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Abstract

Many objects that we encounter have ‘typical’ material properties that are related to their
specific affordances: spoons are hard, pillows are soft, and Jell-O is wobbly. Over a lifetime
of experiences and interacting with these objects, strong associations between an object
and its typical material properties may be formed, and these associations not only include
how glossy, rough, or pink an object is but also how it behaves under force: we expect
knocked over vases to shatter, popped bike tires to deflate, and gooey grilled cheese to
hang between two slices of bread when pulled apart. Here we ask how such rich visual
priors affect the visual perception of material qualities, and present particularly striking
examples of expectation violation. In a cue conflict design, we pair computer-rendered
familiar objects with surprising material behaviors (a linen curtain shattering, a porcelain
teacup wrinkling, etc.) and find that material qualities are not solely estimated from the
object’s kinematics (i.e. its physical (atypical) motion while shattering, wrinkling, wobbling
etc.); rather, material appearance is sometimes “pulled” towards the “native” motion,
shape, and optical properties that are associated with this object. Our results, in addition to
patterns we find in reaction time data, suggest that visual priors about materials can set up
high-level expectations about complex future states of an object and show how these priors
modulate material appearance. Understanding how high-level expectations are integrated
with incoming sensory evidence is an essential step towards understanding how the human
visual system accomplishes material perception. We take this finding a step further and ask,
when people are making judgments about the material properties of an object, where on
the object do they look when making such judgments? Which areas are most informative
for which material judgments? Can a linear classifier predict this? Ultimately, understanding
which regions of an object are critical for material perception will provide insight into how
the human visual system solves the ‘problem’ of material perception rapidly and efficiently.
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Overview

Here | present a broad overview of all experiments presented in this thesis, and include
highlights of the main findings from each experiment. Portions of the experiments described
in Chapter 2 has been posted as a preprint on biorXiv and is currently under review at
Journal of Vision.

Surprising Materials Experiment

Here we present a novel set of stimuli that depicts familiar objects deforming in unexpected
ways (a cloth shattering, a teacup wrinkling, etc.). These unexpected deformations allow us
to probe an understanding of typical kinematic behaviors of materials. Our results, in
addition to patterns we find in reaction time data, suggest that visual priors about materials
can set up high-level expectations about complex future states of an object, and show how
these priors modulate material appearance. Understanding how high-level expectations are
integrated with incoming sensory evidence is an essential step towards understanding how
the human visual system accomplishes material perception.

Highlights:

» Surprise Motion (A Pilot Experiment): We demonstrate that visual priors
about materials can set up high-level expectations about complex future
states of an object and show how these priors modulate material
appearance.

» Full-Motion/Full Color Rating Experiment: We extend our findings from the
Pilot experiment, and show that results can be replicated with a richer set of
stimuli.

» Greyscale Rating Experiment: Investigates the potential influence of (typical)
color on our previous findings, and shows that similar results for color and
greyscale stimuli support previous findings of top-down influences of typical
color on object perception.
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Control Experiments

Here we describe a series of experiments that aim to clarify and extend our findings from
the primary experiments described in Chapter 2.

Highlights:

» ‘Questions’ Experiment: Confirms that participants are identifying the stimuli
as we intended.

» Colorvs. Grey (2 AFC) Experiment: Investigates the Ratings-based method of
response, and confirms that typical color is an informative cue to object
identity.

» ‘Touch’ Experiment: Confirms that shape (and the deformation thereof) is a
dominant cue to object identity.

Eye Tracking Experiments

How do existing priors (which allow one to make predictions) affect where people look
when judging stiffness or lightness? Where you look depends on the attribute judgement
you are making. Where do people look when predicting future states of an object/making a
material judgement? Can a linear classifier reliably predict which task a participant is
performing, based on their fixations alone?

Highlights:

» ‘Pilot Blobs’: Confirms that fixations are drawn to the most informative
regions of the object for material property judgements in dynamic scenes:
For lightness, fixations remain near the brightest region of the object. For
stiffness, fixations are drawn toward the regions of greatest motion.

» ‘Punching Bag’: Extends the findings of the ‘Pilot Blobs’ stimuli. Confirms that
a linear classifier is able to successfully predict (by the fourth fixation) which
task the participant is performing (stiffness or lightness). The fixation landing
position can be reliably used to classify the task.

14



CHAPTER 1: Introduction

Overview

In everyday life, we encounter a multitude of objects and surfaces, and their corresponding
materials. With almost no effort, we can identify multiple categories of materials (textiles,
liquids, non-breakable rigid items, etc.), decide to which category of material a novel
material belongs (drinkable versus non-drinkable liquids, wearable vs. non-wearable
textiles), and even infer properties of a material that cannot be directly observed, whether
the material is a non-newtonian fluid (e.g. Oobleck) (Seuss, 1949), beer, or the fur of
Truffula trees (Seuss, 1972).

With little awareness, we interact with these objects and materials successfully, making
inferences rapidly without pausing to notice the material of which an object is composed
(e.g. “The egg is fragile so | will grip it carefully, but the soccer ball is elastic and will form its
shape again so | will kick it”). Such decisions are largely based on utility—can this object
(which is shaped like a cup) be used to hold water, based on its material? Material
perception, then, is used as a way to know how to interact with an object. Predictions about
future states of an object allows us to interact successfully, and yet, we select the correct
interaction behavior consistently. This ability to identify material rapidly means that we can
use this information to perform tasks other than lifting-- we can also slide across a freshly-
waxed bowling floor, avoid a falling knife, or time the velocity of a flying rubber racquetball
to win the game.

Traditional views of material perception have focused on optical properties of static objects.
In this thesis, we take a different, more cognitive approach to material perception than is
usually studied. The work described here is the first (to our knowledge) to violate basic
expectations regarding familiar object shape and kinematics to uncover basic assumptions
regarding real-world physics about familiar objects.

To that end, this thesis will address the following questions, providing new insight into
prediction of object kinematics:

1. Whatis the role of object knowledge and priors on material perception in motion?
2. What regions/features of an object provide critical information regarding the
judgment of material properties?

15



In this chapter, | will describe material perception (and the influence of shape and motion)
broadly, using the following examples to provide context:

Figure 1. Rainboots. This figure, taken from Katerina Kamprani’s ‘The Uncomfortable’, depicts a pair of
rainboots made of waterproof rubber material. In the first few hundred milliseconds, object recognition allows
us to identify this object as a pair of rainboots. However, we predict future states of this object, and realize
that the violation of shape (open-toed rain boots) in this object would violate their utility as rainboots. This
leads to a noticeable sense of surprise. Reprinted with permission.

This figure, taken from Katerina Kamprani’s ‘The Uncomfortable’ (Kamprani, 2012,
reproduced with permission), depicts a pair of rainboots made of waterproof rubber
material. In the first few hundred milliseconds, object recognition allows us to identify this
object as a pair of rainboots. However, we predict future states of this object, and realize
that the violation of shape (open-toed rain boots) in this object would violate their utility as
rainboots. This leads to a noticeable sense of surprise.

Motion graphics artists have taken this observation on-board, and leveraged our ability to
predict future states of objects by directly violating material properties. In Figure 2, below,
the artist builds up an expectation in the viewers: The (rubber) balloon is approaching the
(spiky) cactus and will suddenly ‘pop’ on contact with the spines. At the end, the
expectation is violated when the cactus pops instead of the balloon.

16



Figure 2. Three frames from “Preposterous” by Florent Porta. Artists have played with our expectation of how
objects and their materials should behave. In this study, we compare material perception for falling objects
that deform in surprising and unsurprising (i.e. expected) ways. Retrieved from Vimeo. Reprinted with
permission.

Taking inspiration from these artworks, this thesis is a first step into the investigation of the
interaction of material, motion, and shape, and the role that expectations and inferences
have on material perception.

Object Representation (In-Brief)

What is object representation and how does it work? In this chapter, | will briefly describe
why it is important to investigate how object representation plays a role in interacting with
objects in daily life.

Kahneman et. al’s 1992 object file theory proposes that ‘object files’ exist to collect, store,
and update information for specific objects over time via a process called feature
integration. This can include properties like form, color, shape, and size. One of the
challenges of object recognition research in present day is to investigate what the inputs to
object recognition are, and to develop an understanding of all possible inputs. In this thesis,
we argue that these inputs to object recognition also influence our perception of the
kinematic properties of materials, and that the material of which something is composed (as
well as its expected kinematic behavior) are part of object representations.

Feature integration in ventral stream object files integrates information like form and color
into an intermediate representation (Marr & Nishihara, 1978; Biederman, 1987). This
intermediate representation is then combined with information like motion, speed, shape,
size, and direction from the dorsal stream (Murata et. al, 2000). The resulting outcome is a
‘full object representation’ (Marr & Nishihara, 1978; Biederman, 1987), which is then used
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for object recognition.

Combining material and shape: With respect to material properties and shape, Pinna &
Deiana (2015) argue that (identification of) shape and material depend on the same source.
They posit that if the shape comes first, the “material” must explain the variation. Based on
these object representations, semantic knowledge, and repeated exposure to familiar
objects, we have expectations about object outcomes. The ‘Touch’ experiment described in
this thesis answers exactly this question.

III

In work on scene perception and (typical) object location, the work of Kaiser, et.al. (2018)
confirms that over a lifetime of interacting with objects, learning that objects occur at
specific locations leads to improved perceptual processing when objects appear in their
typical locations. Is this then true for pairings of object shape and material? Does the visual
system process objects more quickly when they are presented in their typical color or
material? Experiments contained in this thesis begin to investigate these questions.

Is it possible then, that expected kinematic behavior is also part of object representations?
We would argue that our findings suggest that kinematic behavior must also be included in
the list of inputs that the visual system relies on when making judgments about objects and
the materials of which they are composed.

Now that we have broadly discussed object recognition, we must consider what judgements
people can make regarding the material of which they are composed.

What types of judgements can people make about material?

A large amount of work has been done concerning the ‘thingish’ qualities of objects (that is,
what they are, what we name them, where they are found). In contrast, a smaller amount of
work has been done to investigate the ‘stuffish’ qualities of objects (that is, what they are
made of) (Adelson, 2001). Tables are often made of wood, spoons are often made of metal,
oobleck (Seuss, 1949) is made of cornstarch and water. To understand judgments about
material perception broadly, we must first understand what kinds of judgements people can
make about objects and their materials.

They can categorize. Fleming, Wiebel, and Gegenfurtner (2013) showed participants close-
up photographs of materials from a variety of categories and asked them to rate certain
attributes (hardness, glossiness, and prettiness). Even though subjects were not told a priori
that that the stimuli were from various material categories, ratings clustered into
categories, suggesting that subjects used visual judgements of image properties to classify
materials.
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They can make judgments about whether an object is Real or Fake. Sharan et. al. (2014)
presented a series of real and fake objects to observers, asking them to identify the object
category (dessert, flowers, fruit), and to categorize whether the image shown contained a
real or fake object. They found that categorization judgments were faster and more
accurate than real versus fake judgments, suggesting that object and material categorization
engage distinct mechanisms.

They can infer properties and characteristics that cannot be directly observed. Fleming
(2014) describes the usefulness of inferring properties of an object based on its material
appearance—the characteristic look of precious metals and gemstones often yields large
sums of money. Such an estimate is given, largely based on surface appearance. Indeed,
companies rely on our ability to perceive material properties, and place a substantial
amount of effort in making the optical properties look as pleasing as possible. However,
vanAssen et. al., (2016) makes the following notable exception: Estimates of temperature
are not inferred from the observation of surface properties or viscosities of liquids,
suggesting that our ability to infer material qualities is not unbounded.

They can make judgements of gloss, translucency, and roughness. In glossiness, Nishida and
Shinya (1998) showed that observers can judge specular reflectances of surfaces that
appear glossy. Fleming, Dror, and Adelson (2003) later showed that this gloss-judgement
ability generalizes across lighting conditions. Motoyoshi and Matoba (2012) demonstrated
that the statistical characteristics of the illumination has systematic effects on perceived
glossiness. Specular reflectance inferences are affected by both binocular disparity and
motion information (Blake & Bilthoff, 1990; Doerschner et al., 2011; Hurlbert, Cumming, &
Parker, 1991; Koenderink & van Doorn, 1980; Muryy et al., 2013; Wendt, Faul, & Mausfeld,
2008), as well as the properties of highlights (Beck & Prazdny, 1981; Berzhanskaya et al.,
2005; Fleming, Torralba, & Adelson, 2004; Kim, Marlow, & Anderson, 2011; Marlow, Kim, &
Anderson, 2012; Todd, Norman, & Mingolla, 2004). To investigate the hypothesis that the
visual system uses (the combination of) certain characteristics as a heuristic for the
estimation of surface parameters, Marlow et. al. (2012) asked participants to rate properties
of highlights (rather than estimate surfaces) and found that assigning various weights to the
properties accounts for glossiness judgements, suggesting that what participants actually do
is compare properties of characteristic signatures of a material quality (for highlights, size,
contrast, distinctness, etc.). Judgments of apparent glossiness actually reflect the extent to
which the surface manifests salient specular reflections.

They can extrapolate haptic cues from visual cues. Bergmann-Tiest & Kappers (2007) have
shown that visual estimates of roughness relates to haptic impressions of roughness. Ho,
Landy, and Maloney (2006) demonstrated that judgments of surface roughness are biased
by the illumination under which they are observed, suggesting that glancing illumination
angles make surfaces appear rougher than frontal illumination.
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By no means are these the only judgements that people can (and do) make regarding
material properties. It remains a challenge for material perception research to continue
investigating exactly what (and how) the visual system (and higher cognitive processes)
takes into consideration when making material property judgements.

Judgements about material are rapid and simple

Identifying the material of which an object is composed happens rapidly and is
(perceptually) simple. With seemingly no effort, we rapidly (and successfully) select the
correct object for the task at hand (toothpaste instead of antibacterial cream for our
toothbrush, although the shapes are surprisingly similar), fixate the relevant portion of an
object or scene for the goal we are trying to achieve (e.g. moving our head to check for
specular highlights to avoid slipping on black ice), and interact with these objects
successfully.

Sharan et al. (2014) have shown that the speed for judgements of material perception can
be equally as fast as judgements concerning object categorization or scene perception. In
their ‘RapidCat’ experiments, they show that material categorization is simple, that object
knowledge plays a role in the judgement being made, and that categorization is rapid—
material category judgements can (successfully) be made after only a brief exposure to a
stimulus.

Similarly, in studies of color perception and categorization, Witzel et. al., (2011) have shown
that color category judgements are rapid and simple. In their study, they show that a
correlation exists between reaction time and diagnosticity of the color of the object,
suggesting that expectation facilitates processing speed of object identity. Our color-versus-
greyscale results are consistent with this finding.

Inferences based on shape and material: Naive/Intuitive Physics

Higher-level (top-down) cognitive processes also influence object perception. Referring to
the previous ‘rainboots’ example (Figure 1): In the first few hundred milliseconds of
observing the rainboots, their shape and material seems to be consistent with our
experience with waterproof footwear. However, upon closer inspection, we simulate future
states of the object (e.g. “l am imagining myself wearing this pair of rainboots”) and through
this process, suddenly realize that our toes and feet would get wet if we were to wear these
boots in the rain (rendering their utility moot). Here, our expectations have been violated
and a distinct sensation occurs ( “units of ‘wow’”). This distinct
sensation may be related to the necessity of correcting a prediction error. This phenomenon
is not limited to mental imagery, but rather, applies to all judgments of objects in the world:
A precariously stacked pile of dirty dishes will fall, a Jenga tower may or may not tip over if a
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block is removed, and if you pull the one apple out of the pile at the supermarket (on which,
all other apples are resting for stability), the pile will collapse. Battaglia et. al., (2013) have
proposed a mechanism by which such expectations about object physics may develop. They
propose the existence of an ‘intuitive physics engine’ (IPE) as a cognitive architecture that
“allows for the estimation and simulation of object interactions by encoding properties like
elasticities, rigidities, surface characteristics, and velocities”. Akin to a rendering algorithm,
humans utilize a process of repeated ‘mental simulations’ as a means of predicting future
states and events involving objects (See Ullman, et.al., (2017) for a review).

Consistent with this literature, our results demonstrate for the first time that prediction
mechanisms for future states of objects, materials, and their kinematics are much more
sophisticated than previously appreciated, and suggests a central role of prediction in
studies of material perception that has not been previously considered.

What is the Role of Motion in Material Perception?

Studies of the visual perception of ‘stuffishness’ thus far have primarily looked at the
material properties of objects at rest. But the world is not static-- objects fall to the ground,
popsicles melt, we deform fruits and vegetables with our hands to tell if they are ripe and
ready to eat. Based on our interactions with (and observations of) objects in the world, we
develop expectations regarding the expected outcome of an object in motion, based largely
in part on its material qualities. We interact with objects and deform them with hands and
tools, giving us an impression of material composition that is much stronger (and more
reliable) than that of a static image alone. We expect dropped plates to shatter, popped
bike tires to deflate, and gooey grilled cheese to hang between two slices of bread when
pulled apart. Perceiving the shape and motion of an object, the deformations that arise
from the collision of an object with a solid surface, and recalling the predictions that are
associated with certain shapes and materials allows an individual to navigate the physical
world, avoid danger, and remain alive.

Just as basketballs are necessarily made of rubber, the ‘stuff’ (see Adelson 2001 for a
definition) that an object is made of (and its corresponding shape) indicates how an object
will deform. Recent studies have shown that image motion significantly affects the
perception of surface optical properties (Doerschner et al., 2011; Doerschner, Kersten, &
Schrater, 2011; Marlow & Anderson, 2016; Oren & Nayar, 1997; Sakano & Ando, 2010;
Wendt, Faul, Ekroll, & Mausfeld, 2010; Yilmaz & Doerschner, 2014). For example,
Doerschner et.al. (2011) identified that specific motion cues (coverage, divergence, and 3-D
shape reliability) are potentially utilized by the visual system to distinguish between moving
shiny and textured matte surfaces that, when presented as static images, appeared
identical. Such ‘Material-from-Motion’ (MfM) approaches have been previously only studied
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in the context of specular and matte bumpy spherical objects (Hartung and Kersten 2002;
Doerschner et. al., 2011).

Figure 3. Materials-in-Motion. Studying the kinematics of materials is critical in material perception. Shown is
a single frame taken from a multi-frame video. The percept of material is much stronger when observed in
motion, than from a single static image alone. Taking pizza as an example, more information about the quality
of the pizza is gained by watching the crust bend and the ease with which the cheese is pulled apart (than from
a static image alone).

Motion can also be a powerful cue in the perception of rigid and nonrigid moving objects
(see Figure 3). We see an object falling through the air and have expectations about the
outcome of an object, should it come into contact with a rigid surface or another object. If a
coffee mug is dropped from a height, it is likely to shatter into pieces. In contrast, if a metal
spoon is dropped from a height, it will likely bounce, but remain intact. To navigate the
world visually, we must rapidly classify the material of an object and make a judgement
about whether and how to catch the object: you might jump out of the way to avoid a
falling glass, dropped knife, or spilled liquid (if hazardous), but make little effort to avoid a
dropped pencil. Fleming et. al., 2013 has shown that humans are able to rapidly classify the
material of an object and make judgements about its material properties.

What motion cues do observers use when making judgements?

Deforming objects to provide cues to material properties is an intuitive behavior: Many
videos show humans independently dropping or squishing (compressing) things to give the
viewer an indication of material quality from motion (small cakes, soggy sandwiches, cooked
steaks), suggesting that the motion and deformation of rigid and non-rigid materials plays a
role in the identification of material composition. To predict outcomes of forthcoming
actions in a real-world scene, we base our expectations about the motion of an object on
our previous experiences with that object, as well as taking into account our knowledge
about the expected size and weight of that object. How and where will an object fall?
Although there has been a significant amount of work concerning the visual perception of
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objects and properties like size (Long, et. al., 2016) or weight (Gallivan et. al., 2014), a
relatively small amount of work has been done to investigate the effect of motion on the
perception of object material.

This deforming-objects phenomenon also extends to liquids (objects which do not have
their own shape, but rather, take the shape of their container). In terms of viscosity (e.g.
observing the velocity of a liquid) Kawabe et. al. (2015) finds that the critical feature for the
perception of liquid viscosity is local motion speed, and that for impressions of liquidity,
image statistics are related to spatial smoothness. This is in line with the findings of our
experiments, as observing the motion of the deformation of the objects (in terms of speed
and degree of spread) provide additional cues to the material composition of the object.
Extending this to the perception of elasticity in cubes of translucent jelly, Kawabe and
Nishida (2016) conclude that observers use information from the deformation of both the
outline of the object, as well as motion resulting from optical deformations. Indeed, using
deforming and bouncing cubes Paulun et. al., (2017) find that the magnitude of deformation
is the dominant cue in softness perception. Given that observers make use of various cues
when making material property judgments, what then is the influence of priors,
expectation, and prediction?

Influence of Prediction and Expectation on Perception

We have described recognizing objects. We have described recognizing materials. We must
also consider how expectations affect perception of objects and their materials.

Expectation is essential for perception in a number of ways. It allows us to quickly and
efficiently disambiguate signal from noise when making a perceptual judgement (Bar, 2004),
and has been shown to increase speed and accuracy when detecting visual stimuli (Posner,
1980). One of the most striking examples of the effect of expectation on object perception
is Hansen et. al.’s ‘blue banana’. In their study, Hansen et. al., (2006) showed that object
memory (and by extension, the resulting expectation) affects the perceived color of objects:
When asked to judge the color of a perfectly gray banana, observers rated the banana as
somewhat yellow (despite a profound lack of color information), suggesting an influence of
expectation (based on familiar object identity) on the perception of object color.

