representations, thus incorporating

and extending previous work showing that human perception ubiquitously exhibits lawful hallmarks

of efficient coding in combination with optimal Bayesian inference (Wei and Stocker, 2017). Thus,

aside from the specification of the noise levels, the free model choices are essentially limited to

the details specification of the categorical structure of orientation. Somewhat surprisingly, little is

known about the natural categorical structure of human orientation perception. Thus our choice

of ’cardinal’ and ’oblique’ discrimination reflects an intuitive assumption that, however, is shared

with previous studies (e.g., Rosielle and Cooper, 2001; Wakita, 2004). However, it is reassuring that

assuming a categorical structure that only distinguishes between clockwise and counter-clockwise

orientations across the vertical meridian does not significantly change the model behavior (see

Supplementary Fig. 3.18 and 3.20 for the 2-category model fit to both datasets). Future experiments

are necessary to better constrain the categorical representations of visual orientation in human

observers. Another caveat of the model is that the categorical weights fitted from different datasets

vary substantially. Besides the possible differences in experiment setup, it is likely that there is

trade-off between the feature loss and the categorical loss depending on the relative reliability of

the evidence on the feature level and the categorical level that is not accounted for in the current
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model. The feature loss in the current model is a circular variable version of the L2 loss for linear

variables, which does not scale proportionally to the variance of stimulus uncertainty. Adopting a

loss function that scales more prominently with feature uncertainty such as an information based

feature loss may solve this problem. An ideal model would be to remove the arbitrary categorical

weight parameter and to fully express the trade-off with the loss functions.

Our model makes clear predictions when we expect signatures of holistic inference to emerge in

human response behavior, and when not (Fig. 3.12). A recent study showed that data from three

similar orientation matching experiments (Van den Berg et al., 2012; Bays, 2014; Pratte et al.,

2017) can be well accounted for by the efficient Bayesian estimation model (Taylor and Bays, 2018).

However, in line with our predictions, the differences in experimental design compared to the study

by De Gardelle et al. (2010) explain why the Bayesian estimator was sufficient to fit the data.

In particular, presenting the test stimulus at fixed equi-distant stimulus locations and using an

unambiguous probe stimulus reduces both categorical and probe uncertainty, thereby reducing the

influence of categorical inference on the matching response (Fig. 3.12). Future experiments that

will systematically manipulate categorical uncertainty and noise in the probe stimulus will help to

validate these predictions in more detail. Finally, as low-level perception has been shown to follow

common characteristics of sensory inference (e.g., Wei and Stocker, 2017), there is good reason

to believe that our model generalizes to stimulus domains other than visual orientation or color.

For example, many perceptual domains that involve circular variables, such as motion direction

(Rauber and Treue, 1998), pointing direction (Smyrnis et al., 2014), visual and vestibular heading

direction (Cuturi and MacNeilage, 2013), exhibit repulsive bias away from cardinal directions just

like orientation, and have also been shown to have better discrimination at cardinal directions

(Gros et al., 1998). Similarly, studies in visuospatial memory distortion have found biases towards

landmarks, which has been explained by the efficient Bayesian estimation model (Langlois et al.,

2021). It will be interesting to investigate the degree to which a full quantitative account of these

effects requires to consider not just efficient sensory representations but also a holistic hierarchical

inference process as proposed here.
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Conclusions Bayesian estimation models have been successful in accounting for many well-known

distortions in perceptual behavior. In particular in combination with efficiency constraints on the

sensory representations, they provide meaningful (normative) explanations for many of the char-

acteristic bias and variability pattern observed in perceptual estimation tasks in terms of prior

expectations and sensory uncertainty. Our results suggest, however, that it is time to augment

these models to address the holistic nature of perception, where inferences at all levels of the

representational hierarchy are combined to generate perceptual behavior even in simple low-level

perceptual tasks. The novel, holistic matching model is a first step in this direction, providing a

normative and intuitive explanation for how category representations affect perceptual behavior in

a frequently used psychophyiscal task.

3.5. Methods

Experimental methods

Subjects. 10 subjects participated in the experiment, with 9 naive subjects and one of the authors.

All subjects had corrected-to-normal vision.

Apparatus. The experiment was run using Matlab and PsychToolbox (Brainard and Vision,

1997). Participants sat in a dark room and viewed stimuli on a VPixx3D screen (1920*1080 pixels

resolution, 120 Hz refresh rate) at a 89 cm distance. A circular aperture (26 cm diameter) was placed

on the screen to occlude the edges of the screen, removing cardinal orientation cues.

Stimuli. All stimuli were presented on a gray background. The test and probe stimuli were white

noise with 100% contrast, filtered by a 1/f frequency filter within the range of 1-6 cpd, and an

orientation filter with a symmetric wrapped Laplace profile centered at the desired orientation with

a standard deviation of 1.4 deg or 35.6 deg for low- or high-noise stimuli, respectively. The stimulus

had a Gaussian envelope (SD = 0.5 deg). In each trial, the test and the probe stimuli were presented

at random locations 4.5 deg from the center of the screen in opposite directions (Fig. ).

Procedure. In each trial, the test and the probe were presented on the screen. Subjects were

instructed to push a joystick to continuously rotate the probe to match its orientation to the test.

They could also finely adjust the probe orientation in steps of 0.5 deg by pressing one of two buttons.
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The assignment of test and probe was not indicated, but could be easily inferred through an initial

rotation by the subject. Both the test and the probe remained on the screen until the subjects

confirmed their response by pressing a confirmation button.

