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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



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 in uenced 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 di erent 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 arti cially 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 con rmation 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 con rmation bias can be accounted for by a self-consistent

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

In this dissertation, | studied the in uence 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 e ect is commonly referred to



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, | 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 e cient 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 in uence many di erent perceptual features and has been
studied extensively. However, there has not been a normative computational model of the structural
contextual e ect that both captures the hierarchical nature of the structural context and successfully
explains the categorical biases. | 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 in uenced 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-



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 di erent from the adaptor (Regan and Beverley, 1983, 1985; Phin-
ney et al., 1997; Cli ord 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; Cli ord 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 di erent 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 ies adjust their dynamic ranges to match the range



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 di erent coding principles have been proposed to explain the adaptation e ect.
One of the most prominent hypotheses is e cient 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 e cient coding is histogram equalization, which states that the probability of di erent neural
response level are the same (Laughlin, 1981; Fairhall et al., 2001). However, it can be di cult
to rigorously test the e cient 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
re as independent of each other as possible (Barlow et al., 1961; Laughlin, 1989; Atick and Redlich,
1990). Reducing redundancy can achieve e cient 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); M2ynarski 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 (Ma ei 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.

E cient coding being the most prominent hypothesis among the coding principles of adaptation,



rigorously testing it in terms of information is an important question that attracts much attention

of the eld of neuroscience (Schwartz et al., 2007; Gutnisky and Dragoi, 2008; Seriés et al., 2009).
However, as mentioned above, it can be dicult 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 su er 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 (Seriés et al., 2009; Wei
and Stocker, 2017). By behaviorally measuring the discrimination threshold, one can compute the

Fisher information and directly probe the e cient coding hypothesis of adaptation.

In Chapter 2 of this dissertation, | 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 di erent adaptor orientation, neither of which allows the extraction of Fisher
information. | was able to derive a universal adaptation kernel that can describe the encoding
changes after adapting to any arbitrary orientation. Furthermore, | tested the e cient coding
hypothesis of adaptation using natural scene statistics and a recurrent neural network inspired by

predictive coding optimized to do video prediction.



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 xed scheme or template. The
representation of these structural contexts aids and in uences 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 in uences 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
di erent 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 e ect shows that presenting a
face upside-down impairs people's perception of metric distances between facial features (Rhodes
et al., 1993; Rossion, 2008), re ecting a disruption of the perception of the con guration or structure.
Interestingly, face inversion can also reduce or completely break the composite face illusion (Hole,
1994; Go aux and Rossion, 2006), suggesting an intact percept of features when the structural
context is disrupted. These e ects 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 di cult to unsee the structure, and the percept

of individual motion can be greatly in uenced by the motion structure. A classic demonstration



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 veried (Gershman et al., 2016; Bill et al.,

2020Db; 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 e ect of categories has been shown prominently in the perception of
speech sounds (Liberman et al., 1957, 1961), colors (Davido et al., 1999; Winawer et al., 2007;
Bae et al., 2015; Hardman et al., 2017), faces (Etco and Magee, 1992; Calder et al., 1996; Beale
and Keil, 1995), even arti cial categories learned within the process of the experiment (Goldstone,
1994; Goldstone et al., 2001). The categorical e ect 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; Etco and Magee, 1992).
The heterogeneity in discrimination accuracy is commonly viewed as a de ning 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



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 rst, 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 simpli ed 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 e ect Sims et al. (2016).

Several studies have suggested that the perception of visual orientation is a ected by a distinction
of the cardinal/oblique categories (Rosielle and Cooper, 2001; Wakita, 2004). Visual search for one
orientation among heterogeneous distractors is more e cient when the target and the distractors
belong to di erent orientation categories (Wolfe et al., 1992). Di erentiating oblique from parallel

or perpendicular relative orientations in objects is easier than di erentiating 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, | proposed a holistic matching model that incorporates the e ect
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



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. | 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.