What is the relationship between existing expectations and reaction time? Summerfield and
Delange (2014) describe expectation as “changes in neural activity that occur before and
during the presentation of a visual stimulus” and suggest that expectation, prediction, and
the updating of a representation work together to navigate a visual scene. In tandem with
this description, DelLoof et. al. (2016) and others have found effects of expectation on
reaction time, in that if something is expected to occur in a location yields faster reaction
times-- that is, if you are expecting a stimulus to appear in a certain location, you are faster
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to respond, given that your attention is deployed in the ‘correct’ (expected) location (to
which you are already attending). Reliance on expectation and memory is critical for rapid
processing. Pinto, et. al., (2015) have found that expectations facilitate entry of visual
stimuli into awareness, in terms of both detection of the presence of a stimulus and
identification of the stimulus identity. Heuristics in the visual world such as these are
advantageous for rapid perception and categorization of items (‘is this safe to eat?’, ‘Is that
animal a threat to my survival?’)

The effect of expectation also extends to other domains, and is especially interesting in
terms of linguistics. When gaining meaning from a sentence, (Federmeier & Kutas, 1999)
have found a phenomenon in event-related potentials (ERPs) where contextually
unexpected words in a sentence elicit an N400 effect as a result of surprise due to a
violation of expectation (“He took his coffee with milk and mustard” versus “. .. and sugar”).
The violation of the expectation that was created by knowing that mustard is not usually
combined with one’s coffee generates such an N400 effect. The studies described in this
thesis extrapolate this finding to material kinematics: While we did not conduct an EEG
experiment as part of this thesis, we would expect to find the N40O effect as a result of our
stimuli.

Ultimately, combining research on object representation, motion perception, material
perception, and the top-down influence of expectation will allow us to gain a broader
perspective on how the material properties of deforming objects are perceived.
Furthermore, an analysis of eye movements will allow us to further investigate critical
features and regions of an object that the human visual system takes into consideration
when making such judgements.

The Role of Fixations in Material Property Judgements

Given the knowledge regarding object representations and the materials of which these
objects are composed, the second half of this thesis asks where people fixate when making
material property judgements, and specifically, if these fixations vary as a function of
task/material judgement. If so, can a linear classifier predict which material judgement task
the participant is performing? To investigate these questions, it is important to consider
visual perception broadly, as well as factors that influence eye movements.

Factors Influencing Eye Movements (In-Brief)

Visual perception is the process of retrieving, integrating, and acting upon information from
the visual world. In everyday life, we are able to effortlessly select the relevant information
in a scene to successfully navigate the world, attending to certain regions of the visual scene
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without much conscious awareness (if any). This ability to rapidly select, attend to, and act
upon relevant information in a scene (to the exclusion of all others) affords us the ability to
survive.

Bottom-Up vs. Top-Down: In investigating how observers fixate a particular region of a
scene, a number of questions and resulting theories have been proposed: Are eye
movements simply deployed to the properties of scene features (bottom-up), or are they
driven by higher-level, more top-down factors? Low-level visual features (e.g. color and
contrast) have been shown to influence eye movements (Findlay, 1981; Zelinsky et. al.,
1997), but recent research contradicts the idea that scene properties are the only factors
driving attention within a scene. In contrast, recent studies have proposed a more utility-
based approach, suggesting that a series of interacting control loops are what drives eye
movements. This involves integrating the input of “saliency, object recognition, value, and
plans to saccadic target selection” (Schitz, et. al., (2011), as eye movements are
predominantly goal/task oriented. If we accept that eye movements are predominantly
task-oriented, how does attention and saliency affect where to attend in a scene?

Attention and Saliency: Carrasco (2011) describes attention as a selective visual process
whereby the human perceptual system is constrained by a limitation on cognitive and brain
resources and thus, the ability to process vast amounts of information. Competing for
limited resources, the brain must selectively attend to various aspects of the visual scene for
efficiency. In tandem, visual saliency is the tendency for the visual system to attend to
features of a given scene which draw the greatest amount of attention (Itti & Koch, 2000),
often defined via a Saliency Map. Itti and Koch define a Saliency Map as ‘an explicit two-
dimensional map that encodes the saliency or conspicuity of objects in the visual
environment’ (Itti & Koch, 2000). Such Saliency- map-based theories (Itti & Koch, 2000; Itti,
Koch, & Niebur, 1998) assume that attention is deployed to the location with the highest
map activation. While a selection of research presents evidence that saliency map-based
models account for a percentage of the variance in participant eye movements (Foulsham &
Underwood, 2008; Itti & Koch, 2000; Parkhurst, Law, & Niebur, 2002; Peters, lyer, Itti, &
Koch, 2005; Underwood & Foulsham, 2006), Saliency Maps alone cannot account for the
findings in the literature. Therefore, we must also consider the role that task and top-down
object knowledge plays in identifying which areas of the scene are most relevant for the
task at hand.

How are Eye Movements Directed as a Function of Task?

Static Scenes. In studies of static scenes, Yarbus (1967) recorded eye movements while
observers viewed a painting and were asked to judge various properties of the painting (e.g.
wealth/or social status of the people depicted in the painting). He concluded that the eye
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movements had different trajectories depending upon the task that the participant was
asked to perform. In tandem with this finding, Tatler (2010) successfully replicated the
results of Yarbus (1967), and further investigated the effect of task instructions on eye
movements. They asked observers to examine a painting (“Girl From the Volga”), seven
times, providing a range of seven different sets of instructions each time (e.g. “make a series
of judgements about the scene”/” remember aspects of the scene”/ ”look at the picture
freely”). They found that altering the instructions given to the observer significantly
impacted their goal-directed eye movements.

Such an ‘attention for immediate task’-based approach (otherwise termed ‘what you see is
what you need’ (Triesch, et. al., 2003)) proposes that the information useful for a task is
sampled “just in time” (Ballard et. al., 1995), selecting what information can be obtained at
any given timepoint. In a real-world food-preparation task, Land and Hayhoe (2001)
conducted eye tracking studies while participants made tea or a peanut-butter and jelly
sandwich, as a way to investigate the role of eye movements during real-world actions and
task completion. They found that fixations on an object during food preparation tasks were
directed toward specific objects relevant for each subtask (knife, lid of peanut butter jar,
etc.). These fixations were found to vary as a function of the task/sub-task being performed,
and could be classified into segments (locating, directing, guiding, and checking). Inputs to
the task at hand (identifying the object, identifying the location) as well as corresponding
fixations, suggested that eye movements are directly influenced by the goal or sub-goals to
be performed. But how are these task-goals additionally influenced by expectations and
scene priors?

Additional Influence of Expectations on Fixation Behavior (“Scene Grammar”): Consistent
with top-down approach previously discussed, it is also important to consider the effects of
top-down influences on eye movements in scenes. Studies of “Scene Grammar” (the
semantic content and arrangement of familiar objects in scenes, see Drashkow, et. al.,
(2017)), demonstrate that eye movements are not only affected by the task the participant
has been asked to perform, but also by the expectations set forth by the statistical
regularities of the world: Birds fly in the sky, benches sit on the ground, and the sun at
sunset (illumination source position) can be found at the horizon. As a result, eye
movements tend to be drawn toward regions of the visual field relevant for the selected
information. This phenomenon has been discussed not only in psychophysics literature, but
also in that of imaging and event related EEG responses-- In recent fMRI-based literature,
Kaiser and Cichy (2018) found that typical visual-field locations of objects in scenes facilitate
cortical processing, and find that fMRI decoding is more reliable when objects are presented
in their typical locations in the visual field. In EEG literature, the N300/N400 ERP response
has been shown to occur not only for semantic processing in sentences (Federmeier &
Kutas, 1999) but also for the holistic processing of objects in scenes: Drashkow et. al.
(2018) have shown that the N300 and N400 effect can also be found when processing
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objects in inconsistent locations in visual scenes (e.g. finding toilet paper in the dishwasher).
These findings support the hypothesis of high-level cognitive processes on eye movements.

Taking these findings together, we aim to investigate how the above-described factors
affect eye movements in the material perception domain, and ask how these factors
influence eye movements when making material perception judgements.

Eye Movements in Material Perception Tasks :

Material Perception Tasks: In early studies of material perception, Sharan et. al. (2008)
conducted a series of experiments to investigate the role of fixations in material property
judgements of albedo and gloss. Using the theory that observers may fixate on regions of
high contrast or skewness when making gloss judgements, they asked how fixations differ
when making surface property judgments, versus shape judgements. They conclude that
observers look in different places during shape and material perception tasks, finding that
these eye movements were “non-random, correlated with one another, and similar for both
tasks” Sharan et. al. (2008). This suggests that while regions of objects may bring about eye
movements during both shape and material judgment tasks, these regions cannot be
predicted by low-level factors (mean luminance, local contrast, local skewness or local
energy).

Using lightness and stiffness judgements, we extend these findings in the material
perception domain, and ask how fixations differ as a function of task. As this question has
been broadly investigated via studies of lightness, we utilize a similar paradigm to
investigate these questions.

Eye Movements for Lightness and Stiffness Estimation

Lightness perception. Lightness perception necessarily entails the estimation of the
reflectance of a surface. Such estimation by the visual system involves the processing of the
luminance distribution from a surface. While lightness estimation is arguably not a frequent
independent judgement made in interacting with the world in daily life, the visual system
routinely makes use of this information in order to make basic assumptions about objects in
a scene. Certain regularities about the world (e.g. the ‘light-from-above’ prior) allow us to
make basic, consistent predictions about objects in scenes, and interesting optical illusions
occur when these priors are violated (‘light from above’ illusion, see Ramachandran, 1998).
Toscani et al., (2013a) conducted an experiment to investigate how observers fixate when
making lightness judgements. They found that when asked to judge surface lightness (and
were permitted to freely fixate), participants tend to focus their fixations on the brightest
parts of the surface. When participants were constrained in their fixation location, however,
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assessments of lightness varied more widely, suggesting that observers are using an
efficient sampling strategy for judging lightness in scenes.

Eye Movements in DYNAMIC Scenes. These investigations are sufficient for considering
fixations on static images; however, the world is not static. Objects in our visual field move
and change, and we must be able to track moving objects in order to decide whether to
interact with (or rapidly avoid) them. While the influence of static scenes on gaze behavior
has been widely investigated, there is a growing body of research which suggests that
dynamic components of scenes have a strong effect on fixation behavior (Dorr, Martinetz,
Gegenfurtner, & Barth, 2010; Itti & Koch, 2000; for review, see Schiitz, Braun, &
Gegenfurtner, 2011). The present thesis will attempt to investigate these questions broadly.

Combining lightness judgements and dynamic scenes, Toscani et. al. (2016) asked
participants to make lightness matches under dynamic illumination conditions for a moving
(rendered) 3D object. Tracking a rendered 3D object, participants made lightness matches
on a moving target. The authors concluded that the perception of the 3D object differed as
a function of both the direction of motion and the position in the light field. For lightness
constancy, they observed an increase in lightness constancy ability under free-viewing
conditions (compared to trials where participants were forced to fixate). From these
findings, the authors concluded that as dynamic scenes and non-uniform light fields pose a
significant challenge for the visual system, eye movements are directed meaningfully to
improve lightness constancy.

Recent research Smith and Mital (2013) asked whether viewing task influences gaze during
dynamic scene viewing. As previous work has found that gaze tends to cluster near regions
of greatest motion (“attentional synchrony”, Smith and Mital, 2013), Smith and Mital asked
observers to free-view videos of real-world scenes, or identify from where the video had
been filmed. Using static scenes as a control, they found that free-viewing lead to greater
attentional synchrony, longer fixations, and increased gaze to people and areas of high
flicker (compared to the ‘identify’ task). The authors suggest that task has a significant
influence on gaze behavior, as gaze clusters near the region of greatest motion. Given this
knowledge that eye movements are goal directed (and that they are directed toward
different regions of a scene based on task), can we infer the task that the subject is
performing, using fixation positions?

Inverse Yarbus: Inferring Task From Eye Movements

Inverse Yarbus: Inferring Task From Eye Movements: As previously discussed, Yarbus (1967)
investigated how fixations differ as a function of task. An inverse Yarbus process, then,
would be to infer the task from eye movements. This could be applied in the case of
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webpage design, to indicate what information a user is trying to acquire. But whether this
can be done is controversial. In 2012, Greene, Liu, and Wolfe tried to train humans and
machines to solve an inverse Yarbus using scan paths, but found that they could only infer
the task at chance level. If this could be accomplished, investigations could extend beyond
basic summary statistics like the number of fixations, mean fixation duration, mean saccade
amplitude, or the portion of the image covered by fixations. In 2014, Haji-Abholhassani and
Clark developed a probabilistic method to infer the visual task of the viewer. Drawing from
concepts from Hidden Markov Models (HMM), they were able to successfully predict the
coordinates of fixation locations given the task the observer was asked to perform. Can we
extend these findings in the material perception domain?

Fixations in Dynamic Scenes with Material Property Task Judgements: Present Study

Taking these findings into consideration, we created a simplified set of stimuli with stiffness
and lightness tasks that would allow us to investigate 1) Where participants fixate when
making kinematic (dynamic) material property judgements; and 2) (In contrast to the finding
of Greene et al (2012) and consistent with Inverse Yarbus), can a linear classifier reliably
predict which task a participant is performing, given the fixations as input?

Ultimately, this thesis attempts to tackle questions regarding the interaction between
material, motion, shape, and top-down priors on material property judgements, and asks
how fixations during such material judgements differ as a function of task. We utilize a
violation-of-expectation paradigm to investigate whether materials and kinematics are part
of the representations of familiar objects, and, if so, if we can measure how typical a certain
behavior is for a given familiar material/object. We ultimately suggest that the perception of
material properties is heavily influenced by a number of different factors, and that the
human visual system efficiently makes use of the available information to successfully
navigate the world as a result of these judgements.

Publication Notice:

In this thesis, | describe the first 8 experiments conducted during the course of the Dr. rer.
Nat. work, which seek to investigate the perception of object kinematics. Portions of the
studies described in Chapter 2 have been posted to biorXiv, and are currently under review
at the Journal of Vision for publication.
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Chapter 2: Surprise Motion Experiment

Portions of text contained within this chapter have been posted to biorXiv as a preprint and are currently under
review at the Journal of Vision for publication. This text should be cited as (Alley, Schmid*, and Doerschner,
2019). * Denotes shared first authorship.

Experiment 2.1: Surprise Motion: A Pilot Experiment

In this study, we use a violation of expectation paradigm to investigate how predictions
about object deformations based on object knowledge influence how we perceive the
material of an object. In order to manipulate object familiarity, we rendered two types of
objects: Familiar objects, for which there exist strong predictions about their mechanical
material properties, and Novel, unfamiliar objects, for which few strong predictions should
exist. For each of these object types, we rendered two motion sequences that showed how
objects deformed when being dropped on the floor: an ‘Expected’ sequence, in which
objects’ deformations were consistent with the observer’s prior beliefs about the
mechanical properties of the material, and a ‘Surprising’ sequence in which they were not
(see Figure 4). The Novel objects inherited their optical and motion properties from a
corresponding Familiar object. Participants rated the objects in these movies on various
material attributes. While we expected to find substantial differences in ratings and reaction
times between Expected and Surprising events for Familiar objects, we also expected to find
attenuated differences for Novel shapes. Note that we expected some differences between
Expected and Surprising deformations also to occur for the unfamiliar, Novel shapes due to
their optical cues alone and/or the fact that they all were bounded 3D objects, which might
have elicited a prior expectation (e.g. a rigidity prior) about these objects’ mechanical
material properties. To investigate the interaction of shape, material, and motion, we
created and rendered a basic set of stimuli on which to test our initial hypotheses of
reaction time and object familiarity effects.

Methods

Stimuli
Three Categories of Shapes

Three categories of stimuli were created in the open-source software Blender 2.77a
(Stichting Blender Foundation, Amsterdam, NL): Six Familiar Objects (Figure 4a), Novel
Objects (Figure 4b), which are globally convex, ‘noisy’ three-dimensional objects (Phillips,
2004), and Regular Objects (platonic solids, cylinder, sphere, torus), Figure 4c. The Familiar
Object condition consisted of objects that people frequently encounter on an everyday basis
(chairs, cloth items, spoons, etc). From repeated exposure to (and interactions with) these
objects, observers are likely to have experience with their functions and utilities, and so an
expectation should exist about how these objects behave and deform.
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The 3D meshes for the chair, glass, and spoon objects were obtained from Free3D (see
References) and TurboSquid (see References); we created the meshes for cloth, honey, and
jelly objects by hand. Novel Objects were novel shapes that observers had never seen
before. Thus, we expected that observers should have no expectations about how a Novel
Object would deform when it hits the ground. The Regular Objects, included as a second
control condition, are familiar, but we did not expect a strong association between the 3D
shape and the object’s kinematics, as these objects do not have specific affordances
(Gibson, 1979). Each object subtended on average 4.49 degrees of visual angle during the
first frame.

Figure 4 a-c. The six stimuli used in the Pilot Experiment. Row A shows the six rendered Familiar Objects. The
optical properties of these six objects were matched with a Novel Object (row B), and additionally matched
with a Regular Object (row C). For Novel Objects, we recycled the same six shapes but rotated them to a
different view for each condition. Animations contributed by A. Schmid/Figure created by L. Alley.

Material Properties

Novel Objects and Regular Objects (each) inherited the material properties from a
corresponding familiar object (Figure 4) - which included optical (BSSDF) as well as kinematic
properties. For example, the Chair Novel Object would look brownish and fall rigidly, while
the Green Jelly Novel Object would look translucent greenish and wobble after impacting
the ground.
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Animations

We expected observers to have some prior knowledge about the typical behavior of
everyday objects and liquids when they fall on the ground. Upon impact with the floor,
familiar objects (and corresponding control objects) deformed in a manner that was either
Expected (e.g. a wrinkling cloth) or Surprising (e.g a shattering cloth) relative to the
observer’s expectations, yielding two motion conditions in the experiment: ‘Expected’ and
‘Surprising’. We selected the surprising motion and object pairings in an effort to maximize
surprise. Figure 5 gives an overview of how each object deformed in the two motion
conditions. Note that the Expected condition for Novel Objects and Regular Objects is not
expected to generate a surprise effect. Still we keep the terminology in order to be able to
match up the results with the corresponding motion condition for familiar objects. All
scenes were illuminated with the ‘Campus’ HDR probe (Debevec, 1998) and rendered with a
fixed camera position. 36 two-second long animations (6 Familiar Objects, 6 Novel Objects,
6 3D shapes) consisted of 48-frame videos depicting rendered objects falling and impacting
a virtual surface, with black background and floor. Exactly how each object would deform
was determined using a rigid body physics simulation carried out by the Physics Engine in
Blender. For technical specifications, we refer the reader to the parameters listed in Schmid
& Doerschner (2018).
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Figure 5. All Familiar Objects and their matched Expected and Surprising outcomes. Labels indicate the
deformation method for each object. Here, the labels ‘Congruent’ and ‘Incongruent’ correspond to congruency
with expectations: ‘Expected’, ‘Surprising’. Animations contributed by A. Schmid/ Figure created by L. Alley.
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Congruent Incongruent

Congruent Incongruent

Figure 6a-b. Outcomes of Objects. Two examples of the expected/surprising outcomes of the Familiar Objects.
Here, the labels ‘Congruent’ and ‘Incongruent’ correspond to congruency with expectations: ‘Expected’,
‘Surprising’.

Apparatus

The experiment was coded in MATLAB 2015a (MathWorks, Natick, MA) using Psychophysics
Toolbox (version 3.8.5), and presented on a 24 5/8" PVM-2541 Sony (Sony Corporation,
Minato, Tokyo, Japan) 10-bit OLED monitor, with a resolution of 1024 x 768 and a refresh rate
of 60 Hz. Videos were played at a rate of 24 frames per second. The participants were seated
approximately 60 cm from the screen.

Task and Procedure

An instruction screen was presented prior to the start of the experiment. Participants were
asked to rate the stimuli with respect to four attributes (one per block): ‘Hard’, ‘Gelatinous’,
‘Heavy’, and ‘Liquid’. Before each block, an explanation of the question posed to the
participant was presented on-screen (e.g. “Rate how HARD each object looks. A setting of
zero means not at all hard (soft). A setting of Max means that the object looks extremely
hard.”). Observers were instructed to be as accurate, but also as fast as possible when making
their response.
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Static Hold: 1.2 sec.
1 video: 48 frames (2 sec)

RTs measured from Impact Frame
until keypress

Figure 7. Example of a single trial. The first frame was shown for 1.2 seconds. The object then fell and deformed
in a manner that was either Expected or Surprising relative to observers’ expectations. The participants adjusted
the bar at the right to rate the object on the given attribute, which was present throughout the trial at the top
of the screen.

On every trial, an object (Familiar, Novel Object or Regular) appeared and remained still for
1.2 seconds to allow the participant to identify the object and to potentially activate
corresponding expectations (see Figure 7). The object then fell and impacted the floor,
deforming either as expected, or in a surprising way that violated participants’ expectations.
The participants indicated their response by using the mouse to adjust a visual rating bar (zero
to maximum) and a response could be made at any time point. A press of the spacebar would
lock in their response and proceed immediately to the next trial. Participants were allowed
to take breaks between blocks. The experiment contained 144 trials in total (2 motion
conditions x 3 object categories x 4 rating blocks x 6 object identities). The order of stimuli in
a block was randomized, but participants completed blocks in the same order (‘Hard’,
‘Gelatinous’, ‘Heavy’, ‘Liquid’).