There were four test-probe noise conditions: low-low, low-high, high-low, high-high. The test

orientations were 5, 15, 25, ..., 175 deg, 18 orientations in total. The initial probe orientation was

randomized. Subjects completed 40 trials for each test orientation in each noise condition. The

noise conditions and test orientations were randomly interleaved across trials.

Data analysis

For each subject, each noise condition, and each test orientation, trials where the response was 4

standard deviations away from the mean were eliminated from the analysis and model fit. The net

repulsion (Fig. ) was computed by taking the average of the bias for test orientation in the 0 –

45 deg and 90 – 135 deg range and the negative bias for test orientation in the 45 – 90 deg and 135

– 180 deg range.

3.5.1. Existing psychophysical data

Dataset by De Gardelle et al. (2010). Each trial began with a background noise texture, then

a test stimulus (Gabor patch) was presented for a variable duration at a random location 6.5 degs

away from fixation. After the presentation of a mask and a blank interval, a randomly oriented probe

stimulus (blue Gabor patch with only one visible strip) appeared at the test position. Participants

were instructed to adjust the orientation of the probe using the mouse in order to reproduce the

test orientation. Finally, they were also asked to report the visibility of the test stimulus on a

continuous scale from 0 (“nothing seen”) to 1 (“fully visible”). Presentation times of the test Gabor

were [1000, 160, 80, 40, 20]ms and 0 ms (no stimulus presented), randomly intermixed. 46 subjects

participated in the experiment, divided into five groups. Four groups were presented with random

test orientations in 2/3 of the trials and one particular orientation (vertical, horizontal, right or left

oblique) in the remaining trials. The fifth group always received random test orientations. Each

subject completed two to four blocks of 120 trials each. For our analysis, we combined the data of

all five groups of participants but only included trials in which the test orientations were randomly
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selected. Furthermore, we excluded trials with presentation durations 20ms (because data of those

trials were too noisy to be reasonably analyzed) and 0 ms (because no test stimulus was shown).

We also excluded trials for which the visibility rating was smaller than 0.01. After exclusion, the

dataset contained 1103, 2187, 2140, and 1383 trials for each presentation duration, respectively.

Illustrations of the data distributions (Fig. 3.3) and bias and standard deviation (Fig. 3.4) are

based on smoothing the raw trial data with a symmetric Gaussian kernel centered at each data

point. Kernel size (standard deviation) was chosen to provide the most accurate density estimation

based on cross-validation (5 degs; see Supplementary Fig. 3.19). Distributions are normalized to

indicate the conditional probability of response for each test orientation. In order to allow for a

fair visual comparison between models and data, we applied the same smoothing procedure for the

model predictions shown in Figs. 3.3 and 3.4.

Dataset by Noel et al. (2021). In each trial, a Gabor was presented at fixation for 120ms.

Then after the presentation of a mask and a blank interval, a randomly oriented probe stimulus

(white Gabor patch with only one visible strip) appeared. Participants were instructed to adjust

the orientation of the probe by button press to reproduce the test orientation. The experiment

consisted of 3 blocks of 200 trials; the first block was without feedback; in the second and third

blocks, participants were given feedback. 25 neurotypical individuals and 17 individuals diagnosed

as within the ASD participated in the experiment. For our analysis, we combined the data across

subjects within each group, but only included trials in the no-feedback block. We also excluded

trials in which the responses were 3 standard deviations away from the mean response.

Dataset by Tomassini et al. (2010). In the main experiment, subjects viewed an array of

Gabor patches and adjusted the implied orientation of two dots, placed on opposite sides of the

fixation mark, such that it matched the average orientation of the Gabor patches. In the control

experiment, the test and probe stimuli were interchanged: subjects adjusted the orientation of the

Gabor array to match the orientation indicated by the two dots. Adjustments were done by pressing

two keys on the keyboard. The orientation of each Gabor patch in the array was randomly selected

from a Gaussian distribution centered at the test orientation with two different standard deviations,

resulting in two different stimulus noise conditions (Fig. 3.9). The orientation of the test stimulus
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was randomly selected from 18 orientations each 10 degs apart. For the main experiment, conditions

with different fixed and response-terminated test presentation durations were measured in separate

blocks. The control experiment only consisted of response-terminated presentations. Five subjects

participated in the main experiment, each completing 8 trials per test orientation, presentation time,

and stimulus noise level. Four subjects participated in the control experiment, each completing 16

trials per test orientation and stimulus noise level. Three subjects participated in both experiments.

For our analysis, we combined the data across all subjects in both experiments, but only included

the trials with response-terminated presentations. We also excluded trials in which the responses

were 3 standard deviations away from the mean response.

Dataset by Bae et al. (2015). In the color naming experiment, subjects viewed a colored square

and selected out of eight basic color terms the term that most closely described the test color. In the

matching experiments, subjects viewed a colored square and and chose the color that best matched

the test color by clicking on a color wheel. In the undelayed estimation, the colored square remained

on the screen until the subject responded. In the delayed estimation, there was a delay period after

the colored square disappeared before the color wheel was presented. 10 subjects participated in

the color naming experiment, each completed 6 trials for each test color. 8 subjects participated

in the undelayed estimation experiment, each completing 16 trials per test color for half of the test

colors, resulting in 64 trials per test color from all subjects. 3 subjects participated in the delayed

estimation experiment, each completing 20 trials per test color, resulting in 60 trials per test color

from all subjects. For our analysis, we combined the data across all subjects in each experiments.

We excluded trials in which the responses were 5 standard deviations away from the mean response

in the estimation experiments.