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 e cient sensory representa-
tions for the next expected sensory input. We rst 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 xation 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 re ect 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 in uence 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; Cli ord et al., 2001; Mitchell and Muir, 1976). Adaptation has
been mainly thought of as an e cient 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 e cient coding hypothesis, namely,

adaptation establishes e cient 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 (Series et al., 2009). So in order
to nd out the change in encoding, we can look at the change in discrimination threshold after

adaptation.

Many previous studies have measured the adaptation e ect on discrimination threshold, but none
of them measured the impact of adapting to a speci c orientation to the entire range of orienta-
tions, which permits the characterization of the distribution of Fisher information among di erent
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 di erent from the adaptor
(Regan and Beverley, 1983, 1985; Cli ord 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 (Cli ord et al., 2001; Dragoi et al., 2002), but this result is hot conclusive
(Westheimer and Gee, 2002; Cli ord et al., 2003). However, many studies used di erent adaptors
with the same test stimulus instead of one adaptors with di erent test stimulus (Cli ord et al.,
2001); some studies used one adaptor and di erent 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 e cient for the next
expected sensory stimulus. Coding is e cient 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 e cient for future sensory input in natural viewing conditions.

The e cient coding hypothesis can be further tested by investigating arti cial 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 e ciently (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 e ect 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 di erent 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 tting a reallocation model to the data, we found that the total Fisher information is
the same under di erent adaptation states, and that the reallocation of Fisher information can be
described by a single adaptation kernel for adaptors di erent orientations, con rming our hypothe-

sis.

Our second hypothesis is that the changes in encoding induced by adaptation is e cient 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 xation 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 e cient 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 speci cally, 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 di erent 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 ~= F( ) whereF 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 di erent 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 F, that re ects

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

re ects the distribution of Fisher information in the sensory representation (Seriés et al., 2009).
2.3.2. Experiment

We measured observers' discrimination threshold to orientation under di erent 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 Itered with
spatial frequency band and a narrow orientation band. The control adaptor is white noise ltered
with the same spatial frequency band but contains all the orientations. We tested two oblique
adaptors: 45deg and 22.5deg. We set the adaptor orientation to be oblique instead of cardinal
to avoid possible ceiling e ect 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; Cliord 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 tted 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% con dence
intervals from 1000 bootstrap samples of the data.
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Figure 2.3: Discrimination threshold data and model ts averaged across subjects. In the control
condition, the threshold is lower at cardinal orientations. In the oblique adaptor condition, the
threshold decreased at the adaptor and orthogonal to the adaptor, and increased away from the
adaptor. Error bars represent 95% con dence intervals from 1000 bootstrap samples of the data.

We tted 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; Cliord 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 (Cli ord et al., 2001; Westheimer and Gee, 2002; Cli ord 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 ts for individual subjects. Most subjects
show decreased threshold at and orthogonal to the adaptor, and increased threshold away from
adaptor. Error bars represent 95% con dence intervals from 1000 bootstrap samples of the data.
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to both 45deg and 22.5deg 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 t the model
individually to each subject. We rst t to the control adaptor condition, which determines the
average sensory noise and the distribution of Fisher information before adaptation. Then we t to

the 45deg 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 t to individual subjects. The model can t 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 di erent 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 di erent for di erent adaptor orientations (2-peak + kernel)(Fig. 2.5). When
penalized for the number of free parameters, the 2-peak model ts the data best for most partici-
pants (Fig. 2.5a). When the total Fisher information is allowed to change, the tted total Fisher
information under control and oblique adaptation is very similar, validating our hypothesis that
the total representation resource is xed and does not change with the adaptation state (Fig. 2.5b).
When the adaptation kernels for di erent oblique adaptors are allowed to be di erent, the tted
kernels are similar to each other and to the kernel when constrained to be the same for di erent
oblique adaptors (Fig. 2.5¢), suggesting that the sensory system adapts to di erent 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 e cient 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,

19



Figure 2.5: Model comparison. (a) BIC of di erent 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% con dence intervals from
100 bootstrap samples of the data. (c) Adaptation kernels for each subject tted 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 di erent
orientations. Di erent colors represent di erent 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 xation 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 Iter on the second subbbands steered to di erent orientations.
By steering the orientation Iter, 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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