Participants

Ten naive participants from JLU Giessen (mean age 30.9; six female) participated in
Experiment 1; nine were right-handed. All participants had self-reported normal or
corrected-to-normal vision. The experiment followed the guidelines set forth by the
Declaration of Helsinki, and participants were naive as to the purpose of the experiment.
Five native German participants completed the German-language version of Experiment 1;
all others completed the English-language version of the experiment, regardless of native
language. Nine participants were experienced observers who participated on a voluntary
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basis; one participant was reimbursed at a rate of €8/hour. All participants provided written
informed consent.

Analysis

Each object was held static for 1.2 seconds. The impact time point varied between objects,
but occurred as early as .45 seconds after the first frame. Provided an observer was already
happy with the setting of the rating bar and would only press ‘space bar’ to record their
choice, it would take approximately .75 seconds. Thus, any response that occurred before
2.4 seconds (1.2 seconds + .45 seconds +.75 seconds) was discarded (four cases). We then
computed mean and standard deviation of the reaction time data across all conditions, and
excluded RTs that were longer than 2 standard deviations of the mean (62 cases, about 4.3
% of the data). We computed a sign test at an alpha level of .01 on the RT distributions,
comparing median RTs for Surprising and Expected conditions. To measure how surprising a
motion outcome was, we averaged RT data across observers and computed reaction time
difference scores (RD) for every condition:

RD= Unexpected outcome RTs - Expected outcome RTs.  Equation 1

Results

Reaction Times

Overall, - and as expected - reaction times were longer for the Familiar Object Unexpected
motion condition than for any other condition. In Figure 8, we see that the corresponding
histogram looks slightly more platykurtic than any of the other histograms. Sign tests
between the Expected and Surprising RT distributions revealed that the increase in RT for
the Familiar Object condition was significant (p<0.0001), but not for the two control
conditions (Novel Objects (p=0.897), Regular Objects (p=0.948).
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Figure 8 a-b. Histograms of all combinations of object type and motion condition. Figure B shows that,
consistent with our hypothesis, reaction times were longer for the Familiar Object Surprising motion condition
than for any other condition. (Here, the labels ‘Congruent’ and ‘Incongruent’ correspond to congruency with
expectations: ‘Expected’, ‘Surprising’.)

Reaction Time Differences

Although participants were asked to rate the materials of these objects using the four rating
attributes, we were primarily interested in reaction time as a measure of how surprising the
outcome was. Figure 9 plots the reaction time difference scores for all objects and rating

attributes. Positive values of the RD indicate responses that were slower for the Unexpected
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condition than for the Expected one (e.g. responding to a shattering droplet of honey slower
than a dripping one). Conversely, negative values on the RD indicate responses that were
faster for Unexpected than Expected motion (e.g. responding to a melting chair faster than
one that fell over rigidly).

A.How Hard? B. How Gelatinous?

C. How Heavy? D. How Liquid?

Incongruent - Congruent (RD)

—

2t {2t B Familiar Object |]
@ Glaven
Regular Object

Figure 9 a-d. Reaction Time Difference for each object identity. Presented separately for each rating question.
Errorbars are 1 Standard Error of the mean. Here, the labels ‘Congruent’ and ‘Incongruent’ correspond to
congruency with expectations: ‘Expected’, ‘Surprising’; ‘Glaven’ corresponds to ‘Novel Object’.

In Figure 9 we see that for most Familiar Objects (blue squares), observers responded more
slowly when outcomes were surprising, and faster when outcomes were expected. This can
be seen by their positive reaction time difference scores. In contrast, the RD scores of the
Novel Object and Regular Object control conditions (Figure 9 a-d) were lower. This was
confirmed with a sign test that showed that Familiar Object RDs were greater than both
Novel Object and Regular Object RDs in 19 out of 24 conditions (p<.01).
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Ratings

Participants were rating objects sensibly and agreed with one another. Figure 10 shows a
selection of object identity and rating question combinations. Familiar Objects that fell
rigidly to the ground were in fact rated as more rigid (i.e. a rigid spoon is rated harder than a
wrinkling one (Figure 10a); a wobbling jelly is rated more gelatinous than a wrinkling one
(Figure 10b), and a melting chair is perceived as more liquid than a solid one (Figure 10c)).
This suggests that participants use all provided motion information when judging materials.
However, some characteristics, e.g. heaviness (Figure 10) were hard to assess for observers,
regardless of whether the motion was Expected or Surprising. Ratings across object
categories (Familiar Objects, Novel Objects, Regular Objects) were quite similar, which
suggests that observers based their rating primarily on the provided motion information and
not on the shape of the object.
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Figure 10 a-d. A selection of ratings. Ratings for Expected and Surprising conditions are shown for a subset of
the stimuli. Here, ‘Glaven’ corresponds to ‘Novel Object’.

Figure 11a shows that participant responses strongly correlated with one another,
suggesting that the perception of the material qualities queried is similar across
participants. This is further illustrated in Figure 11b, which shows that correlations between
participants were high for three out of four attributes. Again, heaviness seemed to be
difficult to visually assess for our stimuli.
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A. Rating Responses: All Blocks B. Average RHO Values by Block
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Figure 11 a-b. Correlation matrix. Average rating values given by all 10 participants. Here we show the
correlation matrix of rating responses, with corresponding graph of average Pearson’s RHO values by block
(rating attribute).

Discussion

In the present pilot experiment, we created a novel set of stimuli containing six objects that
were shown to fall and impact the ground, and deform on impact in a manner that was
either expected or unexpected, given observers knowledge about familiar objects and their
commonly associated materials. We used reaction time as a measure of the surprisingness
of an object’s behavior. For comparison and control stimuli, we developed two equivalent
conditions of objects: Novel Objects (called Glavens) and 3D objects. For these conditions,
participants should have limited expectations about how these objects will deform on
impact.

Reaction Times. As predicted, we find that participants have slower reaction times when
judging surprising outcomes of familiar objects, compared to expected ones. We did not
observe such a difference in reaction time for the Novel Object and Regular Object
conditions. We believe that for these object classes, observers did not have strong
expectations about how objects should behave upon hitting the ground. Although the latter
two classes are bounded shapes, it is unlikely that strong intuitions about kinematic
behavior are present for these objects and their paired optical material properties. These
findings may also be due to inherent expectations based on shape and material properties
(e.g. the glass ball could have been interpreted by participants as a solid glass marble, and
the cylinder a wooden dowel (neither of which would be expected to break upon impact)).

40



Object Representations. An object representation (‘Object File’) is a grouping of properties
which contains everything we know about the features of an object. Existing literature
describes that features like color, shape contours, size, and optical properties are part of an
object representation. Referring broadly to Treisman and Kanwisher’s (1998) six types of
object representations, consider a green jelly: The shape and optical properties identify that
itis a jelly, that it is green, that it has a prototypical size and shape, and a glossy surface. We
are able to imagine the object from other angles and distances, we know that it belongs to
the category of desserts, we may know what it tastes like, and we can represent
affordances. These properties are all part of the object representation.

Extended reaction times to Surprising events is consistent with object representation
literature, and would suggest that our Surprising outcomes ‘violate’ the existing object
representation, necessitating an ‘updating’ of the object representation: Our results suggest
that when an outcome is surprising (that is, violates our expectations), a longer amount of
time is required to process the information presented, and perform an ‘online’ correction
for the expectation that was violated. In tandem with this finding is the observation that
ratings tended to increase between static first frame and motion, suggesting that the
observation of motion affects the rating value overall. A jelly that was rated as gelatinous
based on its shape and optical properties alone was rated as more gelatinous following the
observation of the expected motion.

The current study is to our knowledge the first to demonstrate a reaction time effect with
respect to expectations of kinematics and material qualities of Familiar Objects. It is possible
that the rating judgement is made as a result of observing the amount of deformation
involved, which requires the observation of motion, and cannot be seen from single static
frames in isolation. The observation of velocity is also a critical factor—the amount of
material, density, and speed of deformation all contain visual cues to material (e.g.
something that falls more quickly is denser and therefore potentially more heavy). In terms
of object files and the object representations they create, such a finding suggests interplay
between shape and optical qualities/material, and may further suggest that kinematic
properties of an object are contained within the post-dorsal stream integration (see Fattori,
2005) of the intermediate object representation.

Ratings: In this pilot experiment, we predominantly use the ratings to confirm that
participants were rating the objects sensibly. Looking at patterns in the ratings, we find that
Novel objects (Glavens) and 3D objects were rated similarly, suggesting (in tandem with the
reaction time results) that these object classes do not elicit strong expectations regarding
how an object will deform.
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Limitations. This stimulus set was created as proof-of-paradigm, and as such, did not control
for many low-level factors such as object size or degree of deformation/object splash size.
This has the potential to negatively affect our results, as objects/object splashes that are
larger may attract additional attention, and consequently, longer reaction times. In the
Incongruent condition, chair and cloth began to deform prior to impact. The size of the
objects (in degree of visual angle) varied between objects, as did the size and spread of the
deformation (the Novel object’s liquid substances had a large splash, whereas the splash of
the ‘Honey’ Familiar Object was small). Due to observed difficulties in language
comprehension for non-native English speakers, all participants in Experiment 2 were native
speakers of German language, and the experiment was given entirely in German.

The experiments that follow are an effort to further investigate the interaction of optical
properties, material, motion, and shape, properly control for additional factors, and to tease
apart the influence of material priors on the percept of the kinematic properties of objects
as a whole.
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Experiment 2.2: Surprise Motion: Typical-Color Experiment

After confirming the hypothesis that objects that behave in unexpected kinematic ways elicit
longer reaction times than those who behave in ways that do not violate basic laws of
physics, we sought to investigate how the ‘deformation method’ of these Familiar objects
(shatter, wrinkle, melt, etc). affect the perception of (and expectations about) these objects.
To investigate this question, we created a second, more tightly controlled set of stimuli that
allowed us to parametrically investigate differences between material categories. Unlike the
previous set of stimuli, this set contains objects that impact the ground on the same frame,
allowing us to use the point of impact with the floor as a critical time point in the analysis.
This second set of stimuli additionally provided scene context and contained a
counterbalanced set of 15 objects, containing three objects that behaved as expected for
each category (see Table 1). The analysis that follows is an attempt to use these stimuli to
investigate the relationship between expectations, shape, optical properties, and material
kinematics.

Methods

Stimuli

Objects. We used two types of objects: Familiar and Novel. Figure 12a-c gives an overview of
all Familiar objects used in the experiment. In order to create a stimulus set with broad
range of typical material classes, we choose 15 Familiar objects belonging to one of 5
material mechanics: Splashing (milk, honey, and water droplets), Shattering (wine glass,
terracotta pot, porcelain teacup), non-deforming (wooden chair, metal key, metal spoon),
wobbling (red and green jelly, custard), and wrinkling (linen, velvet, and silk curtain). All
objects were rendered in Blender (Blender 2.77a, Stichting Blender Foundation, Amsterdam,
NL) with their ‘typical’ optical material properties, e.g. metallic-looking key, green
transparent jelly, or a silky- appearing curtain). Objects were rendered in a ‘room’ with
brown walls and a hardwood, mid-gloss floor, and were illuminated by the ‘Campus’
environment map (Debevec, 1998). The 3D meshes for the chair, glass, and spoon were
obtained from Free3D (see References) and TurboSquid (see References); the remaining
were created by hand.

Novel shapes (‘Glavens’, Phillips, 2004) inherited their optical and mechanical properties
from the corresponding Familiar object (Figure 12a). Each familiar object was paired with a
matched unfamiliar, novel-shaped stimulus (Figure 13) that was rendered with the same
surface properties and material behavior. Consistent with the previous experiment, we
anticipated that Novel objects would not elicit strong prior expectations about how they will
deform, and as such, their ratings would reflect an estimation of material properties from
material kinematics, including any low-level effects of dynamic optical properties. Expected,
Surprising, and the matched Novel (Expected & Surprising) objects were rated by the same
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observers within the same experiment, with a random order of presentation within each
attribute block. A separate group of observers rated static images of the first frame of the
Familiar and Novel objects (where each object was still intact).

Scene: Following from the work of Bian & Andersen (2010) on the perceptual advantage of
the presence of a ground surface in the representation of visual scenes, the stimuli used in
this experiment included context via the presence of two rendered wooden side panels and
mid-gloss wooden floor (see Figure 12 below).
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Figure 12a-c. Familiar Object Stimuli. Panel A shows Familiar objects grouped according to their material
mechanics. Panel B depicts corresponding last frames of animations that show how a given object fully
deformed. Panel C shows how each object will deform in the surprising condition, and Panel D shows the
corresponding last frames of the surprising animation. We refer the reader to Zenodo (see References) for the
corresponding animations. Animations contributed by A. Schmid.
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Figure 13. Novel Stimuli. The lower half of this figure shows corresponding Novel objects (also) grouped
according to their material mechanics. The right-hand column of all categories depicts corresponding last frames
of animations that show how a given object fully deformed in the Surprising condition. We refer the reader to
Zenodo for the corresponding animations. Animations contributed by A. Schmid.

Deformations. For each object, we rendered short movies that showed how an object fell to
the ground and how it interacted with the floor (Figures 12 and 13). In order to manipulate
surprise in our experiment, an object could either behave as expected (e.g. a glass would
shatter), or it could inherit the mechanical material properties from another object, e.g. a
chair would splatter like milk upon impact (Figures 12 and 13). We created corresponding
Expected and Surprising movies for Novel objects. Table 1 shows which objects inherited
which material mechanics in the Surprising condition. All experimental movies can be
downloaded on Zenodo (link in references).
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Splashing Non-deforming  Shattering  Wobbling Wrinkling

Expected Honey Painted chair Clay pot Green Linen
droplets jelly curtain
Milk Brass key Wine glass  Red jelly  Silk curtain
droplets
Water Metal spoon Teacup Custard Velvet curtain
droplets
Surprising Painted Milk drops Custard Wine Green jelly
chair glass
Clay pot Red jelly Linen Honey Metal spoon
curtain droplets
Silk curtain  Velvet curtain Water Brass key Teacup
droplets

Table 1. Overview of objects and conditions in the experiment. Columns show the five categories of typical
material mechanics (material class) in the experiment; rows show which objects occurred in the Expected and
Surprising conditions. Every object in the Expected condition would also appear exactly once in the Surprising
condition, where it would be rendered with very atypical mechanical properties, e.g. the silk curtain would
Splash. To control for object familiarity, every cell in this table had a corresponding Novel object (Novel Object)
paired with it. Novel Objects had no familiar shape, but inherited all optical and mechanical material properties
from a corresponding Familiar object.

Animations. Each movie consisted of 48 frames, depicting an object suspended in air, which
then fell to the ground. Impact occurred exactly at the 11" frame for all objects. The largest
extent of the objects in the first frame varied between 6.91 (clay pot) and 12.6 (spoon)
degrees visual angle (see Figures 12 and 13). The largest extent of the objects in the last
frame depended on the deformation, but varied between 48.85 degrees visual angle for
Shattering/Splashing items and 4.29 degrees visual angle for rigidly falling items. Exactly
how each object would deform was determined by us using a rigid body physics simulation
carried out by the Physics Engine in Blender. For technical specifications, we refer the
reader to the parameters listed in Schmid & Doerschner (2018).

Apparatus

The experiment was coded in MATLAB 2015a (MathWorks, Natick, MA) using the
Psychophysics Toolbox extension (version 3.8.5, Brainard, 1997; Pelli, 1997; Kleiner et al.,
2007), and presented on a 24 5/8" PVM-2541 Sony (Sony Corporation, Minato, Tokyo,
Japan) 10-bit OLED monitor, with a resolution of 1024 x 768 and a refresh rate of 60 Hz.
Videos were played at a rate of 24 frames per second. The participants were seated
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approximately 60 cm from the screen.

Task and Procedure

Observers were asked to watch a short video clip to the end and then to rate the object
they saw on one of four attributes, as quickly as they could (while still maintaining
accuracy). We choose the attributes such that they would capture some aspect of the
mechanical material qualities of the objects. For example, a Splashing object is likely to be
rated as very liquid, and a non-deforming object not, a wiggling object is likely to be rated as
very wobbly but a Shattering object not. In order to familiarize observers with the rating
task, the use of the slider bar, and the keypresses, they completed four practice trials with
two objects that did not occur in the actual experiment and with two rating adjectives that
also did not occur in the experiment (e.g. rate how shiny this object is).

The experiment was organized into four blocks, one block per attribute. Before the block
started, the observer was familiarized with the rating question and then proceeded with a
button press to start the trials. On every trial, a reminder of the question of this block
remained at the top of the screen, e.g. ‘hard’ (for ‘How hard is the object?’), together with
the first frame of a movie, which was held static for three seconds before the movie was
played to the end. After this the movie clip repeated two more times (without the hold at
the beginning) if necessary. Participants were asked to first watch the video until it finished
(i.e. the first play through) and then to rate the object, as quickly as they could. They
indicated their rating by using the mouse to adjust the height of a slider bar placed on the
right side of the screen (Figure 14a). A zero setting indicated the absence of an attribute,
e.g. not gelatinous at all, while a maximum setting would correspond to the subjective
maximum value of an attribute. The trial was completed when the observer pressed the
space key on the keyboard, after which time the next trial would immediately begin.
Reaction time was measured from the beginning to the end of a trial (between spacebar
presses). The slider position of the previous trial was carried over the new trial in order to
give the experimental interface a more natural feel to it.

Participants completed 240 trials in total (2 surprise conditions (Expected, Surprising) x 2
object familiarity (Familiar, Novel) x 4 attributes x 15 objects). Surprising condition and
object type were the two relevant manipulations in the experiment. While the order of
blocks was the same for all observers (hard, gelatinous, heavy, liquid), the trial order in each
block was randomized. Generally (but not always), hard objects in the Surprising condition
behaved as soft or liquid ones and vice versa. On each trial, observers rated one of four
material attributes on a continuous scale (blocked): hardness, gelatinousness, heaviness,
and liquidity (Figure 14a). “Mechanical” qualities, like hardness and liquidity, have been of
increasing interest in recent studies of deformable materials and are likely to be directly
estimated from material kinematics, whereas gelatinousness and heaviness might not be
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estimated directly from mechanical deformations and are potentially influenced more by
associations with familiar shape and optics.

EXPECTED SURPRISING

Exemplar trial Expected to wobble

First frame

(o)

Expected to shatter

Movie starts

Movie ends

Familiar objects

N

Novel objects

Figure 14 a-b. Trial and stimuli. A. An exemplar trial. B.-C. A subset of familiar objects (B) and corresponding
novel objects (C) used in the experiments. Familiar objects could either behave as expected, or in a surprising
manner. Note that this distinction (expected vs. surprising) is only meaningful for familiar objects. Note that
individual scenes are scaled to maximize the view of the object (First frame), or to give a good impression of the
material kinematics (Last frame). Animations contributed by A. Schmid.

Participants

25 participants (mean age 24.8; 18 female) participated in the experiment; 23 were right-
handed and all had self-reported normal or corrected-to-normal vision. All participants were
native German speakers, and the experiment was given entirely in German. The experiment
followed the guidelines set forth by the Declaration of Helsinki, and participants were naive
as to the purpose of the experiment. All participants provided written informed consent and
were reimbursed at a rate of €8 per hour.

Static Frame Experiments: First Frame (FF) and Last Frame (LF)

Corresponding Static Frame Experiment for Analysis: We consider the First Frame of each
video to be a measure of expectations based solely on optical material properties and shape
(in the absence of motion). Analyzing the data by comparing full-motion data and first frame
results will allow us to tease apart the influence of motion on the perception of object
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material. In order to perform such analyses, a separate group of observers were asked to
perform the same rating task when presented with static images alone. The data that
follows is used to compute indices comparing the nature of the interaction between the
priors elicited by optical material properties and shape (‘First Frame’ information) and the
material kinematic behavior. We do not consider data and analyses from these experiments
in isolation, but rather, in the context of the relationship between this data and the
corresponding motion analyses. We refer the reader to the analyses that follow in Chapter 2
for the corresponding analyses and results.

Here we describe the parameters and setup for the three time-point control experiments,
which allow us to use different time points in the video, as different inferences about the
objects can be made at each of these time points. These data form the basis of the
equations described in Chapter 2, which are included in the Predictability Scores and Effect
of Expectation Scores for data analysis. In this section, we are specifically interested in using
the First Frame of the video as a measure of pre-existing object knowledge.

Methods

Stimuli

The stimuli used in this experiment were static images of the First Frame and Last Frame of
each video, presented for five seconds (the same duration as one presentation of the video
plus static hold duration).

Apparatus

The apparati used in this experiment were identical to that of the ones previously described
in this chapter. We refer the reader to the previous experiment for these details.

Task and Procedure

The task and procedure used in this experiment were identical to that of motion experiment
described previously. We refer the reader to the previous experiment for these details.
Here, the participants rated only a single frame of each video (First or Last), rather than
observing the full motion.

Participants

15 participants (mean age 26.40; 13 female) participated in the First Frame version of this
experiment. 13 participants were right-handed and all had self-reported normal or
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corrected-to-normal vision. Six participants participated in both the ‘Full Motion’
experiment described in this chapter and the First Frame experiment described here. In
these cases, the First Frame experiment was always performed first to avoid the influence of
motion on the perception of the static images.

15 naive participants (mean age 24.8; 10 female) participated in the ‘Last Frame’ control
experiment; 8 were right-handed. All participants were native speakers of German
language, and had self-reported normal or corrected-to-normal vision. All participants
provided written informed consent, and were reimbursed at a rate of €8 per hour.