Illustrations of the estimation error distributions (Fig. 3.14a) are based on smoothing the raw trial

data with a 1D Gaussian kernel along the error axis centered at each data point with a SD of 3 deg.

Illustrations of the bias and standard deviation (Fig. 3.14c,d) are based on smoothing the raw trial

data with a running Gaussian window with a SD of 5 deg.
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3.5.2. The holistic matching model

Efficient coding and feature inference. The following derivation follows Wei and Stocker

(2015). Let θ be the orientation of the test stimulus and m its sensory measurement in a given trial.

We assume that sensory encoding maximizes the mutual information between stimulus orientation

and the sensory measurement (approximated by Fisher information (Wei and Stocker, 2016)), given

that the total mutual information is limited. As a result, the prior distribution of the stimulus p(θ)

and the Fisher information J(θ) of the sensory representation satisfy the efficient coding constraint

p(θ) ∝
√
J(θ) . (3.2)

Sensory noise: consider a sensory space in which Fisher information is uniform. The optimal

mapping θ̃ = F (θ) from stimulus to this sensory space is the cumulative of the stimulus distribution,

thus F (θ) =
∫
p(θ)dθ. The likelihood function in stimulus space p(m|θ) can be computed by

applying the inverse mapping θ = F−1(θ̃) to the homogeneous likelihood function in sensory space

p(m̃|θ̃) obtained by assuming uniform sensory noise according to a von Mises distribution

p(m̃|θ̃) = vm(m̃; θ̃, κi) , (3.3)

with κi representing the sensory noise magnitude.

Stimulus noise: for the test stimulus in Tomassini et al. (2010) (array of Gabor patches) we assume

uniform noise in stimulus space with stimulus samples θ′ on each trial for a given stimulus θ following

a von Mises distribution

p(θ′|θ) = vm(θ′; θ, κe) , (3.4)

where κe represents the stimulus noise magnitude. The stimulus sample θ′ corresponds to θ̃′ = F (θ′)

in sensory space and elicits a noisy sensory measurement m̃ according to Eq. (3.3), hence

p(m̃|θ̃′) = vm(m̃; θ̃′, κi) . (3.5)
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The distribution of the sensory measurement m in stimulus space is

p(m|θ′) = p(m̃|θ̃′)F ′(m) , (3.6)

where m̃ = F (m). The likelihood function that takes both stimulus noise and sensory noise into

account is

p(m|θ) =
∫

p(m|θ′)p(θ′|θ) dθ′ . (3.7)

Finally, based on the generative model (Fig. 3.1b) the posterior over stimulus orientation given the

sensory measurement is

p(θ|m) ∝ p(m|θ)
∑
i

p(µ|Ci)p(Ci) ∝ p(m|θ)p(θ) , (3.8)

where the orientation prior p(θ) is represents the natural orientation statistics (Fig. 3.2a).

Categorical inference. Orientation categories: We assume four natural categories for orienta-

tion: vertical (‘V’), horizontal (‘H’), clockwise(‘CW’) or counter-clockwise (‘CCW’) oblique relative

to vertical (C ∈ C = {‘H’, ‘V’, ‘CW’, ‘CCW’}). The horizontal category is defined by the von Mises

distribution

p(C = ‘H’|θ;µH) = α
vm(θ;µH , κc)

vm(µH ;µH , κc)
, (3.9)

where α is the probability of the horizontal category at µH , κc represents the uncertainty in the

categorical boundaries, and µH represents a noisy signal of the horizontal orientation that may

stochastically vary across trials according to

p(µH) = vm(µH ; 0 deg, κc) . (3.10)

The vertical category is similarly defined with its center µV always 90 degrees away from µH

(Eq. (3.10)). The oblique categories are the orientations in between the cardinal categories with a
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smooth transition given by the cumulative von Mises distributions

p(‘CCW’|θ;µH) = (cumvm(θ;µH , κc)− cumvm(θ;µV , κc))(1− p(‘H’|θ)− p(‘V’|θ)) (3.11)

and

p(‘CW’|θ;µH) = (cumvm(θ;µV , κc)− cumvm(θ;µH , κc))(1− p(‘H’|θ)− p(‘V’|θ)) , (3.12)

respectively. For simplicity, we assume a single parameter κc to represent the uncertainty in the

cardinal orientations and the uncertainty in the categorical boundaries.

Finally, with the generative model (Fig. 3.1b) the posterior probability over category C can be

computed as

p(C|m;µH) = 1
p(m)

∫
θ p(m|θ)p(θ|C;µH)p(C) (3.13)

= 1
p(m)

∫
θ p(m|θ)p(θ)p(C|θ;µH)

=
∫
θ p(C|θ;µH)p(θ|m) .

Color categories: We extract the category structure from the color naming experiment in Bae et al.

(2015). Following the original study, we assume six color categories (C ∈ C = {C1, C2, ..., C6}). We

assume that due to the uncertainty in the boundary position, every boundary µj jitters around its

respective mean position bj by the same deviation ∆µ in each trial

µj = bj +∆µ (j = 1, 2, ..., 6) , (3.14)

and the deviation follows a von Mises distribution

p(∆µ) = vm(∆µ; 0, κb) , (3.15)

where κb is the uncertainty in the categorical boundary. Because in the color naming experiment,
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the test color was presented on the screen until observers responded, sensory noise is small, so the

uncertainty in the responses is predominantly caused by the uncertainty in the category boundaries.

The probability of choosing category Cj for a noiseless stimulus with hue angle θ is

p(answer Cj |θ) = cumvm(θ; bj , κb)− cumvm(θ; bj+1, κb) . (3.16)

We fit this probability to the color naming data to obtain κb and bj (j = 1, 2, ..., 6).