The experiments followed the guidelines set forth by the Declaration of Helsinki, and
participants were naive as to the purpose of the experiment. All participants were native
speakers of German language, and the experiment was given entirely in German. All
participants provided written informed consent and were reimbursed at a rate of €8 per
hour.

A Note on Results and Discussion

As the data and results from these experiments are used to compute indices comparing the
nature of the interaction between the priors elicited by optical material properties and
shape (‘First Frame’ information) and the material kinematic behavior, we do not consider
data and analyses from these experiments here in isolation, but rather, in the context of the
relationship between this data and the corresponding motion analyses. We refer the reader
to the analyses that follow in this chapter for the corresponding analyses and results.

Analysis I: Full-Motion

Rating Differences Analysis: Expected versus Surprising

To measure the influence of object knowledge on perceived material properties, we
computed rating differences between Expected and Surprising conditions. For each object
type (Familiar, Novel), each attribute (how hard, how gelatinous, how heavy, how liquid),
and each material class (Splashing, Shattering, Non-deforming, Wobbling, Wrinkling), rating
differences were calculated between the three objects with Expected outcomes and the
three (different) objects with Surprising outcomes (ratings were averaged over the three
objects before difference scores were computed). Thus, how an object deformed was the
same, e.g. it would splash, but which object (Familiar or Novel) would do the splashing is
different in Expected (honey, milk, water) and Surprising conditions (chair, pot, curtain). We
were agnostic about the direction in which the rating will change (e.g. will a Splashing chair
look more liquid, or harder, or heavier than Splashing milk?), so we took the absolute value
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of this difference score as an index of the effect of expectation on ratings (Effect of
Expectation Index, €):

€ = | avg.ratings Expected - avg. ratings Surprising | Equation 2

This resulted in 40 difference scores for each observer, 20 in the Familiar object condition
and 20 in the Novel object condition. If object knowledge influences perceived material
properties, then ratings should differ between Familiar objects that behave as expected,

and Familiar objects that behave in a surprising way. Familiar objects should be larger than €
for Novel objects (€ ramiliar object > € Novel object). A binomial sign test was used to compute the
likelihood of obtaining k or more instances in which € (averaged across observers) was
greater for Familiar versus Novel objects.

Reaction times Analysis: Reaction Time Difference

Time taken to make each judgment (reaction time) was also measured. We reasoned that
rating the material properties of materials that behave surprisingly might involve the
reiterative correction of a prediction error by the visual system, and this error correction
might be associated with an increase in reaction time when rating objects that behave in a
surprising way. Before computing the difference in reaction time between Expected and
Surprising conditions, we pre-processed reaction time data as follows: we subtracted the
time to impact (3 seconds static first frame + 0.45 seconds to impact) from the raw reaction
times so that a reaction time of zero would now indicate time of impact. After this, we
computed reaction time difference scores (z) as follows:

Tp = av.reaction time Expexted - av.reaction time Surprising. Equation 3

Similar to the rating data, reaction times were averaged over the three objects in each
material class before difference scores were computed, which led to 40 difference scores
for each observer, 20 in the Familiar object condition and 20 in the Surprising object
condition. These difference scores were averaged across observers, and a binomial sign test
was used to compute the likelihood of obtaining k, or more instances in which the 7, was
greater for Familiar versus Novel objects.

Exclusions

For the first 10 subjects, data points for the Novel object matched to the Surprising key
object were excluded due to a rendering error that made the object behave rigidly rather
than Wobble, as they should have in the matched-Surprising condition (10 subjects x 4
attributes = 40 data points excluded). For the remaining 15 subjects this error was fixed.
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Data points that were faster than 0.75 seconds after impact (fastest possible button press)
were excluded. Response latencies that were longer than 2 standard deviations above the
mean were also excluded. Following these exclusions, approximately 6% of the data were
excluded for reaction times that were too fast or too slow according to this criterion (~1.3%
too fast, ~4.7% too slow).

Results
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Figure 15. Ratings for all attributes. Error bars are one standard error of the mean. In general, ratings on all
blocks ‘make sense’: splashing objects (blue bars) are rated as highly liquid, non-deforming objects (yellow
bars) and shattering objects (orange bars) are rated not at all liquid, and wobbling objects (green bars) are
rated in between. The directionality of some ratings is not straight forward on first view, when comparing
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expected and surprising conditions, e.g. for splashing objects (blue bars). We might have predicted the
splashing honey, milk, and water to be rated as less hard and more liquid than the chair, clay pot, and silk
curtain that splash surprisingly — object knowledge about chairs, clay pots and silk curtains should “pull up”
hardness ratings and “pull down” liquid ratings. However, we see the opposite pattern. Ratings of how
gelatinous these objects appear may shed some light on this: splashing honey, milk, and water appear more
gelatinous than all other splashing objects (even Novel objects). This suggests that the shape of the droplets in
the initial frame do not generate compelling impressions of very runny liquids, but rather some thicker, more
viscous substances (First Frame ratings in Supplementary Figure 5 confirm this idea). So, in the case of
splashing stuff, object knowledge interferes in our Expected condition in a way that we did not anticipate.
Figure contributed by A. Schmid.

Overall, the ratings of observers varied systematically with the mechanical material
properties of Familiar and Novel objects. Figure 15, which shows average ratings for all
attributes, illustrates that observers were able to perform the task sensibly. For example,
non-deforming (yellow bars) and Shattering (orange) objects were rated as hard (top plot),
and not gelatinous (second plot). Conversely, objects that splashed (yellow bars), Wobbled
(green bars), and Wrinkled (purple bars) were rated less hard. Finally, objects that Wobbled
(green bars) were rated as very gelatinous. Ratings for the other two attributes heavy and
liquid varied systematically with the mechanical material properties of objects. Non-
deforming and Shattering objects were rated as heavy, and Splashing objects as liquid.

There were a few deviations from this overall pattern, in that ratings for individual Familiar
objects were substantially above or below their group mean, e.g. in the Surprising condition,
hardness and gelatinousness ratings for the non-deforming red jelly tended to be lower and
higher than the group average, respectively. Similarly, ratings for the wobbling glass and the
wobbling key appear to be outliers. We discuss these cases below. Overall, Familiar and
Novel objects tended to be rated similarly.

Following from an analysis of ratings, we sought an alternative method to compute the
‘Expectedness’ of our objects. By subtracting the ratings of the ‘Surprising’ outcomes from
those of the ‘Expected’ outcomes, we are able to generate a measure of ‘surprisingness’,
relative to all objects in the stimulus set.

Effect of Expectation Index (€)

Figure 16 plots the Effect of Expectation Index (€) for each attribute and each material class,
averaged across subjects. In all but one condition (19/20), € was greater for Familiar objects
than Novel objects, sign test: p<0.001. Results from a paired t-test corroborate the finding
that on average, € was greater for Familiar objects than Novel objects, t(24)=6.70, p<.001,
which also verifies the effect at an individual level. This supports our hypothesis that
judgments of material qualities are not based purely on the observed material mechanics,
but are also affected by knowledge about the object. Referring to Figure 16, in some cases
the directionality of the above effect is directly interpretable. For example, the jelly, spoon
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and teacup that wrinkled surprisingly (Figure 15, purple bars) were rated as harder (top
plot) than the linen, silk, and velvet curtains that wrinkled expectedly. Prior knowledge
about spoons and teacups (and even jelly relative to cloth) being hard led to increased
ratings of hardness compared to their soft curtain counterparts, despite all of these objects
wrinkling. Thus, prior object knowledge about hardness “pulled” ratings of hardness
towards this expectation. A similar interpretation can be made for hardness ratings of
Shattering objects: the clay pot, wine glass and teacup that Shattered expectedly were rated
as harder on average than the custard, linen curtain, and water that Shattered surprisingly;
hardness ratings of the latter items were “pulled down” by the expectation of softness.
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Figure 16. Effect of Expectation Index (€) averaged across participants. € was calculated as the absolute
difference between ratings in the Expected and Surprising conditions (see analysis section for equation). Error
bars are one standard error of the mean. Figure contributed by A. Schmid.

In other cases, the directionality of the rating differences requires more interpretation,
which is why we were originally agnostic about the directionality of €. The jelly, spoon and
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teacup that wrinkled unexpectedly (purple bars) were rated as more gelatinous (bottom
plot) than the linen, silk, and velvet curtains that wrinkled expectedly. While object
knowledge may have “pulled” up gelatinous ratings for the jelly, the spoon and teacup
require a different explanation. It is possible that in these two conditions, the wrinkling
action was not seen for what it is; shape and optics may have interacted (see Schmid &
Doerschner, 2018) to make the spoon appear like melting metal and the cup like rubber,
leading to increased ratings of gelatinousness. In these cases, object knowledge interfered
with ratings in a different way than in the hardness rating case. However, in both cases, the
material mechanics of the Novel objects were perceived more for what they were (i.e.
Wrinkling materials) without the top-down influence of familiar shape, and hence the
differences between the matched expected and surprising conditions are smaller.

The above suggests that top-down object knowledge influences perceived material
properties. Yet, it is possible that low-level differences between our expected and surprising
conditions could also be driving some of the effects. For example, the second panel in Figure
16 shows a high € for gelatinous ratings of wobbling objects (i.e. large difference between
jellies/custard that wobble expectedly, and wine glass/honey/key that wobble surprisingly).
Looking at the rating plots (Figure 15, bottom plots), we can see that the wobbling key is
rated more similarly to the wobbling jellies/custard than the wine glass and the honey. It is
unlikely that they key is less resistant to the effect of object knowledge than a wine glass or
honey. In fact, based on the optical properties, it should be more resistant if anything (in the
corresponding Novel object plots, the optical material properties of the key lead ratings to
differ more from the jellies versus the glass and honey optics). Rather, it is possible that
“low-level” differences between the objects in the Surprising condition are driving this
difference. Inspecting the movies (link available in References) it appears that the key
wobbles more (similar to the (Familiar) jellies and the custard), and the wine glass and
honey appear to wobble less. Therefore, it is possible that in some cases low-level
differences i.e. resulting from the specific interactions of object geometry and material
mechanics, might influence the € scores.

However, we do not believe that € results can be explained solely by such low-level effects.
To continue the wobbling key example: it wobbles substantially, and yet, is still rated as
harder and less gelatinous than the jellies, suggesting that an effect of object knowledge is
present. Moreover, € is non-zero for Novel objects (Figure 16, red symbols). The shape and
image motion generated by these Novel objects was nearly identical in the Expected and
Surprising conditions, thus the differences in optical material properties must have driven
the rating difference (€). For example, in Figure 15 the non-deforming velvet Novel Object
was rated as less hard than any of the other Novel Objects in that condition. Similarly, the
wobbling glass Novel Object was rated as more gelatinous than any of the other Novel
Objects, presumably due to optical qualities. The rating differences might reflect top-down
differences in expectation caused by “material knowledge” (rather than object knowledge,
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also see Schmid & Doerschner (2018) or Schmidt, et al. (2017) for further discussion).
Alternatively, it might be possible that ‘bottom-up’ differences in image motion caused by
optics (e.g. presence or absence of specular motion) might have caused these rating
differences. In order to obtain an independent estimate of the degree of expectation for
objects in each material mechanics group - caused by either object or material knowledge
alone - we developed an additional measure of the effect of object knowledge that removed
the potential confound of low-level differences in image motion between stimuli.

Predictability index Il

We wanted to verify whether participants really build predictions based on object
knowledge by comparing their ratings of objects that behave expectedly, to ratings of the
first frames of these movies. If object knowledge does lead to strong predictions about
material properties, then ratings of the first frame should be highly consistent with
Expected conditions for Familiar objects, but not Novel objects. We had a separate group of
observers (N=15) rate only the first frames of these movies, and compared these to our
previous ratings from the Expected condition.
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Figure 17. Ratings for Expected and First Frame conditions. Expected condition is the same data from before,
First Frame ratings are from a new set of observers. Error bars are one standard error of the mean. Figure

contributed by A. Schmid.

Figure 17 plots all ratings of the first frame next to the Expected movie condition for Novel

(to the left of the dotted line) and Familiar objects. Notably, first frame ratings of Novel

objects differ substantially from the other three conditions (Familiar first frame, Familiar
Expected, Novel Expected), which are all more similar to one another. Novel and Familiar
Expected object conditions tended to be rated similarly because objects in these conditions

deformed in the same way (e.g. they splashed, shattered etc). The corresponding Familiar

first frame condition was rated similarly to these two movie conditions, suggesting that
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object knowledge was used to build predictions about the material qualities of these
objects: observers were able to (correctly) determine that the teacup is hard and the curtain
is soft. Conversely, the First Frame of the Novel objects appeared to have generated less
specific predictions about the material mechanics: the optical material properties were not
enough to predict whether a clear transparent blob would be hard glass, or a water droplet
suspended in air, or a bouncy silicon object, as indicated by more or less intermediate
ratings for First Frame Novel objects on all attributes.

Following from an analysis of ratings, we sought an alternative method to compute the
‘Predictability’ of our objects. By subtracting the ratings of the ‘Surprising’ outcomes from
those of the ‘Expected’ outcomes, we are able to generate a measure of how predictive an
object’s First Frame static appearance is of its expected deformation behavior, relative to all
objects in the stimulus set. To quantify the “predictability” of the Expected conditions, we
calculated a predictability index:

I1 =1 - | av.ratings First Frame - av.ratings Expected | Equation 4

We subtract from one so that a higher number indicates the material outcome was more
predictable. Like the other indices, we first calculated the average rating of the three objects
in each material class, then computed the rating difference. Predictability scores are plotted
in Figure 18. We performed a binomial sign test, which was used to compute the likelihood
of obtaining k or more instances in which Il was greater for Familiar versus Novel objects.
Figure 18 shows that Familiar objects were more predictable than Novel objects 18/20 times
(sign test: p < 001). The very high predictability scores for Familiar objects suggests that
participants really do build predictions based on object knowledge. Note that the
predictability index for Novel objects was not zero, which suggests that observers generate
some predictions about the mechanical properties based on the estimated optical
properties of these objects, and/or based on associations they have with the general
material properties of a bounded convex shape (e.g. a rigidity prior (Ullman, 1979; Grywacz
& Hildreth, 1987; but also see Jain & Zaidi 2011).
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Figure 18. Predictability index IT calculated as one minus the absolute difference between first frame ratings
and Expected condition ratings. There are no error bars because a separate group of observers rated first
frames, so difference scores were computed between ratings averaged across observers. Figure contributed by

A. Schmid.

Interobserver reliability

An alternative way to assess how predictable or Surprising the material mechanics were is
to look at the consistency in ratings between observers. Average correlations between
observer ratings are plotted in Figure 19, and were calculated as follows: first, observers’
raw ratings for each object type (Familiar, Novel) and each experimental condition
(Expected, Surprising, First Frame) were correlated with every other observer, and the
average was computed. Ratings of the first frame of Novel objects show far less
interobserver reliability than the other conditions. This further shows that for Novel objects,
no specific expectation (at the group level) was generated about the material qualities of
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these objects. Conversely, observers were quite consistent when rating the first frame of
Familiar objects, about as consistent as in the two movie conditions.

Ea3 Novel object E= Familiar object

1.0-

r 0.54

0.0-

Expected Unexpected First frame

Figure 19. Average interobserver correlations. Ratings of the first frame of Novel objects show far less
interobserver reliability than the other conditions. This might indicate that no specific expectation (at the
group level) was generated about the material qualities of Novel objects. Figure contributed by A. Schmid.

Reaction Time Difference

As shown in Figure 143, a trial started with 3 second period at which the first frame of a
movie was shown, followed by 3 replays of the entire clip, each replay lasting for 2 seconds.
Thus, the first replay of the movie ended at 5 seconds into a given trial. Figure 20 plots the
reaction time difference (7) between Surprising and Expected conditions. T, was greater
than zero in 15 out of 20 conditions (i.e. Surprising events took longer to rate), sign test:
p=0.041. Of these 15 conditions, the T, effect was stronger for Familiar objects versus Novel
objects 12 times, sign test: p=0.035 (black stars in figure). In other words, when judging
Familiar objects, observers took longer to rate objects that ‘deformed Surprisingly’ versus
expectedly. This was not the case on average for Novel objects. Results from paired t-tests
corroborate these findings at an individual level. On average, reaction times in the
Surprising condition were longer than in the Expected condition for Familiar objects,
t(24)=5.17, p<.001, but not Novel objects, t(24)=1.43, p=.17. Furthermore, Tpwas larger for
Familiar versus Novel objects, t(24)=2.17, p=.040.
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Figure 20. Reaction time difference (7,,) between Surprising and Expected conditions averaged across
subjects. A score above zero indicates Surprising trials took longer, and a score below zero indicates Expected
trials took longer. Error bars are one standard error of the mean. Figure contributed by A. Schmid.

The increased reaction time when rating Familiar objects that behave in a Surprising way fits
with our hypothesis that —in a Bayesian framework - these trials might involve the
correction of a larger prediction error, when compared with trials that are consistent with
expectations generated by object (or material) knowledge.

Given these mean indexes and Reaction Time Differences, we investigated whether a
correlation existed for object categories and object types to probe the nature of the
relationship between the delay in reaction time and the degree of Expectation of the object
categories.
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Figure 21. Correlation between € and 7. The positive correlation was significant (r=.3755, p=.0185). We
removed one outlier (how gelatinous is wobbling jelly: € =0.31, T,=0.91), however including this outlier only
made the correlation stronger (r=.5866, p<.001). A group of points are labelled with their material
deformation: F stands for Familiar Object, N stands for Novel object. Figure contributed by A. Schmid.

Figure 21 plots the correlation between the Effect of Expectation Index and the Reaction
Time Difference. Points are paired between object type and deformation method (shatter,
wrinkle, wobble, etc.) for each question posed in the experiment. We find a significant
positive correlation (r=.3755, p=.0185) between how expected an object deformation
category was for that object, and the resulting delay in reaction time. We removed one
outlier (how gelatinous is wobbling jelly: € =0.31, Tp=0.91) (However, including this outlier
only made the correlation stronger (r=.5866, p<.001)). This suggests that the object
categories with slower reaction times that behaved expectedly (below the line) (e.g.
splashing Familiar object when asked about liquidity) generally have longer reaction times
than their unexpected counterparts.

Analysis II/“Prior Pull”:

After computing these indices, we sought to investigate the effect of the prior in making
such material property rating judgements. First Frame ratings (see ‘First Frame’ images of
Figure 22b) are used as a measure of objects as prior knowledge about how an object
should deform (as a function of familiar shape and optics associations). In contrast, ratings
of moving Novel objects are used as a measure of how much the image motion, generated
by the kinematics of the material (‘sensory’ route), influences the rating (no influence of
shape, equating for the effect of familiar optical properties). These two conditions make
similar predictions (i.e. yield similar ratings) when the material behavior is expected (e.g.
wobbling red Jell-O; Figure 14a) but make different predictions (i.e. yield different ratings)
when the material behavior is surprising (e.g. rigid (non-deforming) red Jell-O, Figure 14b).
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Figure 22. Contribution of prior associations and image cues on perceived material qualities. A. The perception
of material qualities (such as gelatinousness) can be influenced by prior associations between dynamic optics,
shape, and motion properties. Watching the green (left) object deform may evoke an association with green
Jell-O, and may therefore be perceived as wobblier and more gelatinous than the matte object, despite both
objects wobbling in identical ways. Alternatively, the green object may be perceived as wobblier due to larger
image differences between frames, and potentially higher motion energy, as illustrated on the right. The
difference in motion energy in greyscale images of the translucent object is about seven (6.8) times larger than
that of the matte one, purely due to the difference in optical properties between these two objects. B. Shown
are first and last frames from two animations used in our cue conflict design, where we pair familiar objects with
atypical motions. Here, our expectations about the material behavior have been violated, leading to an
experience of surprise.

First Frame ratings (from prior associations) differ significantly from Novel object motion
ratings (from direct estimation) for 48 out of 60 (80%) in the Surprising motion condition,
compared to only 24 out of 60 (40%) in the Expected motion condition. We operationally
define and measure the “prior pull” as the distance between Familiar and Novel object
motion ratings in the direction of First Frame ratings.
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Figure 23 a-c. Material quality ratings and prior attraction. A. Average observer ratings for different questions
about material qualities e.g. how hard, liquid, heavy or gelatinous an object appears. Icons symbolize individual
familiar objects (chair, key, cup, pot, glass, spoon, blue droplet: water, yellow droplet: honey, white droplet:
milk, violet curtain: silk, red curtain: velvet, white curtain: linen; yellow custard, red and green Jell-O). Each
question and corresponding data are coded in the same color (red: hard, blue: liquid, purple: heavy, and green:
gelatinous). Ratings could vary between 0 (lowest) and 1 (highest). On average, ratings from all 3 conditions (i.e.
First Frame Familiar objects (large dots), typically-behaving Familiar objects (medium dots) and corresponding
(moving) Novel objects (small dots)) tended to overlap. Organization of objects follows that of B. B. Same as A,
but here, ratings of atypically-behaving familiar objects are plotted as medium-sized desaturated dots (now
organized by motion), and ratings of corresponding Novel objects - i.e. unfamiliar shapes-- which inherit their
optical and kinematic qualities from a familiar object - as small dark dots. Critically, we wanted to investigate
whether the ratings of atypically-moving familiar objects are ‘pulled’ towards the prior. This clearly could be only
the case if ratings on a given quality in First frame and Surprising motion experiments differ substantially, as
indicated by the extent of the dark gray lines between these two types of data points. A prior ‘pull’ occurs when
the ratings of atypically-moving familiar and novel objects do not overlap (significant cases highlighted in yellow;
also see Table S1); if instead they overlap completely, the object prior did not exert any significant influence on
the rating. Overall, the more the familiar object remained intact in the surprise motion condition, the more likely
the prior exerted an influence over the material appearance. C. i) lllustrates how we measure how much the
rating of an atypically-moving familiar object (middle image) overlaps with the rating of a material-matched
moving novel object (right image), or conversely, how much it is pulled towards ratings of a static view of the
familiar object (left image). ii) Shows possible results: For example, seeing an image of red Jell-O in its classical
shape, observers tend to expect that it is quite gelatinous. When they see an object with the same optical
properties that falls and does not wobble when it hits the floor, they rate it - unsurprisingly - as very non-
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gelatinous. When a classically-shaped red Jell-O falls on the floor and doesn’t wobble, observers could either
rate it similar to the novel object -after all it doesn’t wobble at all - or it could be rated as somewhat more
gelatinous, despite the sensory input, possibly because prior experience influences the appearance, making
observers perceive wobble when there isn’t. iii) When the familiar object moves exactly as expected, and when
there is no strong influence of shape familiarity on material judgements, all three ratings will overlap. Portions
of figure provided by A. Schmid.