Same as with orientation, we assume that color categories overlap according to cumulative von

Mises distributions

p(Cj |θ; ∆µ) = cumvm(θ;µj , κc)− cumvm(θ;µj+1, κc) , (3.17)

where κc specifies the overlap between neighboring categories. Finally, the posterior probabilities

of each category is computed according to Eqs. (3.13).

Matching. We assume that participants adjust the probe stimulus while obtaining continuous

visual feedback about the probe orientation (space or color). Let θp be the orientation of the probe,

mp the sensory measurement of the probe, and Cp the category of the probe. For simplicity, we

assume that motor noise is additive, induced only after the probe is optimally adjusted (Fig. 3.1b).

Note that we have considered more elaborate visuomotor control models that take motor noise into

consideration when computing the optimal match, but found that the predictions do not significantly

differ for the typical noise levels observed in orientation matching tasks.

The categorical loss is defined as whether the category of the probe is different from the category

of the test orientation C:

Lc(C,Cp) =


0 if Cp = C

1 otherwise .

(3.18)

The feature loss is assumed to be the cosine of the difference between the probe and the test
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orientation, thus

Lθ(θ, θp) = 2(1− cos(2(θ − θp))) . (3.19)

The cosine loss for circular variables is equivalent to the L2 loss for linear variables in the sense that

the optimal estimate is defined by the (circular) mean of the posterior distribution.

The total loss (Eq.3.1) is the weighted sum of the feature loss and the categorical loss. Given the

sensory measurements m and mp, the expected total loss is

E[Ltot|m,mp;µH ] =

∫∫
Lθ(θ, θp)p(θ|m)p(θp|mp) dθ dθp

+ w
∑
C0∈C

p(C = C0|m;µH)(1− p(Cp = C0|mp;µH)) . (3.20)

When there is no noise in the probe (mp = θp) the expected total loss simplifies to

E[Ltot|m, θp;µH ] =

∫
Lθ(θ, θp)p(θ|m) dθ

+ w
∑
C0∈C

p(C = C0|m;µH)(1− p(Cp = C0|θp;µH)) . (3.21)

The optimal probe orientation θ̂p that minimizes the expected loss is

θ̂p(m;µH) = argmin
θp

E[Ltot|m, θp;µH ] . (3.22)

When there is noise in the probe, the observer has to minimize the expected loss based on the

sensory measurement mp. For simplicity, we omit a description of how the observer adjusts the

probe using visuomotor feedback. We simply assume that the observer adjusts the probe until they

detect a probe measurement m̂p that minimizes the expected total loss, hence

m̂p(m;µH) = argmin
mp

E[Ltot|m,mp;µH ] . (3.23)

Predicted response distribution. Above is a description of the perceptual decision process of

determining the optimal probe response, expressed by Eqs. (3.22) and (3.23), respectively. Now we
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calculate the predicted response distribution that follows from this process.

When there is noise in the perception of the probe stimulus, then there are different probe orienta-

tions θ̂p that could have generated the optimal probe measurement m̂p. Since the probe orientation

is generated by the observer and not the natural environment, we simply assume that the probability

of the adjusted probe orientation given the optimal probe measurement m̂p is proportional to the

likelihood function as defined by Eq. (3.7) and is not affected by any non-uniform prior assumption,

hence

p(θ̂p|m̂p(m;µH)) ∝ p(m̂p(m;µH)|θ̂p) . (3.24)

Because m̂p(m;µH) is a deterministic function (Eq. (3.23)) we can rewrite the probability distribu-

tion as

p(θ̂p|m;µH) = p(θ̂p|m̂p(m;µH)) . (3.25)

When the probe stimulus is noise-free, Eq. (3.25) turns into a Dirac delta distribution at the optimal

θ̂p (Eq. (3.22)).

Finally, we assume that when the observer confirms the intended probe orientation θp (e.g., with a

button press), additive motor noise corrupts the answer leading to a noisy response θ̂p
∗

according

to

p(θ̂p
∗|θ̂p) = vm(θ̂p

∗
; θ̂p, κm) , (3.26)

where κm represents the motor noise magnitude.

Taken together, the predicted probability distribution of the matching response θ̂p
∗

to a test orien-

tation θ can be computed as

p(θ̂p
∗|θ) =

∫∫∫
p(θ̂p

∗|θ̂p)p(θ̂p|m;µH)p(m|θ)p(µH) dθ̂p dm dµH , (3.27)

with the terms in the integral given by Eqs. (3.26), (3.25), (3.7), and (3.10), respectively. For

color, µH is replaced by ∆µ and p(∆µ) is given by Eq. (3.15).
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3.5.3. The non-holistic matching model

The non-holistic matching model shares the same feature inference process as the holistic matching

model, but does not consider categorical inference (Fig. 3.1b). The matching process only consists

of minimizing the feature mismatch between test θ and probe orientation θp. The calculation of the

response distributions for different noise conditions is identical to the calculations for the holistic

matching model above (Eq. (3.27) except that it is not dependent on category noise µH .

If the probe stimulus is noiseless, the non-holistic matching model is equivalent to the efficient

Bayesian estimator (Wei and Stocker, 2015) with the assumption that the probe orientation θp is a

direct representation of the optimal estimate θ̂ of the test orientation according to the loss function

Lθ (Eq. (3.19)) aside from potential, additive motor noise. The efficient Bayesian estimator shares

the same efficient feature encoding as the holistic matching model described above. In contrast, the

standard Bayesian estimator assumes homogeneous encoding such that the sensory measurements

m given the stimulus sample θ′ follows the von Mises distribution

p(m|θ′) = vm(m; θ′, κi) , (3.28)

where κi represents the constant sensory noise magnitude, independent of θ′.