The yellow highlighted cases in Figure 23a show that this “prior pull” occurred twice as
much in the Surprising (10 cases) than the Expected condition, and more in conditions
where the object was still intact and recognizable at the end of the movie (objects that
behaved rigidly or wobbled). Prior pull in the Expected condition also occurred where
estimation (sensory input) and associative (prior knowledge) accounts made different
predictions (gelatinousness of the honey, heaviness of the wine glass, Figure 13a). In these
cases, the “expected” cases were not so expected — this may be related to shape properties,
or the size of the splashing of the liquids. Although we controlled for the effects of image
motion from optics (e.g. specular highlights), perhaps other low-level image differences
exist between Familiar and Novel objects that could be driving differences in ratings. To rule
this out, we modelled the data using differences in size between Familiar and Novel objects
in the first and last frames (pixel area difference) and calculated differences in motion
energy. Such a model performs extremely poorly (R? = 0.025, p>0.05). This suggests rating
differences are not caused by differences in object size or image motion.
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Figure 24. Prediction strength reaction time differences and interobserver correlations. A. Correlation
between mean First frame ratings and mean Expected motion ratings for familiar and novel objects (B.) A high
correlation indicates that the First frames (still images) of objects are highly predictive of the objects’ kinematic
properties, and thus are in good agreement with ratings in the Expected motion condition, where objects fall
and deform according to their typical material kinematics. This is clearly not the case for novel objects,
suggesting that these objects do not elicit strong prior expectations about how an object will deform. C. Average
interobserver correlation for Expected and Surprising motion trials, as well as the First frame experiment. Note
that only for novel objects, this latter correlation was quite low, suggesting that still images of unfamiliar objects
do not elicit a strong prior in observers about the material qualities measured in this experiment. D. Reaction
time data averaged across all observers for Expected (black) and Surprising trials (medium gray). Stars indicate
significant differences p<0.005. Regression analysis/figure provided by A. Schmid.

Given that there are a few cases where Novel objects do seem to generate correct
predictions about the material outcome (those at the bottom left and top right of Figure
15B), and since some of the magnitude of the prior pull may be explained by shape
recognizability at the end of the movie, we tested a linear regression model that predicted
the direction and magnitude of Familiar and Novel object rating differences from prior pull
from optics, familiar shape, and shape recognizability at the end of the animation. We can
model the data to an extent (R2 between 0.266 and 0.59 depending on the question), but
not perfectly, potentially due to specific motion-shape-optics interactions.
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Discussion

We did not aim to test an exhaustive list of material attributes, but to determine whether
effects of prior associations on visual input might depend on the type of material attribute
judged, and on how the object behaves under external forces. We found that “mechanical”
qualities like hardness and liquidity appear to be more directly estimated from material
kinematics in “shape destroying” conditions (splashing, shattering, wrinkling), but prior
associations play a modulatory role (to the extent where material kinematics can even be
ignored (e.g. red and green Jell-0)) when shape remains somewhat intact. These latter
conditions seem to create more of a cue conflict, and are more ambiguous. On the other
hand, qualities like gelatinousness and heaviness (which are much more difficult to estimate
directly from mechanical deformations) were more affected by familiar shape and optics
associations.

III

One might argue that the “prior pull” we demonstrated here is not perceptual but in fact is
due to a particular ‘cognitive strategy’ of some observers (i.e. explicitly ignoring the motion
information and thus rating material qualities of atypically moving familiar objects as they
rated objects on the first frame, while other observers’ ratings were 100% identical to novel
object ratings). This would have resulted in bimodal rating distributions and/or low
interobserver correlation in the object motion condition, neither of which we found. The
prior ‘pull” is a quite subtle effect, and for the majority of judgments, prior knowledge was
not enough to ‘outweigh’ the strong material kinematics. In particular, when shape was not
recognizable due to its deformation (splashing, wrinkling), the prior pull was essentially
absent. This fits with the idea that if there is too much evidence against the prior, sensory
input gets more weight.

Another argument against the cognitive strategy approach is supported by reaction time
(RT) patterns in our experiments. A small but significant increase in RT in the familiar object
surprising condition - which is the condition that most strongly juxtaposes prior expectation
with sensory evidence - would be consistent with the idea of recurrent prediction error
correction. Importantly, we do not find evidence for a reaction time advantage in expected
familiar objects condition, which suggests that this increase in RT cannot simply be due to
the fact that observers positioned the slider in advance to the ‘wrong’ (expected) position. If
observers adopted such a strategy, we should have also seen faster RTs for expectedly
moving familiar objects.

The human brain uses prior knowledge to continuously generate predictions about the
visual input in order to make quick decisions and to guide our actions. Predictions about
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material properties are no exception to this: to avoid small daily disasters, we need to be
able to predict how slippery and how heavy a cup is before picking it up. Our work shows
that previously acquired object-material associations play a central role in material
perception and are much more sophisticated than previously appreciated. Our results also
offer an explanation to the seemingly conflicting findings in research that investigated the
perception of material qualities of non-rigid objects. While some work proposes that
perceived material qualities like softness are strongly influenced by motion and shape cues,
which completely dominate optical cues, other work showed that both optical and
mechanical cues affect estimates of viscosity, and yet other research concludes that optical
properties dominates over image motion and shape cues when judging the stiffness of
cloth. Our results suggest that the prior on the material category (e.g. rubber, liquids, cloth)
determines how image cues (optical, motion, shape) are weighted and integrated with
existing material knowledge to yield a specific material percept. Thus, the conclusions of
previous research can be reconciled when the role of familiar shape priors is considered.
This study extends a growing theme in the material perception literature that studying the
perception of kinematic material qualities can serve as a tool to guide investigations of the
neural mechanisms about material properties, as it provides insight into components (high
and low level) that make up material perception as a whole.

We probed observers’ predictions about the mechanical properties of materials by using
dynamic computer-rendered scenes and a violation-of expectation paradigm. We created an
index that captures the differences in material judgements between Expected and
Surprising object deformations, and find that the value of this index is larger for Familiar
than Novel objects. Moreover, when expectations about object ‘behavior’ are violated, it
takes observers longer to rate the object’s mechanical material properties. Overall,
predictions about mechanical properties of materials were not just activated by the familiar
shape of an object, but could —to a lesser extent —also be activated by optical material
properties alone. Taken together, our results imply that many perceived material qualities
are not solely determined by the retinal stimulation, but instead are rather susceptible to
cognitive influences.

CONCLUSION

This work shows that expectations regarding kinematic/mechanical properties of materials
can be activated by the familiar shape of an object, but also by the optical qualities of a
surface. Our results imply that perceived material qualities are not only determined by the
retinal stimulation, but instead can also be susceptible to cognitive influences, such as
expectations and memory. Of particular interest is the effect that the ‘typical’ color of
objects has on perceived object properties. The experiment described below investigates
this question by removing the typical/expected color from our Surprising stimulus set.
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Experiment 2.3: Greyscale Rating Version

In the previous experiment, we found that both the familiar shape and optical material
qualities of an object play a role in the identification of object identity. These results
suggested that the perception of object identity is affected not only by perception alone,
but is also influenced by prior knowledge about objects. This led us to investigate the
influence of color (e.g. ‘typical material color’ c.f. Biederman, 1987) on the perception of our
stimuli. In the absence of color, participants must rely on shape cues and object priors to
make such material judgements.

To investigate the effect of optical properties and color on all previous results, we repeated
the rating experiment using greyscaled versions of the stimuli previously described. We
hypothesized that optical properties would provide more cues to object identity and
therefore, we would find faster responses to colored stimuli than to greyscaled ones. This
hypothesis is supported in the literature-- Price and Humphreys (1989) found that surface
information such as color was particularly helpful for recognizing structurally similar objects,
and reported superior latency performance on colored photographs and computer images,
compared to greyscale ones. For such objects, naming was more rapid with colored slides
and appropriate colored line drawings than it was with line drawings or inappropriately
colored line drawings. Using response latencies as a method, Davidoff and Ostergaard
(1988) and later, Brodie (1991) uncovered a naming-latency advantage for colored over
black and white depictions, finding that the advantage for color depictions was equally
present for manufactured objects and natural ones. Wurm et. al. (1993) further concluded
that colored depictions of food items congruent with the expected color of the food item
were named faster than greyscale (incongruent) depictions of the same objects. Following
from this literature, the following experiment sought to investigate the influence of color
when making kinematic material property judgements.

Methods

Stimuli

The stimuli used in this experiment were taken from the motion experiment described in
Chapter 2. The stimuli were greyscaled using the rgb2grey function in MATLAB. The
Greyscale version of the First Frame data used in the analyses for this experiment were
collected consistent with those described in the previous experiment.
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Figure 25. Greyscaled Familiar Object Stimuli. Consistent with the previous stimuli, here we show (in
greyscale) Familiar objects grouped according to their material mechanics. The right-hand column of all
categories depicts corresponding last frames of animations that show how a given object fully deformed in the
Surprising condition. We refer the reader to Zenodo (see Reference List) for the corresponding animations.

Apparatus

As in the previous experiment, the experiment was coded in MATLAB 2015a (MathWorks,
Natick, MA) using Psychophysics Toolbox (version 3.8.5), and presented on a 24 5/8" PVM-
2541 Sony (Sony Corporation, Minato, Tokyo, Japan) 10-bit OLED monitor, with a resolution
of 1024 x 768 and a refresh rate of 60 Hz. Videos were played at a rate of 24 frames per
second. The participants were seated approximately 60 cm from the screen.

Task and Procedure

The task and procedure used in this experiment were identical to that of the motion
experiment previously described. We refer the reader to the previous experiment for these
details.
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Figure 26. Example of a single greyscaled trial. The design of the experiment was identical to that previouslx
described in Chapter 2. The first frame was shown for three seconds. The object then fell and deformed in a
manner that was either Expected or surprising. The participants adjusted the bar at the right in order indicate
their rating of the object’s material appearance. The attribute on which to rate the object was always present
throughout the trial.

Participants

20 naive participants from JLU Giessen participated in the experiment. All participants had
self-reported normal or corrected-to-normal vision. The experiment followed the guidelines
set forth by the Declaration of Helsinki. All participants provided written informed consent
and were reimbursed at a rate of €8/hour.

Results

Analysis |

For clarity, we reproduce the equations below (as discussed in the previous chapter).

Rating Differences, Expected versus Surprising: To investigate the effect of the removal of
color when making various material property judgments (consistent with the previous
experiment), we computed rating differences between Expected and Surprising conditions.
For each object type (Familiar, Novel), each attribute (how hard, how gelatinous, how
heavy, how liquid), and each material class (Splashing, Shattering, Non-deforming,
Wobbling, Wrinkling), rating differences were calculated between the three objects with
Expected outcomes and the three (different) objects with Surprising outcomes (ratings were
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averaged over the three objects before difference scores were computed). Thus, how an
object deformed was the same, e.g. it would splash, but which object (Familiar or Novel)
would do the splashing is different in Expected (honey, milk, water) and surprising
conditions (chair, pot, curtain). As before, (given the increased ambiguity in differentiating
objects) we were agnostic about the direction in which the rating will change (e.g. will a
Splashing chair look more liquid, or harder, or heavier than Splashing milk?), so we took the
absolute value of this difference score as an index of the effect of expectation on ratings
(Effect of Expectation Index, €):

€ = | avg.ratings Expected - avg. ratings Surprising | Equation 2

Consistent with the full-color stimuli, this resulted in 40 difference scores for each observer,
20 in the Familiar object condition and 20 in the Novel object condition. If object knowledge
influences perceived material properties (even in the absence of typical/expected color),
ratings should differ between Familiar objects that behave as expected, and Familiar objects
that behave in a surprising way. Familiar objects should be larger than € for Novel objects (€
Familiar object > € Novel object). A binomial sign test was used to compute the likelihood of
obtaining k or more instances in which € (averaged across observers) was greater for
Familiar versus Novel objects.

Reaction times

Consistent with the previous rating experiment, the time taken to make each judgment
(reaction time) was also measured. We again reasoned that, as in the full-color stimuli,
rating the material properties of materials that behave surprisingly might involve the
reiterative correction of a prediction error by the visual system, and this error correction
might be associated with an increase in reaction time when rating objects that behave in a
surprising way. Before computing the difference in reaction time between Expected and
Surprising conditions, we pre-processed reaction time data as follows: we subtracted the
time to impact (3 seconds static first frame + 0.45 seconds to impact) from the raw reaction
times so that a reaction time of zero would now indicate time of impact. Reaction Time
Difference Scores (t) were then computed as follows:

Tp = av.reaction time Expexted - av.reaction time Surprising. Equation 3

Consistent with the rating data of the full-color rating experiment, reaction times were
averaged over the three objects in each material class before difference scores were
computed, which led to 40 difference scores for each observer, 20 in the Familiar object
condition and 20 in the Surprising object condition. These difference scores were averaged
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across observers, and a binomial sign test was used to compute the likelihood of obtaining
k, or more instances in which the 7, was greater for Familiar versus Novel objects.

Exclusions

The previous error regarding the Novel object ‘Key’ issue did not occur in the collection of
greyscale rating data. As before, data points that were faster than 0.75 seconds after impact
(fastest possible button press) were excluded. Response latencies that were longer than 2
standard deviations above the mean were also excluded. Following these exclusions, 208
data points were excluded for reaction times that were too fast or too slow according to this
criterion.

Ratings/Effect of Expectation Index (€)

Consistent with the previous (full-color) experiment, the ratings of observers varied
systematically with the mechanical material properties of Familiar and Novel objects, and
are largely consistent with the Full-Color Rating data from the previous experiment. Figure
27, which shows average ratings for all attributes, again illustrates that observers were able
to perform the task sensibly. In general, the data for ratings between the full-color and
greyscale experiments are remarkably consistent with one another. The differences
between the ratings of Full-Color and Greyscale rating data lie largely in the “Wobbling’
condition, as there is greater variability for Wobbling items for all four rating attributes
between the Full-Color and Greyscale Rating data. Familiar Expected items, for ratings of
Liquidity, tended to be rated as slightly less liquid than their colored counterparts. Error bars
for the individual objects tended to group more closely to the averages of the bars in the
greyscale data, whereas they varied more significantly in the Full-Color rating data.
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Figure 27. Greyscaled Rating Data for all Attributes (Expected/Surprising). Ratings are consistent with their
deformations: Splashing items are rated as very liquid, and non-deforming/shattering items as very hard.
Wobbling items vary more significantly in their ratings of Wobbliness. In general, the data for ratings between
the full-color and greyscale experiments are remarkably consistent with one another. Error bars are one
standard error of the mean.

Referring to Figure 27, the jelly, spoon and teacup that wrinkled surprisingly (Figure 27,
purple bars) were rated as only slightly less hard than the linen, silk, and velvet curtains that
wrinkled expectedly. While this is the opposite of the finding in the Full-Color rating data,
prior knowledge about hard items still led to increased ratings of hardness compared to
their soft curtain counterparts, despite all of these objects wrinkling. Thus, prior object
knowledge about hardness influenced ratings of hardness in the direction of the expectation
(if only slightly, for Greyscale ratings). Remarkably consistent for greyscale data, a similar
interpretation can be made for hardness ratings of Shattering objects: Even in the absence
of typical color, the clay pot, wine glass, and teacup that Shattered expectedly were rated as
harder on average than the custard, linen curtain, and water that Shattered surprisingly.

In contrast to the Full-Color ratings, greyscale ratings of the jelly, spoon and teacup that
wrinkled unexpectedly (purple bars) were rated as equally gelatinous as the linen, silk, and
velvet curtains that wrinkled expectedly. While object knowledge may have influenced
gelatinous ratings for the jelly, the spoon and teacup require a different explanation, as they
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are ordinarily non-gelatinous objects. It is possible that for these rigid items, shape and
optics (or the lack thereof, in the absence of typical color, shape and optics priors may have
interacted to make the spoon appear more ambiguous, leading to increased ratings of
gelatinousness.

Figure 28 plots the Effect of Expectation Index (€) for each attribute and each material class,
averaged across subjects. In 11/20 conditions, € was not significantly greater for Familiar
objects than Novel objects, sign test: p=.15. Results from a paired t-test find that on
average, € was significantly greater for Familiar objects than Novel objects, t(18)=8.54,
p=.040. Even in the absence of color, judgments of material qualities are not based purely
on the observed material mechanics, but are also affected by prior knowledge about the
object.
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Predictability index Il

As with the Full-Color ratings, we wanted to verify whether participants really build
predictions based on object knowledge (even in the absence of color) by comparing their
ratings of objects that behave expectedly, to ratings of the first frames of these movies. If
object knowledge, even in the absence of color, leads to strong predictions about material
properties, then ratings of the first frame should be highly consistent with Expected
conditions for Familiar objects, but not Novel objects. We had a separate group of observers
(N=17) rate only the first frames of these movies, and compared these to our previous
ratings from the Expected condition.

Figure 29 plots all ratings of the First Frame next to the Expected movie condition for Novel
and Familiar objects. Notably (and, consistent with the Full-Color ratings), First Frame
ratings of Novel objects differ from the other three conditions (Familiar First Frame, Familiar
Expected, Novel Expected), which are all more similar to one another. Novel and Familiar
Expected object conditions tended to be rated similarly because objects in these conditions
deformed in the same way (e.g. splashed, shattered etc). The corresponding Familiar first
frame condition was rated similarly to these two conditions, suggesting that object
knowledge (even in the absence of color) was used to build predictions about the material
qualities of these objects: observers were able to (correctly) determine that the teacup is
hard and the curtain is soft. While this generally holds true, there were some surprising
differences, finding more consistency between Novel and Familiar ratings for greyscaled
objects (compared to the greater variability between Familiar and Novel in the full-color
condition).

77



Splashing Non-Deforming

Expected

pfa

5 &
I
<4 ]— First Frame

i
&

z
£
0

~ Novel  Familiar Novel Familiar

more gelatinous >>

o &
oo al

v !
vy
AARE =8 | ]
: 7 RS
| | P
5 I | . I 9a

heavier >>

Novel  Familiar Novel  Familiar

) 08 : ]

gns— Y v

E . !

© 04 s 4 i E

s £32 8

£ v [ Tl.znx.:\;ﬁ f

oL | o I .

Novel  Familiar Novel  Familiar

Figure 29. All Ratings for Expected and First Frame Conditions. The Expected condition presents the same

- L - =} o—1L |
Novel  Familiar Novel  Familiar

Shattering Wobbling Wrinkling
09 e ® %o ) ?é
S | it
il Iima Ml
g, 8 o
N HT |
0
e 1 [ L%ig | h
Novel Famlllar Novel  Familiar Novel  Familiar
® | ¢ | X e 1.
¢ oo !
? - ! ]
% 9 ﬁgfi ) %i It
| i (9o | BNNO | 8?5 | I oo |
Novel  Familiar Novel  Familiar Novel Familiar
| ;
! °
t ??ﬁ”% ) oOC:T ! ol
=1 B r%‘?
i 1522 fed
Novel  Familiar Novel  Familiar Novel Famlllar
¢ : ®
¢ S
t %0 ! T, 5
ié | Py ° ! 1855
! 1 !
im} i1
Lo 155 ‘.-
Novel Famlllar Novel  Familiar MWI Fam‘iﬁgr

data as the previous rating figure, while the First Frame ratings are from a new set of observers. Error bars are

one standard error of the mean.

As in the Full-Color analyses, to quantify the Predictability of the Expected conditions, we

calculated a predictability index:

I1 =1 - | av.ratings First Frame - av.ratings Expected |

Equation 4

Consistent with the full-color data, we subtract from one so that a higher number indicates

the material outcome was more predictable. Like the other indices, we first calculated the

average rating of the 3 objects in each material class, then computed the rating difference.
Predictability scores are plotted in Figure 30. We performed a binomial sign test, which was
used to compute the likelihood of obtaining k or more instances in which Il was greater for
Familiar versus Novel objects. Figure 30 shows that Familiar objects were more predictable
than Novel objects 14/20 times (although not significant, sign test: p=.12). Again, note that

the predictability index for Novel objects was not zero, which suggests that observers

generate some predictions about the mechanical properties based on the estimated optical

properties of these objects, and/or based on associations they have with the general

material properties of a bounded convex shape (e.g. a rigidity prior (Ullman, 1979; Grywacz
& Hildreth, 1987; but also see Jain & Zaidi 2011).
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Figure 30. Predictability index IT calculated as one minus the absolute difference between First Frame
ratings and Expected condition ratings. There are no error bars because a separate group of observers rated
first frames, so difference scores were computed between ratings averaged across observers.
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Interobserver reliability

As in the full-color rating analysis, an alternative way to assess how predictable or Surprising
the material mechanics were is to look at the consistency in ratings between observers.
Again, average correlations between observer ratings are plotted in Figure 31, and were
calculated as follows: first, observers’ raw ratings for each object type (Familiar, Novel) and
each experimental condition (Expected, Surprising, First Frame) were correlated with every
other observer, and the average was computed. As in the full-color data, ratings of the first
frame of Novel objects again show far less interobserver reliability than the other
conditions. This further shows that for Novel objects, no specific expectation (at the group
level) was generated about the material qualities of these objects. Conversely, observers
were quite consistent when rating the first frame of Familiar objects. The Unexpected
condition follows the same pattern as the full-color data (Novel Unexpected objects having
a higher correlation than their Familiar Object counterparts), while for greyscaled stimuli,
Familiar Objects have a higher correlation than their Novel object counterparts.