3.5.4. Model fitting

We jointly fit the model to the data of all the conditions in each dataset by maximizing the likelihood

of the data given the model:

p(D|ρ) =
n∏

j=1

p(Dj |ρ) =
n∏

j=1

p(θ̂j |ρ, θj) , (3.29)

where D is the data, ρ represents the parameters of the model, θj is the test orientation and θ̂j is

the measured matching orientation (probe) in trial j, and n is the total number of trials.

We assume a fixed orientation prior for all model fits, representing the average natural orientation

statistics extracted from indoor and outdoor scenes images (Coppola et al., 1998). More specifically,
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we apply a spline fit to the orientation histograms of indoor and outdoor scenes separately assuming

that the distributions are symmetric around the vertical orientation (Supplementary Fig. 3.17a),

and then take the average of the two spline fits as the orientation prior p(θ) (Fig. 3.2a).

For fitting the data by De Gardelle et al. (2010), we assume no stimulus noise and four sensory

noise levels corresponding to the four different presentation durations, resulting in a total of 8 free

parameters:

• a group of four parameters κi for four sensory noise levels;

• κc for category uncertainty;

• α for the probability of cardinal category;

• w for the weight of the categorical loss;

• κm for motor noise.

For fitting the data by Noel et al. (2021), we assume no stimulus noise and we fit data from the

neurotypical and ASD subjects separately, resulting in 5 free parameters for each subject group:

• κi for sensory noise;

• κc for category uncertainty;

• α for the probability of cardinal category;

• w for the weight of the categorical loss;

• κm for motor noise.

For fitting the data by Tomassini et al. (2010), we assume one sensory noise level across all the

conditions, and two stimulus noise levels corresponding to the two different standard deviations of

the Gabor orientations in the stimulus array. So the holistic matching model fit contains 7 free

parameters:
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• κi for sensory noise;

• a group of two parameters κe for two stimulus noise levels;

• κc for category uncertainty;

• α for the for the probability of cardinal category;

• w for the weight of the categorical loss;

• κm for motor noise.

For fitting the data from the new orientation matching experiment (Fig. 3.11), we assume one

sensory noise for both the test and the probe across all the conditions, and two stimulus noise

levels corresponding to the low and high noise stimulus for the test and the probe. So the holistic

matching model fit contains 7 free parameters:

• κi for sensory noise;

• a group of two parameters κe for two stimulus noise levels;

• κc for category uncertainty;

• α for the for the probability of cardinal category;

• w for the weight of the categorical loss;

• κm for motor noise.

For fitting the color data by Bae et al. (2015), we first extract the categorical structure by fitting

the color naming probabilities to the color naming data according to the parameterization described

above (Eq. (3.16)), with 7 free parameters for the mean boundary positions bj (j = 1, 2, ..., 6) and

the uncertainty in boundary positions κb.

Furthermore, we reconstruct the prior p(θ) on hue orientation from the bias b(θ) and standard
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deviation σ(θ) of the participants’ response using the Cramer-Rao bound (Wei and Stocker, 2017;

Noel et al., 2021) √
J(θ) ∝ |1 + b′(θ)|

σ(θ)
(3.30)

and the efficient coding constraint (Eq. (3.2)). For reconstruction, we use the data from the delayed

condition because bias and standard deviation are larger, and thus the deviations from the the

Cramer-Rao bound due to motor and other late noise is smaller. This results in a more accurate,

closer reconstruction of the underlying prior distribution. Reconstruction is based on a polynomial

fit (degree 20) to the measured bias and standard deviation, respectively (Supplementary Fig. 3.24).

For fitting the matching data (Fig. 3.14), we assume no stimulus noise and two sensory noise levels

corresponding to the undelayed and delayed condition, resulting in a total of 5 free parameters:

• a group of two parameters κi for two sensory noise levels;

• κc for the overlap between categories;

• w for the weight of the categorical loss;

• κm for motor noise.

The efficient Bayesian estimator has free parameters for sensory noise, stimulus noise, and motor

noise; thus it has five free parameters for the data by De Gardelle et al. (2010), four for the data

by Tomassini et al. (2010), and three for the data by Bae et al. (2015) (no stimulus noise).

The standard Bayesian estimator has the same free parameters as the efficient Bayesian estimator,

except that for the comparison with the data by De Gardelle et al. (2010), we fixed the motor noise

to be the same value obtained from the fit with the efficient Bayesian estimator (including the fit

to the training set in each cross-validation run).

3.5.5. Cross-validation

In each run of cross-validation, we randomly partition the data into a training set containing 80%

of the trials and a validation set consisting of the remaining 20% of the trials. The partition is done
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separately for each noise level. We fit the model to the training set, then compute the likelihood of

the fit model given the validation data. This likelihood represents the degree to which the fit model

is supported by the validation data. We repeat this process 100 times.