1.0
s Novel Object

- s Familiar Object

ros:-

0.0L

Expected Unexpected First Frame

Figure 31. Average interobserver correlations. Ratings of the first frame of Novel objects show far less
interobserver reliability than the other conditions. This might indicate that no specific expectation (at the
group level) was generated about the material qualities of Novel objects. The Unexpected condition follows
the same pattern as the full-color data (Novel Unexpected objects having a higher correlation than their
Familiar Object counterparts), while for greyscaled stimuli, Familiar Objects have a higher correlation than
their Novel object counterparts.
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Figure 32. RT Exclusion Histograms. Consistent with the full-color rating data, trials where Familiar objects
behave unexpectedly are excluded more than other types of trials. This finding is consistent with our Reaction
Time (RT) results, as it suggests that participants continue to observe the Surprising events for a longer
amount of time. This is consistent with our previous results/the general finding that object knowledge
influences the ratings of objects.

Consistent with the full-color rating data, trials where Familiar objects behave unexpectedly
are excluded more than other types of trials. This finding is consistent with our Reaction
Time (RT) results, as it suggests that participants continue to observe the Surprising events
for a longer amount of time. This is consistent with our previous results/the general finding
that object knowledge influences the ratings of objects.
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Fig. 33a-d. RT Histograms. Histograms for Reaction Times. Reaction times for greyscaled stimuli of Familiar
Objects are slower for Familiar objects that behave surprisingly (C) versus expectedly (A). This difference is not
present for Novel objects with matched outcomes (C and D).

Figure 33a-d presents histograms for reaction times of responses to the various conditions.
Consistent with the previous Full-Color rating experiment, reaction times for greyscaled
stimuli of Familiar Objects are slower for Familiar objects that behave surprisingly (33C)
versus expectedly (33A). This difference is not present for Novel objects with matched
outcomes (33C and D).
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Figure 34. Reaction time difference (t,) between Surprising and Expected conditions averaged across
subjects. A score above zero indicates Surprising trials took longer, and a score below zero indicates Expected
trials took longer. Error bars are one standard error of the mean.

As shown in stimulus Figure 26, a trial started with 3 second period at which the first frame
of a movie was shown, followed by 3 replays of the entire clip, each replay lasting for 2
seconds. Thus, the first replay of the movie ended at 5 seconds into a given trial. Figure 34
plots the reaction time difference (t) between Surprising and Expected conditions. T, was
greater than zero in 15 out of 20 conditions (i.e. Surprising events took longer to rate), sign
test: p=.08. Of these conditions, the 7, effect was stronger for Familiar objects versus Novel
objects 11 times, sign test: p=.015. On average (and consistent with the Full-Color Rating
experiment RTD data) when judging Familiar objects, observers took longer to rate objects
that deformed Surprisingly (versus expectedly). This was not the case on average for Novel
objects. Results from paired t-tests corroborate these findings at an individual level. On
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average, reaction times in the Surprising condition were not significantly longer than in the
Expected condition for Familiar objects, t(18)=-3.17, p=.064, but were for Novel objects,
t(18)=2.22, p=.035. Furthermore, Tpwas not significantly larger for Familiar versus Novel
objects, t(18)=1.49, p=.064.

Consistent with the Full-Color Rating experiment reaction time difference data, the
increased reaction time when rating Familiar objects that behave in a Surprising way fits
with our hypothesis that —in a Bayesian framework - these trials might involve the
correction of a larger prediction error, when compared with trials that are consistent with
expectations generated by object (or material) knowledge. For direct comparison ,we plot
color and greyscale reaction time differences below, in their separate ‘Familiar’ and ‘Novel’
object conditions.
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Figure 35. Reaction Time Difference Comparison Plots. Figure 35 plots the reaction time difference (RTD,
Surprising minus Expected) for all rating adjectives (Hard, Gelatinous, Heavy, and Liquid) by their deformation
methods (Melting, Non-Deforming, Shattering, Wobbling, Wrinkling), comparing the greyscale data from this
experiment to that of the full-color data. With certain exceptions, the reaction time differences are rated
similarly between color and greyscale.

Figure 35 plots the reaction time difference (RTD, Surprising minus Expected) for all rating
adjectives (Hard, Gelatinous, Heavy, and Liquid) by their deformation methods (Melting,
Non-Deforming, Shattering, Wobbling, Wrinkling), comparing the greyscale data from this
experiment to that of the full-color data from the previous experiment. With certain
exceptions, the reaction time differences are rated similarly between color and greyscale.
These exceptions tend to occur in the ‘Wobble’ conditions, whereby the lack of optical
properties in the greyscale condition leads to greater ambiguity, and thus, a greater spread
of reaction time difference scores.
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Figure 36. Mean Index Comparisons. Figure 36 plots the average Effect of Expectation Indices for each
deformation method (Melting, Non-Deforming, Shattering, Wobbling, Wrinkling) for both Color and Greyscale
experiments, in addition to the Predictability Scores for both Color and Greyscale Experiments. Values for each
of these scores tended to be rated similarly between color and Greyscale experiments, providing further
support for the idea that in the absence of color, observers may access their prior knowledge about typical
color of these objects, leading to similar ratings. These values are the most distinct from one another for
Wobbling and Wrinkling items, which is consistent with increased levels of ambiguity for these objects in the
absence of color.

Figure 36. Mean Index Comparisons. As in the previous figure, we wanted to compare our
two mean indices for color and greyscale items in their respective conditions. Figure 36
plots the average Effect of Expectation Indices for each deformation method (Melting, Non-
Deforming, Shattering, Wobbling, Wrinkling) for both Color and Greyscale experiments, in
addition to the Predictability Scores for both Color and Greyscale Experiments. Values for
each of these scores tended to be rated similarly between color and Greyscale experiments,
providing further support for the idea that in the absence of color, observers may access
their prior knowledge about typical color of these objects, leading to similar ratings. These
values are the most distinct from one another for Wobbling and Wrinkling items, which is
consistent with increased levels of ambiguity for these objects in the absence of color.

Considering the differences in Predictability scores between color and greyscale (upper
portion of figure), colored familiar objects (stars) are more predictable than grey familiar
objects (diamond) in 4/5 cases. The remaining instance where the converse is true occurs
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for Wrinkling items. This is consistent with our results: As discussed previously, the shape of
wrinkling items were difficult to rate and differentiate. The predictability scores of novel
items between color (x-shape) and greyscale (hexagon) show that colored novel items were
more predictable than their greyscale counterparts in 3/5 cases. In the cases where this
effect is not found (splashing, wobbling), it is possible that optical properties are largely
driving the effect, and in their absence, the shape alone was an ambiguous cue. Considering
the Effect of Expectation Index (lower portion of figure), we find a greater difference
between expected and surprising ratings for Familiar Objects (square) than for Novel
Objects (circle) in 3/5 cases. For the cases where we find the opposite effect (shattering,
wobbling), it is possible that the lack of optical properties caused judgements to become
more ambiguous. This is especially interesting in the wobbling cases: Here, we find a greater
difference for grey familiar objects between their expected and surprising outcomes than
for their colored counterparts.

Discussion

In this experiment, we tested how our results from the previous color experiment differs in
the absence of ‘typical’ color. Ratings and reaction times were found to be similar for full-
color and greyscale stimuli, contradicting our hypothesis that, in the absence of color,
ratings and reaction times would differ greatly as a function of the decrease in available
optical input. These findings are consistent with the idea that prior knowledge (e.g.
regarding typical color/optical properties) influences perception. In the absence of ‘typical’
color information, the observer must make rapid decisions about an object (under
uncertainty) based predominantly on shape cues and object priors.

While we average over the three objects in each deformation condition (as the differences
in our findings may differ for each object), here it is interesting to consider the rationale of
how each object category differs as a function of the removal of optical properties and
typical color. With full color and optical property information available, it is easy to tell that
certain items (e.g. clay pot or teacup) will shatter upon impact, as their materials are fragile.
However, in greyscale, such information regarding typical color and optical qualities is
removed. This means that for certain objects, the ‘Expected’ deformation has been made
more ambiguous: What was once a (more obviously) shattering clay pot and teacup could
now just as easily be made of plastic (as if it were a child’s toy) and therefore would not be
expected to break.

In contrast, the expected motion for other items in this data set remain comparable based
on shape, even in the absence of typical color: ltems that are shaped like jellies will wobble,
while liquids would be expected to splash. Rigid objects may or may not break: A glass chair
would shatter, while a metal chair would not. A greyscaled image of a spoon would still be
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unlikely to break, given that spoons are almost always made of rigid materials (be they
plastic, metal, or wood). In this way, prior knowledge about the ‘typical’ optical properties is
applied, supporting our finding of similar ratings. These findings would support the findings
of Hansen et. al.’s ‘blue banana’, suggesting that priors on object color may affect the
ratings provided by observers to our stimuli: In the absence of color, objects are rated
similar to their ‘typical’ colors and object properties.

The fact that reaction times are similar between color and greyscaled familiar object stimuli
and tend to cluster together (with certain exceptions of familiar objects around a 1 second
reaction time difference) provides further support for the finding that these objects are
rated similarly under ambiguity. As noted in the Full-color experiment, it is surprising that
we find such a reaction time effect, given that our response method leaves a significant
amount of time (relative to the setup of the experiment), we have still found the presence
of such a reaction time effect.

Conclusion

Consistent with the previous Full-Color rating experiment, this work shows that (even in the
absence of color), prior knowledge of kinematic properties of materials can be activated by
the familiar shape of an object, but also may be influenced by the prior for the ‘typical’
optical qualities of a surface. Our results imply that perceived material qualities are not only
determined by the retinal stimulation, but instead can also be susceptible to cognitive
influences, such as expectations and memory.
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CHAPTER 3: Control Experiments

Experiment 3.1: ‘Questions’ Experiment

In this control experiment, we investigated whether our stimuli were identified by the
participants as we intended via a free-response naming task. Using a set of three questions,
participants provided their responses in writing. We find that overall, participants identified
the objects as we intended, and largely agreed with one another.

Methods

Stimuli

Participants were shown the static first frame of each of the Familiar Objects and Novel
Objects, (and separately, Familiar Object and Novel Object Surprising motion). They were
then asked to provide written responses to identify each stimulus. Using the responses
collected, we sorted the responses into four main groups: ‘Hard Items’, ‘Liquid Items’, ‘Soft-
Deforming Elastic Items’, ‘Soft-Deforming Non-Elastic Items’, and ‘Cloth/Fabric Items’.
Stimuli: Stimuli used in this experiment were rendered at a lower quality than the previous
experiments, and were presented with mid-gloss wooden floor and green background.
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Figure 37. Exemplars of Stimuli for ‘Questions’ Experiment. A selection of stimuli from those used in
Experiment 3. These stimuli used the same objects and animations as those described previously, but provided
a different background against which the objects were presented. The mid-gloss wooden floor remained in the
scene for these stimuli. As in the previous stimulus set, lighting remained constant (governed by ‘Campus’ HDR
probe). Animations contributed by A. Schmid/Figure created by L. Alley.
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Apparatus

The experiment was coded in MATLAB 2015a (MathWorks, Natick, MA) using Psychophysics
Toolbox (version 3.8.5), and presented on a 24 5/8" PVM-2541 Sony (Sony Corporation,
Minato, Tokyo, Japan) 10-bit OLED monitor, with a resolution of 1024 x 768 and a refresh
rate of 60 Hz. Videos were played at a rate of 24 frames per second. The participants were
seated approximately 60 cm from the screen.

Task and Procedure

In Experiment 3, participants always completed the static ‘First Frame’ of the experiment
first (equivalent to First Frame experiments discussed previously). In doing so, their
responses were not affected by the observation of motion. Unlike the previous
experiments, ‘Novel Objects’ were always shown as the first block of the ‘First Frame’
experiment. In doing so, participants were able to judge the optical qualities (material) of
the Novel Object objects, without prior interference from the familiar object shapes.
Participants viewed each stimulus in succession, and for each trial provided written
responses to the question:

“What material might this object be made of?”
“On a scale of 1 — 10, how sure are you of the above response?”

“If this object were to fall, how might the material deform?”

Exemplar trial
L 7

Observer Pauses
RT recording

Figure 38. Trial Diagram. Participants provided their responses in writing in this free-naming task. Participants
viewed each stimulus in succession, pausing after each to provide their responses in writing. In this way, we
are able to ascertain desired amount of time take to observe each stimulus.
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Participants provided their responses in writing in this free-naming task. Participants viewed
each stimulus in succession, pausing after each to provide their responses in writing. In this
way, we are able to ascertain desired amount of time take to observe each stimulus.

Participants

12 naive participants (mean age 25.8; 8 female) participated in both the ‘First Frame’ and
‘Full Motion’ conditions of Experiment 3; 11 were right-handed. All participants were native
speakers of German language, and had self-reported normal or corrected-to-normal vision.
All participants provided written informed consent, and were reimbursed at a rate of €8 per
hour.

Analysis

All responses were provided in German and translated to English for analysis by native
speakers of German language. Based on responses given by participants, the data were
organized into five categories: ‘Hard Items’, ‘Liquid Items’, ‘Soft Deformable Elastic Items’,
‘Soft Deformable Non-Elastic Items’, and ‘Cloth/Fabric Items’.
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Results
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Figure 39 a-d. Results of ‘Questions’ Experiment. Stacked bar plot of responses broken down by category:
‘Hard Items’, ‘Liquid Items’, ‘Soft Deformable Elastic Items’, ‘Soft Deformable Non-Elastic Items’, and ‘Fabric
Items’. These graphs indicate that participants were identifying the objects as we intended, and the results
tended to cluster into their own object categories.

Discussion

We presented a series of objects to participants and asked them to freely name the material
of which the object the object could be composed. Figure 39a plots responses to the
‘Familiar Object First Frame’ condition, where judgements were made based on the static
first frame of the image alone (a judgement of shape and optical properties). Figure 39b
plots responses to the ‘Novel Object First Frame’ condition, where critical information
regarding shape was removed, and judgements were made on material alone. Taken
together, this suggests that when information regarding object shape was present,
responses regarding the identity of the object and material were largely in agreement, while
when information regarding shape was removed, responses regarding the identity and
material of the object varied to a greater degree. Figure 39c plots responses given by the
participants to the ‘Familiar Object Surprising Motion’ condition, where recognizable objects
were shown to deform in a manner that violated their expectations. Figure 39d plots
responses given by the participants to the ‘Novel Object Surprising Motion’ condition,
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where both the shape and the motion shown were unfamiliar. From the results in Figures
39c¢-d, we see two main patterns of responses. Because participants were not given explicit
instruction as to on which frame they should base their decision, certain participants gave a
response based on their impression of the intact object at the start of the video, while
others provided their responses based on the motion outcome observed (i.e. because the
chair was shown to Surprisingly melt, many participants gave responses in the ‘liquid’
category). For the Novel Objects, we find a similar pattern of results, suggesting that for
certain items, the optical qualities were salient enough to allow the participant to identify
the intended material of the object, irrespective of the novel shape of the Novel Object. We
indeed find that most Familiar Objects were identified as we intended, and that this
recognition ability, in many cases, does not extend to novel control objects (as we would
predict).

These graphs indicate that participants were identifying the objects as we intended, and
that the results tended to cluster into their own object categories, consistent with previous
findings on object and material categorization. Following from this finding, we additionally
investigated the rating-based method of response, and asked how our results differ as a
function of response input—How will our results change if participants are asked to make
rapid, two-alternative-forced-choice (2AFC) responses?
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Experiment 3.2 Full-Color versus Greyscale 2AFC Experiment

In order to investigate these stimuli without using a rating bar, we developed a Two Interval
Forced Choice (2 AFC) experiment which allowed us to investigate whether the RT effects
we find in the previous experiments are due to the re-positioning of the rating bar, or
whether the RT effect we find is an effect of the stimulus presentation. Overall, we find that
reaction times tended to be faster for the greyscaled stimuli than for the exact same
judgements with full-color stimuli. We suggest that this difference is related to the decrease
of informative cues to material identity, requiring additional reliance on the prior.

Methods
Stimuli

Exemplar trial
First frame ,// M First frame

Exemplar trial

SOFT ) NOT SOFT

Movie starts Movie starts
NOT SOFT

Movie ends Movie ends
SOFT NOT SOFT

‘\ Movie plays up to 3x

.
x 2« Observer responds

Figure 40 a-b. Color versus Greyscale Stimuli. Figure 40a shows the full-color version of the 2AFC experiment.
Observers were asked to perform the 2AFC experiment, using the stimuli described in Chapter 2. Figure 40B: A
separate group of observers were asked to perform the same experiment, using greyscaled versions of the
stimuli described in Chapter 2. The stimuli were greyscaled using ‘rgb2gray’ in MATLAB.

Apparatus

The experiment was coded in MATLAB 2015a (MathWorks, Natick, MA) using Psychophysics
Toolbox (version 3.8.5), and presented on a 24 5/8" PVM-2541 Sony (Sony Corporation,
Minato, Tokyo, Japan) 10-bit OLED monitor, with a resolution of 1024 x 768 and a refresh
rate of 60 Hz. Videos were played at a rate of 24 frames per second. The participants were
seated approximately 60 cm from the screen.
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Task and Procedure

Full-Color Version: Participants were shown instructions on-screen prior to the start of the
experiment. Critically, participants were asked to be as fast but as accurate as possible when
making their decisions. In each block, an adjective would appear at the top of the screen
and be presented consistently, reminding the participant on which adjective they were
judging. Participants were shown the object, which would hang still in mid-air for three
seconds, after which time the object would fall and impact the ground in a manner that was
either expected or unexpected. Using the left and right arrow keys, participants made a
response to the following three questions (in blocks):

1. (Is this object) Soft or Not Soft?
2. (Is this object) Liquid or non-Liquid?
3. (Is this object) Rigid or non-Rigid?

Greyscale Version: The Task and Procedure for this experiment followed the same
procedure as described above, with the additional modification that the stimuli had been
greyscaled to remove all color information, thus forcing participants to make judgements
based on shape and motion cues, removing information for color and most surface
properties.

Participants

Full Color Version: 12 participants (mean age 28.9; six female) participated in both the ‘First
Frame’ and ‘Full Motion’ conditions of Experiment 3; 11 were right-handed. All participants
were native speakers of German language, and had self-reported normal or corrected-to-
normal vision. All participants provided written informed consent, and were reimbursed at a
rate of €8 per hour.

Greyscale Version: 12 participants (mean age 31.1; 12 female) participated in both the ‘First
Frame’ and ‘Full Motion’ conditions of Experiment 3; 11 were right-handed. All participants
were native speakers of German language, and had self-reported normal or corrected-to-
normal vision. All participants provided written informed consent, and were reimbursed at a
rate of €8 per hour.

Analysis

Data for both color and greyscale experiments were analyzed by first excluding data points
which fell below the lower cutoff of 1.45 seconds (indicating that the participant could not
have seen the point of impact of the object)) and/or above the upper cutoff of 3.45 seconds
(two standard deviations of the mean)). As before, we averaged over adjective and object
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identity such that we consider only the deformations of the object, and not the effect of the

question posed.

Results
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Figure 41 a-b. Comparing 2-AFC Reaction Time Differences for Colored and Greyscale Stimuli. Figure 41a
depicts the differences in Reaction Time (RT) between the Expected and Surprising outcomes of Full-Color
Familiar and Novel objects. Results show a significant difference between the Expected and Surprising
outcomes for the Familiar Objects, but not for the Novel objects, which is consistent with our previous
findings. Figure 41b depicts the differences in Reaction Time (RT) between the Expected and Surprising
outcomes of greyscaled Familiar and Novel objects. Results show no significant differences between the
Expected and Surprising outcomes for either the Familiar or Novel Objects in the absence of color.
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For colored stimuli, paired t-tests revealed a significant difference between the reaction
time differences for expected and surprising outcomes of Familiar objects (t(15)=-2.8,
p=.01), see Figure 41a. Consistent with previous findings, we did not find significant
differences in reaction time between the outcomes of Familiar and Novel objects (t(15)=-
1.06, p=.30).

Surprisingly, for greyscaled stimuli, we find no significant differences in the reaction time
differences between Expected and Surprising outcomes of Familiar objects (t(14)=-3.43,
p=.40). We also find no significant differences in the reaction times between Familiar and
Novel objects (t(14)=-3.43, p=.73), see Figure 41b.

For colored stimuli, we used a two-way Analysis of Variance to compare the main effects of
Object Type (Familiar Object, Novel Object) and Motion Type (Expected Outcome, Surprising
Outcome) on reaction times. No statistically significant effects of Object Type or Motion
Type were found.

Discussion

We investigated the effect of color versus greyscale stimuli on the reaction times of Familiar
and Novel stimuli, with both Expected and surprising outcomes. We found a significant
difference between the reaction times for the Expected and Surprising outcomes of the
Familiar Object colored stimuli. This finding is consistent with our previous reaction time
difference findings in the rating data.

The fact that we (surprisingly) found no significant differences in reaction time between
Familiar and Novel (both colored and greyscaled) objects outcomes may be a result of the
fact that in this two-alternative-forced-choice paradigm, the response method is simply too
fast to capture differences—in this experiment (in contrast to the rating experiment) rather
than manipulate a rating bar and confirm your response, here, the participant merely
presses a single key to indicate a (rapid) binary decision, e.g. ‘Is this SOFT or NOT SOFT?’.

Consistent with the greyscaled rating experiment described previously in this chapter, the
lack of sufficient color information in greyscaled items leads the observer to make rapid
decisions about the object based on shape cues and the influence of expectations and priors
regarding typical optical properties, leading to a rapid judgement even under uncertainty.
This hypothesis would be consistent with Biederman, 1987, which suggests that shape cues
are the dominant cue, given that it is earliest processed.
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The differences in our findings may differ for each object, based on their material utility
alone. With information available regarding color and optical properties, it is easy to tell
that certain items (e.g. clay pot or teacup) will shatter upon impact, as their materials are
fragile. However, in greyscale, such information regarding typical color and optical qualities
is removed. This means that (also as previously discussed) for certain objects, the ‘Expected’
deformation has been made more ambiguous: What was once a (more obviously) shattering
clay pot and teacup could now just as easily be made of plastic (as if it were a child’s toy)
and therefore would not be expected to break.

In contrast, the expected motion for other items in this data set remain clear based on
shape, even in the absence of typical color. Items like the rigid objects, jellies, and liquids
are still clear: Items that are shaped like jellies will wobble, while liquids would be expected
to splash. Rigid objects may or may not break: A glass chair would shatter, while a metal
chair would not. A greyscaled image of a spoon would still be unlikely to break, given that
spoons are almost always made of rigid materials (be they plastic, metal, or wood). It is
interesting that greyscaled Familiar and Novel objects are reacted to at the same speed. This
supports or hypothesis regarding increased ambiguity as a function of loss of typical color
information, even in the presence of familiar shape.

Why do we find a significant difference in reaction times between the Expected and
Surprising motions of Familiar Objects for colored stimuli, but not for greyscaled stimuli?
We can look to the literature on the expected (typical) color of objects for an explanation.
The effect of typical or expected object color on reaction time has been largely documented
in color perception literature (see Witzel, 2011, for a review). Following from this finding,
we further investigated the method of response, and asked how our results differ as a
function of response input—How will our results change if, rather than asking participants
to make rapid, two-alternative-forced-choice (2AFC) responses, we ask that they simply
detect a change in a single stimulus property, without calling attention to specific properties
of the stimulus? Rather than directing attention toward a specific property (‘Is this stimulus
green?’) the following experiment asks the participant to provide their response as soon as
they observe an object impacting the floor.
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Experiment 3.3: ‘Touch’ Experiment

In Chapter 2, we demonstrated an effect of reaction time when making rating judgments for
material properties. Participants responded faster to objects that deformed as expected,
compared to deformations that were unexpected. In these experiments, participants were
asked to fill up a rating bar to indicate their response (adjective-based material quality
assessment). It is surprising that (given the significant amount of time involved between
observing an event and securing one’s rating response) we see such a striking difference
between the reaction times of expected and unexpected events. To investigate this
observation/ identify to what extent our findings are affected by response method and/or
adjective judgement, we designed an experimental paradigm to investigate non-rating-
based responses to unexpected stimuli.

To eliminate secondary expectations/priors developed over the course of the experiment
regarding location and timing (i.e to prevent the participant from habituating to the
timing/screen presentation of the falling object), we manipulated the following three
experimental parameters: 1. Scene context, 2. On-screen location of video, and 3. initial
falling frame. We manipulated scene context by rendering our videos without walls,
background, or floor—each object was shown to fall into ‘empty’ black space, and deform
upon impact with a floor that was invisible (the physics of the object interacting with the
floor -- and deforming -- remained intact). Manipulation of video location included dividing
the screen into 100 possible locations, and selecting a screen location at random on each
trial for the video to be presented. In this way, the participant is unable to habituate
to/develop a prior for a consistent location on screen. Manipulation of initial falling frame
included starting each video at a random start frame prior to impact (Frame 1, 3, 5, 7, or 9).
In this way, the participant is unable to habituate to (develop a prior for) a consistent and
repetitive timing of button-presses (which may affect reaction time results).

Here, we use a simple ‘press-on-impact’ task in conjunction with a violation-of-expectation
paradigm to investigate whether an effect of reaction time exists when observing
unexpected material deformations, without considering the relationship between a
deformation and a rating adjective. As before, participants watched familiar objects fall,
impact the ground, and deform in a way that was either Expected or Surprising.

In each block, the Expected outcomes of all objects were shown in a random order. This was
then followed by a single, randomly-selected (oddball) ‘Unexpected Outcome’ trial. This
process was repeated until all Unexpected outcomes of all objects were shown once,
resulting in 15 blocks of 16 trials each (240 total trials). We again hypothesized that (absent
a rating adjective (and, consistent with our previous findings) a familiar object that deforms
on impact as you would not expect (e.g. a shattering drop of honey) would result in a longer
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reaction time when making a response, compared to judgments where the
object/substance deformed as expected (e.g. when the honey drips).

Methods
Stimuli

Stimuli used in this experiment were adapted from those used in Chapter 2. For specific
stimuli parameters, we refer the reader to the aforementioned chapter. The background of
these stimuli were modified to remove scene context. The background and floor of all
scenes were removed, leaving the object to impact an unseen floor. As (from our previous
findings) we did not expect Novel Objects to elicit expectations, this set of stimuli was not
rendered for this experiment.

Chair Clay Pot Custard WineGlass G.Jelly Honey Key linenC. Milk R.Jelly SilkC. Spoon Teacup VelvetC. Water
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Figure 42. Exemplars of stimuli used in this experiment. These stimuli and their animations are identical to
those described in Chapter 2, with the exception that the context of background and floor have been removed.
This removal prevents awareness of the location of the floor, where participants must rely on their observation
of the shape. Row 1 depicts the first frame of all objects. Row 2 shows the ‘Expected’ outcome of all objects
(near the frame of Impact). Row 3 shows the ‘Unexpected’ outcome of all objects (near the frame of Impact). It
is around these frames that the participants were instructed to press a key (indicating frame of impact).

Apparatus

The experiment was coded in MATLAB 2015a (MathWorks, Natick, MA) using Psychophysics
Toolbox (version 3.8.5), and presented on a 24 5/8" PVM-2541 Sony (Sony Corporation,
Minato, Tokyo, Japan) 10-bit OLED monitor, with a resolution of 1024 x 768 and a refresh
rate of 60 Hz. Videos were played at a rate of 24 frames per second. The participants were
seated approximately 60 cm from the screen.
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Task and Procedure

An instruction screen was presented prior to the start of the experiment. Participants were
instructed to press the spacebar as soon as they observed the object impacting the floor. As
in previous experiments, participants were reminded to be as accurate but as fast as
possible when making their response.

On every trial, an object appeared (see Figure 43) and remained still for a randomized
duration between 0 - 3 seconds to allow the participant to identify the object and to
potentially activate corresponding expectations. This duration was randomized in order to
prevent the participants from developing an expectation as to when the object would begin
to fall. We additionally randomized the frame at which the video would start (1, 3, 5, 7, or
9), as an additional control to prevent the participant from habituating to the falling speed
of the object. As a third additional expectation-based control, the on-screen location where
the stimulus would appear was randomized for each trial (for each participant), resulting in
100 possible locations. On each trial, the object fell and impacted the floor, deforming
either as expected, or in a manner that was unexpected. The participants indicated their
response by pressing a key as soon as they observed the object impacting the floor. The
next trial would begin immediately after the keypress. Participants were allowed to take
breaks at set points during the experiment. The order of all stimuli in all blocks was
randomized for all participants.
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Figure 43. Exemplar of a single trial. The first frame was shown for between 0 - 3 seconds. The object then fell
and deformed in a manner that was either Expected or Unexpected. The participants pressed a key as soon as
they observed the object impact the floor. The location of the object on screen varied (100 possible locations),
to prevent the participants from habituating to the location and timing of the experiment. For this purpose,
the size of the videos presented on-screen was scaled down to approximately 6 degrees of visual angle (dva).
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Participants

14 naive participants from JLU Giessen (mean age 24; 9 female) participated in the
experiment; 13 were right-handed. All participants had self-reported normal or corrected-
to-normal vision. The experiment followed the guidelines set forth by the Declaration of
Helsinki. All participants provided written informed consent and were reimbursed at a rate
of €8/hour.

Analysis

As each object was held static for a variable duration of between 0 - 3 seconds (and the start
frame varied on each trial), we subtracted the total amount of time prior to impact (per
trial) from the total reaction time value. In this way, the analyses that follow consider time
at and after impact only (as our main goal was to investigate whether or not a time
difference existed between trial types for this time frame). Cases where the point of impact
was not seen (8 cases, .0024 % of data), as well as cases where participants responded
significantly after the point of impact (1.5 seconds, two standard deviations above the
mean), found in 67 cases (.019 % of data) were excluded from our analysis.

Results
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Figure 44. Reaction Time (RT) Difference between Expected and Unexpected Outcomes. No significant
differences were found between Expected and Surprising trials.
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As shown in Figure 44, paired t-tests revealed no significant differences between the
reaction times for expected and surprising outcomes (t(12)=7.38, p=.94). As this experiment
contained Familiar object stimuli only, we cannot compare the difference between Familiar
and Novel objects. We would anticipate Novel object results to be consistent with previous
experiments which suggest less ‘Surprise’ reaction time to these objects.

Discussion

After finding no significant difference between the reaction times for Expected and
Surprising outcomes, we sought to consider differences in task which may affect our
findings. To efficiently perform this task (which, in essence required participants to ‘look
for’ the (invisible) ‘floor’, rather than attending to the identity of the object directly),
participants likely attended to the shape cue as the most dominant cue—as soon as a shape
boundary began to deform, the ‘floor’ has been found, and the button could be pressed.
Rather than identifying object type (wine glass, custard, spoon, etc.) the participant simply
must attend to the deformation of shape outlines. If true, we would expect that this finding
holds for all shapes (familiar or unfamiliar) to an extent, meaning that our findings would
hold true for line drawings, as well as complex familiar shapes such as these. Broadly, one of
the reasons we may not find a significant difference is due to the design of the experiment,
as the response is rapid and arguably far more perceptual based on shape, rather than
cognitive (does not require consideration as the adjectives do). Some knowledge of
(expected) shape may play a role.

In all previous experiments, the floor was located at a constant, known location, and did not
vary. In this experiment, although the object location was varied at a number of positions on
screen (and time to impact varied), our results do not suggest that these modifications
induced any significant differences against habituation to falling time. If participants had
habituated to timepoints or location, we would have observed patterns of similar reaction
times between consecutive trials, which we do not find in these results. As the total time
prior to impact varies between trials (impact could occur as early as two frames after the
first frame), future analyses could consider the differences in reaction time as a function of
presented duration (2 — 72 frames) prior to impact. Additional further reaction time
analyses could consider whether a delay in reaction time was present for the trial after the
‘Surprising’ trial. If so, this may relate to a delay in processing still present and affecting
future trials, given that the ‘Surprise’ event is then also temporally surprising. As the design
of this experiment guarantees that (by the end of the experiment), each participant will
have seen the Unexpected outcome of each object identity once, we have eliminated the
previous confound of developing a prior over the entire experiment for Unexpected trials
(see Supplementary Figures 6 and 7 for comparison), and thus, achieving faster reaction
times for multiple presentations of the same Unexpected outcome for each object.
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Following from this finding, future experiments which may investigate this task in relation to
our stimuli more specifically would involve asking the participant not when the object
impacts the floor, but rather a question relating to e.g. material mechanics: ‘Will this object
break (or not)?’in this way, the participant will have to consider the mechanics of the object
material, but not in a way as detailed the relationship to an attribute (Shininess,
Wobbliness, Furriness, etc.), and not as simplified as locating the floor. In this way, attention
to the object identity is also maintained (rather than attention to the scene).
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CHAPTER 4: Eye Tracking

Introduction

The second segment of this thesis sought to ask where people look when making
judgements about material—especially that of familiar objects. Which areas of the object
are most critical for making material property judgements? How do fixations differ between
objects, or for different regions of a similar object or scene? What role does motion play in
where we fixate? These are the broad questions that still remain unanswered when
investigating the relationship between eye movements and material perception.

Eye Tracking a Non-Deforming Set of ‘Surprise’ Stimuli: A Preliminary Investigation

After obtaining quite striking results from the experiments on our set of ‘Surprising’ stimuli,
the logical next step is to ask where participants are fixating when making these rating
judgements, and specifically which aspects of the stimuli are most important for each of
these judgements.

The stimuli used in this preliminary investigation consisted of a subset taken from those
described in Chapter 2 (Chair, Green Jelly, Spoon, Velvet Curtain). We refer the reader to
that section for specific parameters. We chose a set of these stimuli, specifically focusing on
those objects that did not break apart into multiple pieces. As participants could choose to
fixate on individual shards of clay pot or glass, we wanted to make our initial observations
with more simplified motions. We hypothesized that optical properties that have been
previously described in studies of material perception (gloss, specular highlights, areas of
high contrast, etc.) would garner the most attention and provide the most useful
information for this task.

%\

First Motion Frame Post-Impact Object at Rest

Figure 45. Analyses of Preliminary Eye Tracking Investigation. Shown is one example of the fixations plotted
on critical frames (First, Impact, End) of one trial for one participant. Red points indicate fixation locations for
judgements of softness, while blue points indicate fixation locations for judgements of lightness. Red and Blue
ellipses indicate the centroid of all fixation positions for that task and trial. Figure created by L. Alley.
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As a first step, we plotted the individual fixations for each task (per frame) for a set of three
observers and visually observed these videos of these fixations for any striking patterns in
the data. Fixations for softness are plotted as red dots, while fixations for judgements of
lightness are plotted as blue dots. We find that for this setup (by simply visually observing
fixation patterns), participants tended to exhibit a central fixation bias-- whereby they
fixated the object and followed it down to (and slightly anticipated) the floor (cf. Alley et. al.,
(2011)). Whether this is due to the size of the object (in dva), the speed of identifying the
object, or the lack of necessity to consider the object in-depth, will require further
investigation.

Given this observation, we aimed to develop a more simplified set of stimuli that would
allow us to carefully investigate the perception of material in motion.
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Experiment 4.1: “Pilot Blobs”

As the previous set of stimuli generally resulted in a central fixation bias, we generated a
new, simplified set of stimuli. These stimuli were created to investigate the perception of
motion, material, and shape by poking the object in a specific location, preventing a central
fixation bias. Rendering these stimuli with matte greyscale optical properties also allows us
to remove the effect of optical properties that affect the perception of material and focus
only on material motion (degree of wobble).

Methods
Stimuli

Stimuli were 11 greyscale blobs, rendered in Blender 2.77a (Stichting Blender Foundation,
Amsterdam, NL). These blobs varied in their perceptual degrees of stiffness, and were
illuminated with 11 different albedos. For each stimulus, lighting remained constant on the
blobs, and the blobs were illuminated from a single location (above the object from the
left). Figure 46 shows the set of all stimuli.
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Figure 46. Pilot Blobs Stimuli. A. The set of all stimuli for Experiment 4.1. Each video would play once, followed
by the comparison video. The participants responded with the left or right mouse button. Stimuli provided by
M. Toscani.
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Figure 47. The range of all stimuli: Pilot Blobs. Each video would play once, followed by the comparison video.
The participants responded with the left or right mouse button. Stimuli provided by M. Toscani.

Apparatus

Stimuli were presented on an LCD monitor (Cambridge Research Systems Ltd, Rochester,
UK). Participants placed their heads to a chin rest to ensure that a constant viewing distance
(48 cm) was maintained. Screen resolution was 1920 x 1080 pixels (2.743 pixels/ mm;
22.976 pixels/degree of visual angle (dva). Gaze position on screen was monitored online at
500 Hz with an EyeLink Il system (SR Research, Mississauga, Ontario, Canada). Drift
correction was performed by the experimenter on every trial. If the observer's gaze was not
detected within 1° from the instructed fixation position, the trial was repeated.

Task and Procedure

Participants were asked to perform a two-Interval-Forced-Choice (2IFC) experiment via a
QUEST staircase, containing 1000 trials in two blocks (500 trials per block). Participants
always performed the stiffness block first, followed by the lightness block. Participants knew
beforehand which attribute they would be asked to judge.

On each trial, a single video played for the full two-second duration. The eye tracker would
then drift check, and the comparison video would play for the full two-second duration. A
screen would then show, asking the participant which was stiffer (in the first block) or
lighter (second block), and the participant would respond using the left or right mouse
button. The participant saw all possible pairs (combinations) of all stimuli. Figure 48 shows a
sample trial.
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Exemplar trial

Which one is Stiffer?

Which one is Stiffer?

First Stimulus = Left Mouse
Second Stimulus = Right Mouse

Observer responds

Figure 48. Trial Diagram. Example of a single trial. Each video would play once, followed a drift check, and the
video to be compared. The participants responded with the left or right mouse button, indicating which of the
videos contained objects which were stiffer/lighter than the comparison.

Participants

A group of 5 naive participants from JLU Giessen participated in the experiment. All
participants had self-reported normal or corrected-to-normal vision. The experiment
followed the guidelines set forth by the Declaration of Helsinki. All participants provided
written informed consent and were reimbursed at a rate of €8/hour.

Analysis

Heatmaps: Fixations were aggregated over all participants and plotted on the average
luminance value background image. If we consider the center of the image (horizontally) to
be zero degrees (see inset of Figure 48C), the X and Y fixation positions are plotted. Heat
maps indicate fixation durations at location, with red regions indicating the longest
durations. For the purpose of analyses, the ‘reference stimuli’ was taken to be the center
stiffness and lightness values (see center of Figure 46) for graphic layout.

Psychometric Functions: For each task, data were averaged over all participants. We
modeled the probability of the comparison to be reported as stiffer (task 1) or lighter (task
2) than the reference, as a function of the rendered stiffness/lightness values. Using the
‘Psignifit 4’ (Schitt, Harmeling, Macke, & Wichmann, 2016) MATLAB toolbox, we fit a
psychometric function to the observers’ responses. The slope of the psychometric function
is a measure of the just noticeable difference (JND) for the stiffness and albedo differences
at which participants perform stiffness and lightness discriminations. We computed a three-
way repeated measures analysis of variance (ANOVA) on the fixation locations to investigate
overall differences in vertical position between our three conditions (Fixations (1-3), Motion
(Static/Dynamic), and Task (Stiffness/Lightness)).
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Results
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Figure 49 a-c. Pilot Blob Eye Tracking Results. Heatmaps of human fixation patterns (aggregate data over all
participants and trials) for static portion of video. 49B. Heatmaps of human fixation patterns (aggregate data
over all participants and trials) for dynamic portion of video. Red areas indicate greatest fixation
locations/durations. 49C. Bar graph of fixation locations comparing static and dynamic timepoints. Heatmap
images contributed by M. Toscani.

Figure 49a plots heatmaps for the average fixation location and duration over all
participants (on the average luminance stimulus exemplar) during the Static phase (prior to
object wobbling). 49b plots fixation location and duration averages during the Dynamic
phase of the stimulus. Red areas indicate regions of longest fixation duration. We plot
average fixation duration for the first three fixations on the average luminance exemplar.
Results show that fixations are drawn to the most informative regions of the object for
material property judgements in dynamic scenes. For both stiffness and lightness tasks,
fixations begin in the same region on the object, and quickly separate as a function of task:
For lightness judgements, fixations move upward toward the region of greatest lightness;
while for judgements of stiffness, fixations move downward, toward the region of greatest
motion.

Figure 49a demonstrates that when the object is not moving (irrespective of the task they
are performing) participants are relatively agnostic about where to look, and therefore
fixate the top of the object. Figure 49b shows that as soon as the object begins to move, for
judgements of stiffness, fixations immediately move down toward the region of highest
motion energy. Critically, when the participant is judging lightness and the object begins to
wobble, fixations remain at or above the center of the object, as this is the region which is
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most informative for such a judgement. Figure 49c presents these findings in graphical
format: Plotting the vertical position on the Y-axis against fixation-by-condition on the X-
axis, we find that fixation location remains generally in the same location for both stiffness
and lightness tasks during the static portion of the animation, and as soon as the object
begins to move (‘dynamic’ segment), fixations clearly move in opposite directions as a
function of task.