The “omniscient” observer model. The omniscient model is an empirical model that serves

as a reference for cross-validation. It directly considers the data in the training set as a prediction

of the error distribution using kernel density estimation. Each data point in the training set is

transformed into a symmetric 2D Gaussian probability kernel (diagonal covariance matrix). The

resulting distribution is then normalized for each test orientation. The performance of the omniscient

model on the validation set depends on the width of the Gaussian kernel: if the width is too small, the

model over-fits the training set; if the width is too large, the prediction is too general and the model

loses predictive power. We cross-validated the omniscient model with different standard deviations

and found that a standard deviation of 5 degrees leads to the best performance (Supplementary

Fig. 3.19).
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3.6. Supplementary Information

Parameter Value
De Gardelle et al. (2010)
κi: sensory noise [356.94, 15.79, 4.58, 2.10]
κc: category uncertainty 8.29
α: cardinal probability 0.60
w: categorical weight 10.75
κm: motor noise 34.63
Tomassini et al. (2010)
κi: sensory noise 698.50
κe: stimulus noise [651.39, 19.14]
κc: category uncertainty 4.79
α: cardinal probability 0.52
w: categorical weight 0.52
κm: motor noise 38.20

Table 3.1: Best-fitting model parameters for data in De Gardelle et al. (2010) and Tomassini et al.
(2010).
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Parameter Value
De Gardelle et al. (2010)
κi: sensory noise [211.47, 15.49, 4.59, 1.98]
κb: boundary noise 58.61
κc: category overlap 1.82
w: categorical weight 6.59
κm: motor noise 24.32
Tomassini et al. (2010)
κi: sensory noise 695.69
κe: stimulus noise [699.92, 17.56]
κb: boundary noise 9.27
κc: category overlap 2.33
w: categorical weight 0.69
κm: motor noise 37.29

Table 3.2: Best-fitting parameters of the 2-category holistic matching model for data in De Gardelle
et al. (2010) and Tomassini et al. (2010).
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Parameter Value
Noel et al. (2021): Neurotypical subjects
κi: sensory noise 19.17
κc: category uncertainty 8.25
α: cardinal probability 0.56
w: categorical weight 6.98
κm: motor noise 27.56
Noel et al. (2021): ASD subjects
κi: sensory noise 6.19
κc: category uncertainty 8.04
α: cardinal probability 0.60
w: categorical weight 4.93
κm: motor noise 120.18

Table 3.3: Best-fitting model parameters for data in Noel et al. (2021).

88



Parameter Value
κi: sensory noise 349.46
κe: stimulus noise [698.17, 33.14]
κc: category uncertainty 6.85
α: cardinal probability 0.64
w: categorical weight 0.18
κm: motor noise 398.62

Table 3.4: Best-fitting model parameters for the combined subject from the new orientation match-
ing experiment.
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Parameter Value
Bae et al. (2015): color naming
b: mean boundary positions [35.4, 88.3, 109.1, 186.1, 283.1, 326.2]
κb: boundary noise 52.42
Bae et al. (2015): color matching
κi: sensory noise [102.52, 21.63]
κc: category overlap 7.70
w: categorical weight 0.42
κm: motor noise 40.57

Table 3.5: Best-fitting parameters of the holistic matching model for the color naming and color
estimation data in Bae et al. (2015).
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Figure 3.15: Best-fitting categories for the three existing orientation datasets.
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Figure 3.16: Best-fitting categories for the combined subject from the new orientation matching
experiment.
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Figure 3.17: Predictions of the holistic matching model using “outdoor” and “indoor” orientation
priors, respectively. (a) Image statistics of indoor and outdoor natural scenes (dots) and their
smooth spline interpolations representing the corresponding prior distributions (lines). We assume
the distributions to be symmetric around vertical. Data reanalyzed from Coppola et al. (1998). (b)
Predicted bias and standard deviation of the holistic matching model using the two different prior
distributions. All other model parameters are identical to the best-fit values listed in Supplementary
Table 3.1. Patterns in bias and standard deviation are qualitatively similar across the two priors.
The peakier “indoor” prior leads to larger repulsive biases yet less pronounced differences in standard
deviation compared to the “outdoor” prior. Simulations and model fits in the main text all use a fixed
prior distribution that represents the average between the “indoor” and “outdoor” prior (Fig. 3.2).
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Figure 3.18: Two-category holistic matching model fit for matching task with noiseless probe. The
cardinal probability α is set to zero, and the parameters for boundary noise and category overlap
are allowed to vary independently. The fitting procedure is otherwise identical to the model with
four categories. Fit parameter values are listed in Supplementary Table 3.2.
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Figure 3.19: Cross-validation of the kernel density estimation accuracy for the omniscient model as
a function of different Gaussian kernel size (standard deviation). Squares represent the median and
error bars represent 95% confidence intervals of 100 repetitions of a repeated random sub-sampling
cross-validation procedure. Accuracy shows a lawful dependency on kernel size with a standard
deviation of 5 degrees providing the largest median likelihood value.
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Figure 3.20: Two-category holistic matching model fit for matching task with noisy probe. The
cardinal probability α is set to zero, and the parameters for boundary noise and category overlap
are allowed to vary independently. The fitting procedure is otherwise identical to the model with
four categories. Fit parameter values are listed in Supplementary Table 3.2.
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Figure 3.21: Individual subjects’ data from the orientation matching experiment: subject 1 – 4.
Error bars represent 95% confidence intervals from 1000 bootstrap samples of the data.
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Figure 3.22: Individual subjects’ data from the orientation matching experiment: subject 5 – 7.
Error bars represent 95% confidence intervals from 1000 bootstrap samples of the data.
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Figure 3.23: Individual subjects’ data from the orientation matching experiment: subject 8 – 10.
Error bars represent 95% confidence intervals from 1000 bootstrap samples of the data.
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Figure 3.24: Polynomial fit of degree 20 to the bias and standard deviation of subjects’ color
matching responses in the delayed condition in Bae et al. (2015).
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Figure 3.26: Model comparison for color matching data. Correlation values for bias and preci-
sion between data and the fit model predictions obtained from the holistic matching model, the
four-category CATMET model, and the efficient Bayesian estimator model. Shown are the mean
correlation values across the delayed and undelayed conditions. Correlation is used as a measure of
model accuracy in order to be able to include the CATMET model in the comparison, using the
values indicated in the original paper. Note that we show the values for the best-performing version
of the CATMET model that considers only four color categories (Bae et al., 2015). Correlation
values are computed as in the original paper.
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CHAPTER 4

GENERAL DISCUSSION

In this dissertation, I have investigated how visual perception is influenced by context and the

computational principles behind it. In particular, I looked at the perception of orientation under

temporal and structural context. The present thesis is rooted in the general hypothesis that the

visual system is an ideal system optimized for perception in the natural environment. For tem-

poral context, through a rigorous psychophysical adaptation experiment, analysis of natural scene

statistics, and simulation of a recurrent neural network, I demonstrated the dynamic optimality

of sensory encoding with temporal context in terms of maximizing the information in the sensory

system of the stimulus. For categorical structural context, I developed a holistic matching model

that incorporates the categorical context into the optimization goal of the decision process and

validated the model with a large body of existing and new psychophysical data, suggesting that

structural context might be imposed through holistic processing and active planning. Together, my

work provided important insights into the modulation of context on sensory encoding and decoding

from a normative point of view.

4.1. Specific contributions

For the temporal context, I ran a psychophysical experiment that cleared up the messy behavioral

evidence in the previous literature and characterized the universal adaptation kernel of changes

in coding accuracy as described by Fisher information. I tested the efficient coding hypothesis

of adaptation by analyzing the natural scene statistics paired with eye-tracking and simulating

an adaptation experiment similar to the human psychophysical experiment on a recurrent neural

network optimized to predict future video frames. I found that the coding accuracy in human

observers increases near and orthogonal to the adaptor and decreases away from the adaptor after

adaptation, and the distribution of orientation conditioned on the history mean orientation and the

adaptation induced change in Fisher information in the recurrent neural network both support the

efficient coding explanation of adaptation.
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The efficient coding principle has been a prominent hypothesis in explaining the adaptation effect.

However, previous studies have mostly focused on certain predictions derived from the efficient

coding hypothesis such as histogram equalization or redundancy reduction, instead of directly veri-

fying the efficient coding hypothesis in terms of maximizing information. One intrinsic difficulty in

rigorously testing the efficient coding hypothesis lies in the measurement of neural coding that is

comprehensive enough to characterize information distribution. In this work, I bypassed the neural

measurement by extracting Fisher information from the behavioral measurement of discrimination

threshold. Also, previous studies that measured the adaptation induced changes in orientation

discrimination either measured it within a small range surrounding the adaptor orientation, or mea-

sured it at one test orientation after adapting to different adaptor orientations. These discrimination

measurements are not sufficient to inform us about how adaptation changes the information in the

sensory system without the implicit assumption that adaptation effect depends not on the absolute

value of the adaptor but only on the relative deviation of the subsequent stimulus. My experiment

answered both aspects of this question. I measured the discrimination threshold across the entire

range of orientation after adapting to a single orientation in comparison to a properly controlled

null-adapted condition, so I was able to extract the changes in coding accuracy across the stimulus

range after adaptation. Then I derived a universal parametric description of said coding changes,

confirming that the adaptation effect indeed does not depend on the absolute adaptor value.

Artificial neural networks have exploded in popularity in recent years as a means to understand

the neural properties and behavioral performance of animals and humans. Artificial system is

particularly good for testing hypothesis regarding the building principle of a biological system

because one can have full control over how the system is built and build it solely based on the

principles under consideration, so any neural properties or behavioral regularities that emerge must

be due to these building principles; whereas in real-life pre-existing biological systems, there are

always confounding factors or alternative mechanisms that cannot be teased apart. I showed that

PredNet, a recurrent neural network built on the predictive coding framework and trained on natural

videos to predict the future frames, exhibited similar changes in Fisher information to human

observers after adapting to single orientations. This implies that such changes in representations
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must be due to the goal of the network to best represent future input combined with the statistical

regularities in the training data, which are natural scene videos, supporting the efficient coding

hypothesis.

For the structural context, I specifically looked into the categorical context in orientation perception.

I proposed a holistic matching model and showed that it can quantitatively explain the response

distributions in classic orientation estimation/matching experiments. I also ran a new orientation

matching experiment that verified the predictions of the model, which cannot be qualitatively

reconciled with non-holistic estimation models. Furthermore, I applied the holistic matching model

to color estimation data, showing that this model can be generalized to other features under the

influence of categorical effect, or more generally, structural context.

Bayesian ideal observer model has been a successful normative model framework in explaining and

predicting perceptual behaviors. However, when the hierarchical context comes into play, the current

Bayesian models either collapse the hierarchy and therefore fail to capture the hierarchical effect, or

deviate from the normative formulation. By incorporating the categorical loss into the loss function,

the holistic matching model both retain a normative formulation and predict the categorical effect.

We have shown that this model can explain the bias in not only orientation matching but also color

estimation. This model can potentially serve as a general framework for the normative explanation

of the categorical effect on perceptual biases.

4.2. Implications on understanding perceptual processes

The efficient coding principle has been a prominent hypothesis in adaptation. My work on the

temporal context of perception clearly mapped out the changes in coding accuracy after adaptation,

and rigorously confirmed the efficient coding hypothesis from the angle of Fisher information with

the analysis of natural scene statistics. The novel approach of using predictive artificial neural

network as a model to replicate human behaviors further corroborates the conclusion: adaptation

induced changes in coding accuracy emerge from the goal to best represent future sensory input

in natural scenes. The results imply that the perceptual system dynamically allocate its coding

resources depending on the recent sensory history so that it establishes a representation for future
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sensory input that is efficient in the natural scene.

My work on the structural context of perception provide insights into the longstanding discussion

of categorical effect. The holistic matching model accurately captures the estimation behavior of

multiple features under the influence of categories, answering the question of how the categorical

bias occurs. Previously, the biases in estimation or reproduction from memory tasks have been

considered a perceptual bias. However, in the holistic matching model, the categorical bias is a

result of the categorical loss, which implies that the bias is more of a decision bias or sensorimotor

effect rather than a perceptual bias. The post-perceptual nature of the categorical bias is also

reflected in the experimental results that repulsive bias persists when the test and the probe have

the same noise and when the test and probe stimuli are switched. Our findings provide a fresh angle

to reexamine the nature of the categorical bias in features like color and speech sound and a novel

model framework of studying the structural context of perception.

My works presented in this thesis are rooted in the popular idea in the field of perception that

perception is optimal. My work on temporal and structural context looked into the optimality of

encoding and decoding respectively, showing that the encoding process in perception is dynamically

efficient depending on recent sensory input history, and the decoding process is a holistic inference

process that optimizes for a combined goal across all levels of the hierarchical structure.

4.3. Future directions

One outstanding question in adaptation is how the perceptual bias relates to the encoding changes.

Many computational explanations of the perceptual effect of adaptation appeal to “coding catas-

trophe”: downstream decoding mechanism is “unaware” of the changes in the upstream encoding

circuit caused by the sensory environment, and simply decode the information the same way as be-

fore (Schwartz et al., 2007). However, from a normative point of view, it seems odd that the sensory

system should rely on such a suboptimal decoder under ubiquitous sensory adaptation, while the

perceptual system in general has been found to be near optimal. The optimal decoder should be

an “aware” decoder, which adjusts its computation in accordance with changes in encoding. Now

that we have a description of the encoding accuracy before and after adaptation and a model for
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orientation estimation under null temporal context both under the same Bayesian framework, it

will be straightforward to test the unaware versus aware decoder with an adaptation experiment

measuring estimation bias.

The methodology used in this thesis on temporal context can be extended to other contexts, such as

spatial context. The spatial contextual effect has many commonalities with the temporal contextual

effect (Schwartz et al., 2007). For example, when an oriented grating is surrounded temporally or

spatially by a certain orientation, the percept of the grating will be biased in the same way. These

effects are called tilt aftereffect (temporal context) and tilt illusion (spatial context). Similar to the

temporal context, the efficient coding principle is also a prominent hypothesis in spatial context.

Therefore, the efficient coding hypothesis can be tested in the spatial context analogously to the

temporal context as in the present research. The influence of surrounding stimuli on coding accuracy

can be characterized by the behavioral measurement of discrimination threshold. The efficiency of

such spatial influence can be verified in the spatial distribution of stimulus in natural scene (Felsen

et al., 2005). Extracting the Fisher information from an artificial neural network trained on natural

images might further corroborate the conclusion.

For structural context, the holistic matching model combines efficient coding, holistic Bayesian

inference, and a compound loss function. Considering efficient coding with models that describe

categorical effects raises an interesting conflict. On the one hand, because discrimination threshold

is inversely proportional to coding accuracy, and most categorical features have better discrimina-

tion at the categorical boundary than in the middle of a category (Liberman et al., 1957; Kuhl,

1991; Winawer et al., 2007; Etcoff and Magee, 1992), encoding is more accurate at categorical

boundary. On the other hand, typical members of a category are usually more common than those

near categorical boundaries, leading to an overall stimulus prior that is higher at category centers

and lower at boundaries (Feldman et al., 2009; Kronrod et al., 2016; Landy et al., 2017). Thus

according to efficient coding, encoding accuracy should also be higher at category centers and lower

at boundaries, opposite of what the discrimination performance implies. One way to reconcile this

conflict is to take the cost function into account: encoding should be more accurate where the error
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is more costly. In the case of categorical perception, with the same amount of feature error, stimulus

near the boundary may incur an additional categorical error, so more coding resources should be

allocated there. To model the impact of cost function on encoding, we need to come up with a

reasonable cost function and develop a model that is optimized for reward as a whole, such as the

rate distortion theory based model (Sims et al., 2016) or the neural network model (Schaffner et al.,

2023). More future exploration could be done in this direction.

Apart from categorical effect, the holistic matching model might also be generalized to perception

under other structural context. For example, the composite face illusion that reflects the holistic

processing in face perception can be explained by a weighted integration of information derived

from the features and the whole face. When the whole face is different, the judgement about the

feature will be biased by the higher-level face representation towards responding “different” while

the feature is actually the same.

The interaction between different contexts is also an interesting topic to be explored. When the

sensory system adapts to a feature value, how does perception on the higher levels change? Does

adaptation also happen on the higher levels? In turn, when we adapt to a high-level feature, how

does perception on a lower level change? More generally, how does adaptation on the entire hierarchy

interact with each other and influence the percept on each level? For example, face categories have

been shown to be influenced by adaptation (Webster et al., 2004). It would be interesting to see

whether adaptation on the categorical level influences the lower-level perception of the features of

the face. Adapting to a face category may lead to changes in discrimination and bias of faces in that

category, but will it also change the discrimination or bias of specific facial features presented on

faces in that category as opposed to other category? And if so, how could this process be described

by a hierarchical model? These are interesting questions to be answered by future work.
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