A three-way Analysis of Variance was conducted which investigated the influence of three
independent variables (task, interval, and fixation number) on the vertical fixation positions
on each stimulus. Task contained two levels (Stiffness and Lightness), Interval contained two
levels (Static Segment and Dynamic Segment), and Fixation contained 3 levels (First, Second,
or Third Fixation). A statistically-significant interaction between Task (Stiffness/Lightness)
and Fixation Number (1-3) was found, F(2,5099)= 5.73, p=.003, suggesting that the first
through third fixation locations vary as a result of the task being performed. A statistically-
significant interaction between Task and Interval (Static/Dynamic): F(1,5099)=6.03, p=.014
was also uncovered, suggesting that fixation locations vary as a function of the task the
participant was performing, and whether or not the object had begun to move. This
experiment utilizes the method of constant stimuli and a Two-Interval Forced Choice task
(2IFC) to determine the psychometric functions for stiffness and lightness discrimination
(averaged over participants). Figure 50a-b plots psychometric functions as the percentage of
correct responses against the physical stiffness/lightness parameters of the rendered
stimuli.
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Figure 50 a-b. Psychometric Function Results for Stiffness and Lightness Judgements of Pilot Blob Stimuli.
Figure 50a presents the psychometric function averaged over all observers for judgements of stiffness. The y-
axis denotes the proportion of correct responses (stimulus comparison judged stiffer than the reference
value); the x-axis denotes rendered differences in stiffness (stimulus intensities) between the comparison
stimulus and the reference. Stiffness levels were visually selected to be perceptually distinct from one another
during rendering. Dark blue dots indicate the measured probabilities, and the black solid line represents the
fitted psychometric function for the stiffness condition. Figure 50b presents the psychometric function
averaged over all observers for judgements of lightness. The y-axis denotes the proportion of correct
responses (comparisons lighter than reference); the x-axis denotes albedo difference (stimulus intensities)
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between the comparison and the reference. Dark blue dots indicate the measured probabilities, and the black
solid line indicates the fitted psychometric function for the lightness task.

Figure 50a-b depicts the psychometric functions for the stiffness and lightness tasks of the
Pilot Blob stimuli, plotting proportion correct as a function of increasing stiffness/lightness
levels. Aggregating data over all participants for the stiffness task, we find that as the levels
of stiffness increased, the percentage of correct judgements did not substantially increase
until the stimulus with the greatest amount of wobble, indicating that participants were not
able to properly discriminate levels of stiffness relative to the comparison stimulus (center
stimulus 3). We describe potential rationales for this finding in Discussion. For the lightness
task (Figure 55b), we find that the percentage of correct responses increases in a semi-linear
fashion with an increase in the degree of lightness (see Figure 51, center row for a visual
comparison). Generally, as the lightness levels of the stimuli increased, the proportion of
correct responses increased, indicating that observers were able to better discriminate
lightness levels relative to the comparison stimulus (center stimulus 3).

Discussion

This experiment investigated how fixations on a dynamic, wobbling object differs in location
as a function of the material property judgement task being performed. Using tasks of
stiffness and lightness judgements, we investigated how fixations are drawn toward the
most informative regions of a scene for the task at hand, and how additional information
irrelevant to such task is essentially ignored during that time frame.

While our task is simple, our results provide an interesting basis for investigating how
fixations are directed toward different regions of the visual scene to make different types of
judgements, including material property judgements from surface and from kinematic
properties. We show that fixations differ as a function of task, and additionally differ as a
function of whether the object in a visual scene is static or in motion. Although this set of
stimuli does not utilize familiar objects, it has many parallels to real-world scenes, which
allow us to generalize our findings. As in nearly all real-world scenes, illumination comes
from above. Objects that are held from cords or sticks (as in the present set of stimuli) and
then bumped (consider a chandelier swaying back and forth after it is hit by a flying object)
behave in these characteristic ways. Consider holding a water bottle and shaking it back and
forth to observe its contents. The motion of the water in the bottle is the focus of attention,
rather than the outer shape of the container. Fixations on a region of an object is always
drawn to the judgement to be made, and indeed, this is demonstrated in our findings:
Under limited resources, the visual system allocates fixations toward the most relevant
information in a scene.
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As participants freely fixate visual scenes to navigate the world, we allowed participants to
freely fixate our scenes. Consistent with the experiments described by Toscani 2013a/2015,
if we were to require participants to fixate a given point, we would expect to find a decrease
in performance. Our results indicate for judgements of lightness, the brightest portions of
an object in a scene are particularly relevant for lightness discrimination tasks, whether the
object is static or in motion. For stiffness discrimination tasks, the dynamic regions of the
object are the most relevant for stiffness discrimination, and are thus fixated to the
exclusion of all other information. Further motion energy analyses will be necessary to
investigate whether fixations are indeed directed to the region of greatest motion energy.

Effect of Expectation/Developing a prior. As in the previous experiments described in
Chapter 2, it is possible that a prior develops over the course of the experiment, as
participants ‘learn’ that the wobble will occur in the bottom left corner (where the object is
consistently ‘poked’ from behind. Given that participants perform a large number of trials in
this experiment, with multiple (repeated) presentations of exemplars, it is possible that
participants ‘learn’ (have repeated practice with) the range of stimuli in our experiment
(particularly those at the ends of the spectrum of stimuli), and as such, later trials reflect
effects of learning. Additional analyses relative to the course of the experiment (as in the
studies described in Chapter 2) will be necessary to investigate the effect of these priors
over the course of the experiment.

Stimulus Limitations: While our experimental task was designed to elicit distinct stiffness
and lightness judgments from our observers (c.f. Toscani et al., 2013a), psychometric
functions indicate that participants were not able to properly discriminate differences in
stiffness levels of our stimuli, leading to floor and ceiling effects. Looking at the stimuli, the
‘wobble’ only occurs the bottom left corner, as it is consistently poked in the same location
from behind. The resulting wobble is small, short in duration (non-repeating), and difficult
to detect at the highest stiffness levels. These confounds almost certainly influence our
results. During the rendering of the stimuli, levels of stiffness were chosen to be
perceptually distinct, and laid out on a linear scale. Such psychometric functions confirm
that the levels for stiffness were not chosen effectively.

For these reasons, we develop an alternative set of stimuli in the following experiment,
which attempts to address these concerns by eliminating such confounds, and allowing for a
wider range of analyses.
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Experiment 4.2: “Punching Bag”

This experiment sought to create a new set of stimuli that parametrically varied perceived
stiffness and albedo, which would allow attention to be drawn to a particular region of the
stimulus, depending on the task being performed. This stimulus included colored walls and
floor for context, and the scene was illuminated from the upper left.

Methods
Stimuli

Stimuli consisted of 48 greyscale punching bags, rendered in Blender 2.77a (Stichting
Blender Foundation, Amsterdam, NL). These blobs varied in their perceptual degrees of
stiffness, and were illuminated under six different lighting conditions (albedos). For each
stimulus, lighting remained constant on the blobs, and the blobs were illuminated from a
single location (above the object from the left). These stimuli also included colored walls
and a floor for additional context.
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Figure 51. Stimuli for ‘Punching Bag’ Experiment. Here we display all combinations of stiffness (varied in eight
levels) and albedo (varied in six levels) for this experiment. Observers saw all combinations of albedo and
stiffness for the stimuli over the duration of the experiment. 3D geometry contributed by R. Ennis.

Apparatus

The apparati used in this experiment were identical to those described in the previous
experiment. We refer the reader to that section.

Task and Procedure

Participants were asked to perform a two-Interval-Forced-Choice (2IFC) experiment,
containing 1000 trials in two blocks (500 trials per block). Participants always performed the
stiffness block first, followed by the lightness block. Participants knew beforehand which
attribute they would be asked to judge.

On each trial, the first frame of a video was presented for one second. Following this
display, the video then played for the full two-second duration. The eye tracker would then
drift check, and the comparison video would play for the full two-second duration. A screen
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would then show, asking the participant which was stiffer (in the first block) or lighter
(second block), and the participant would respond using the left or right mouse button. The
participant saw all possible pairs (combinations) of all stimuli. Figure 52 shows a sample
trial.

Exemplar trial

Which one is Stiffer?

o
Calibration Check

Which one is Stiffer?

First Stimulus = Left Mouse

Second Stimulus = Right Mouse

Observer responds

Figure 52. Trial Diagram for ‘Punching Bag’ Experiment. Example of a single trial. Each video would play once,
followed by the comparison video. The participants responded with the left or right mouse button to indicate
(in the firs block) in which video the object was stiffer, and (in the second block) which video was lighter.

Participants

A series of naive participants from JLU Giessen participated in the experiment. All
participants had self-reported normal or corrected-to-normal vision. The experiment
followed the guidelines set forth by the Declaration of Helsinki. All participants provided
written informed consent and were reimbursed at a rate of €8/hour.

Analysis

Heatmaps: As in the previous experiment, if we consider the center of the image
(horizontally) to be zero degrees (see equivalent inset of Figure 49C), the X and Y fixation
positions are plotted relative to their fixation durations. In figure 53b, trials which have
fewer than three fixations were excluded from analysis, and data were averaged over
fixations. Higher bars indicate a position lower on-screen. Error bars are 1 Standard Error of
the Mean.
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Psychometric Functions: As in the previous ‘Pilot Blobs’ experiment, for each task, data were
averaged over all participants. We modeled the probability of the comparison to be
reported as stiffer (task 1) or lighter (task 2) than the reference, as a function of the
rendered stiffness/lightness values. The ‘Psignifit 4’ (Schitt, Harmeling, Macke, &
Wichmann, 2016) MATLAB toolbox allowed us to fit a psychometric function to the
observers’ responses. The slope of the psychometric function is a measure of the ‘just
noticeable difference’ (JND) for stiffness and lightness levels at which the participants
perform stiffness/lightness discriminations.

Classifier: Our analysis used a linear classifier to investigate whether using only the X-Y
positions of the fixations would allow us to differentiate the task being performed (stiffness
versus lightness). This ‘leave-one-out’ linear classifier was trained on the X and Y fixation
positions, of all trials of all participants, leaving one out at a time. In this way, the linear
classifier is trained on the X — Y fixation positions a participant made for all remaining
stimuli. The trained classification function was then used to predict the task being
performed of the excluded trial. We computed average classifier accuracy (percentage of
correctly classified trials (relative to all trials)). The linear classifier was trained using the
‘classify’ function from the MATLAB Statistics and Machine Learning toolbox (MathWorks,
Inc.).
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Results
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Figure 53 a-b. Results of ‘Punching Bag’ Experiment. 53a) Heatmaps of human fixation patterns (aggregate
data over all participants and trials) for dynamic portion of video. Red areas indicate greatest fixation
locations/durations. 53b) Plot of fixations on vertical axis as a function of task and fixation. Errorbars represent
1 Standard Error of the Mean. Heatmap images contributed by M. Toscani.

As in the previous experiment, results show that fixations are drawn to the most
informative regions of the object for material property judgements in dynamic scenes.
Figure 53a plots heatmaps for the average fixation location and duration over all
participants (on the average luminance stimulus exemplar). Red areas indicate regions of
longest fixation duration. We plot average fixation duration for the first five fixations.
Consistent with the findings of the previous experiment, for both stiffness and lightness
tasks, fixations begin in the same region on the object, and quickly separate as a function of
task: For lightness judgements, fixations move upward toward the region of greatest
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lightness; while for judgements of stiffness, fixations move toward the region of greatest
motion. Figure 53b plots the average vertical position averaged over all observers for the
first through third fixations. In this figure, higher bars represent fixations lower on screen.
The locations of the initial fixations are in distinct locations on the object, and separate
further apart for the fixations that follow (upward for lightness, downward for stiffness),
further providing support for the hypothesis that fixations differ as a function of the
material judgement task that the participant has been asked to perform.

Given this finding of a distinct separation in fixations based on task, we asked if, by using

fixations (equivalent to Inverse-Yarbus) a linear classifier is able to predict the task being
performed by the participant.
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Figure 54. Classification Performance as a function of fixation order. Here we plot classification performance
(as percentage) as a function of fixation order. Results suggest that a linear classifier is able to reliably
distinguish, by the fourth fixation, the task being performed by the participant (stiffness versus lightness).
Errorbars represent 1 Standard Error of the Mean. Classification Analysis/Figure contributed by M. Toscani.

Figure 54 depicts the classification performance from the first to the fifth fixation. By the
third fixation, classification performance is above 50%. Our results demonstrate that a linear
classifier is able to reliably predict which task is being performed by the participant by the
fourth fixation. Correspondingly, the heat maps of Figure 53 show fixations graphically—by
the third fixation, fixations have tended to cluster together and have settled on a particular
location on the object. This suggests that (for our stimuli at a minimum), in contrast to the
findings of Greene (2012), a linear classifier is able to use initial fixations to classify the task
being performed by the participant.
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Psychometric Functions
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Figure 55 a-b. Psychometric Function Results for Stiffness and Lightness Judgements of Punching Bag Stimuli.
Figure 55a presents the psychometric function averaged over all observers for judgements of stiffness. The y-
axis denotes the probability of judging the comparisons as stiffer than the reference (center stiffness level, 3);
the x-axis denotes perceptual differences in stiffness (stimulus intensities) between the comparison and the
reference. Stiffness levels were visually selected to be perceptually distinct from one another. Black dots
indicate the measured probabilities, and the black solid line represents the fitted psychometric function for
the stiffness condition. Error bars represent the standard error of the mean. Figure 55b presents the
psychometric function averaged over all observers for judgements of lightness. The y-axis denotes the
probability of judging the comparisons as lighter than the reference (center lightness level, 3); the x-axis
denotes albedo difference (stimulus intensities) between the comparison and the reference. Black dots
indicate the measured probabilities, and the black solid line represents the fitted psychometric function for
the lightness condition.
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Figure 55a-b depicts the psychometric functions for the stiffness and lightness tasks of the
Punching Bag stimuli, plotting proportion correct as a function of increasing stiffness levels.
Aggregating data over all participants for the stiffness task, we find that as the levels of
stiffness increased, the percentage of correct judgements increased, indicating that
participants were able to properly discriminate levels of stiffness relative to the comparison
stimulus (center stimulus 3). For the lightness task (Figure 55b), we find that the percentage
of correct responses increases nearly linearly with an increase in the degree of lightness (see
Figure 51, center row for a visual comparison). Generally, as the lightness levels of the
stimuli increased, the proportion of correct responses increased, indicating that observers
were able to properly discriminate lightness levels relative to the comparison stimulus
(center stimulus 3).

Discussion

Consistent with the results of the previous experiment, this experiment investigated how
fixation location differs as a function of the material property judgement task being
performed. Using tasks of stiffness and lightness judgements, we investigated how fixations
are drawn toward the most informative regions of a scene for the task at hand, and how
additional information irrelevant to such task is essentially ignored during that time frame.
The results of this experiment replicate the previous findings, and again suggest that
participants are using an efficient sampling strategy to perform each of the tasks, sampling
only that information which is relevant for the task at hand.

In contrast to the previous experiment, the psychometric functions resulting from this set of
stimuli (for lightness and stiffness judgements) suggest that the kinematic rendering
parameters were more appropriately chosen to be more clearly perceptually distinct
between stiffness levels. Our findings over both experiments suggest that, even with the
change in shape, participants are able to more clearly distinguish kinematic stiffness and
luminance levels for the ‘Punching Bag’ set of stimuli. Given this finding of distinct fixation
regions based on task and the updated shape of the stimuli, this stimulus set would lend
itself well to investigations on the effect of object motion in the periphery (see Chapter 5 for
more discussion on this topic). Also in contrast to the previous experiment, this experiment
does not contain a static portion of the video for comparison— as soon as the object was
presented, it began to wobble. This could also present a confound in our results, in that the
visual system must focus on the object presented on screen, before directing fixations to a
particular region of the stimulus. Even without this comparison interval, it is surprising that
fixations so rapidly move in opposite directions as a function of the task to be performed
(within the first 3 fixations).

The classification accuracy of the linear classifier results again alludes to the fact that
participants are utilizing efficient strategies when making material property judgements
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about the dynamic objects in our scenes. Given that the fixations are significantly distinct
between tasks, the linear classifier is able to accurately predict results by the fourth fixation.
This is in line with the findings from Land and Hayhoe (2001), indicating that fixations can
provide insight into the task being performed by the participant, as they are guided toward
information relevant only for the task at hand. It remains to be seen to what extent these
findings can generalize to other objects and material perception conditions. As the fixations
for the two tasks are sufficiently spread apart in screen location (those at the top of the
screen for lightness judgements, and the bottom of the object for stiffness judgements), this
approach works well for this set of stimuli, as our stimuli were rendered matte. For stimuli
which are smaller, moving more substantially, or have features (e.g. specular highlights
which are closer together in distance, as in our falling ‘Surprise’ stimuli) more analyses will
be necessary.

What would we expect to find if this experiment was conducted in color (rather than
greyscale matte)? Hamel et. al. (2015) investigated this question, with particular attention
to the influence of color on the exploration of videos. In a passive-viewing condition (task-
free), they conducted an experiment to investigate the influence of color on eye
movements in natural scenes. Participants watched color and greyscale versions of videos,
while gaze was tracked. Eye positions considering mean amplitude of saccades and mean
duration of fixations were analyzed and compared to the predictions of a saliency model.
The authors concluded that color has a ‘slight” influence on eye movements, given that the
number of ‘attractive’ regions was greater for colored than for greyscale stimuli. Although
this experiment was conducted using videos with more complex content (relative to)
rendered objects, these findings are consistent with the findings of this and previous
experiments discussed in this thesis. As most luminance and motion experiments have been
conducted in the greyscale domain for simplicity of stimulus, more work will be necessary to
investigate the interaction of color in guiding eye movements.
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CHAPTER 5: General Discussion

Visual perception is not a one-way (bottom-up) road; how we process visual input is
influenced by expectations about the sensory environment, which develop from our
previous experience and learning about existing regularities in the world, i.e. associating
things or events that co-occur. Expectations have been shown to facilitate visual processing
in the case of priming, to modulate the frequency of a particular percept in bi-stable stimuli,
and to change our interpretation of ambiguous stimuli. However, the stimuli used in these
experiments have been fairly simple (static images of objects), and it has been shown that
learning associations can also include fairly complex phenomena. For example, recently
shown that humans can learn to predict how different liquids flow around solid obstacles
(also see other examples for predicting of motion trajectories of rigid objects. While the
authors attributed human performance to an ability to “reason” about fluid dynamics, here
we explicitly test whether existing perceptual expectations about material properties can set
up complex predictions about future states, and whether —and to what extent —these
expectations influence material appearance.

The role of predictions or associative mechanisms in material perception is not well
understood. When perceiving qualities like how hard, crumbly, wobbly, gelatinous, or heavy
a material is, we may integrate dynamic and pictorial cues through stored prior associations
with familiar objects; for example, a glossy, translucent wobbling cube might resemble Jell-
O, whose associated high wobbliness may bias the percept towards a more gelatinous
appearance when compared to a matte object with the same mechanical deformation.
Alternatively, optics may modulate the extent to which dynamic shape deformations can be
perceived (e.g. the specular highlights on the translucent object create more image motion,
compared to its matte counterpart, making it appear wobblier, and therefore more
gelatinous). A combination of associative and modulatory mechanisms is also possible. The
effect of prior knowledge (i.e. associations) on how different types of sensory input are
integrated has been looked at more formally within the framework of Bayesian models. In
particular, cue conflict scenarios have proven extremely useful to generate insights about
the complex interplay of prior selection and the weighting of sensory input in the
perception of object properties. Here, we use an experimental paradigm analogous to cue
conflict to create gross violations of expectations about materials. We show that the
qualities of “surprising” materials are perceived different to expected ones that behave the
same, and that surprise leads to increases in processing time of the stimuli. Furthermore,
our method provides a general technique to differentiate the extent to which material
qualities are directly estimated from material kinematics versus being modulated by prior
associations from familiar shape and optical properties.
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Knowledge affects (material) perception

There are many demonstrations showing that knowledge affects how we perceive the
world: from detecting the Dalmatian amidst black and white blotches or an animal in the
scene (Thorpe, Fize, & Marlot, 1996), deciding on the identity of a blob by Torralba and
Oliva (2007), to being a greeble or bird expert (Gauthier, James, Curby, & Tarr, 2003). Object
knowledge does not just facilitate categorical judgments, it also affects the estimation of
visual properties such as color or motion (Hansen et al., 2006; Olkonnen and Allred, 2014;
Scocchia et. al. 2013). How exactly knowledge alters and facilitates neural processes in
visual perception is a topic of ongoing research (e.g. Rahman & Sommer, 2008; Gauthier,
Skudlarski, Gore, & Anderson, 2000; or Kveraga et al., 2007).

Knowledge about materials entails several dimensions and can include taxonomic relations:
gold is a metal, metals are elements with physical properties, metals are usually malleable
and ductile, as well as perceptual regularities: gold looks yellowish, often has a very shiny,
polished and smooth appearance, feels cool to the touch etc. Our experimental results
suggest that identifying a material (i.e. knowing what it is) not only co-activates its typical
optical qualities, but also elicits strong predictions about the typical mechanical properties
and resulting material ‘behaviors’. For example, liquids are not only translucent or
transparent, they also tend to run down, splash, or ooze. Importantly, we seem to have
quite specific ideas of what running down, splashing, or oozing should look like (e.g.
Dovencioglu et al., 2018 probed such ‘ideas’ explicitly), supposedly because we have ample
visual (but also haptic) experiences with liquids, and thus opportunities to learn the
regularities (statistical or other) associated with a specific material category. We will follow
up this thought in the sections below. The surprising outcome in our experiments is that
these specific ideas, or ‘priors’, about ‘material behaviors appear to interfere with the
bottom-up processing of visual information, leading to differences in ratings of material
properties between Expected and Surprising conditions.

While we have probed existing priors (built over a lifetime) on the mechanical properties of
familiar objects, recent work also suggests that observers can fairly quickly learn about
these properties when watching materials ‘behave’ (Bates et al., 2018) and use this
knowledge to predict material kinematics under novel circumstances.

Shape and optics factors. The shape manipulation in our experiment is different from that of
the experiments by Paulun et al. (2015 & 2017), Schmid et al. (2017), or van Assen et al.
(2016 & 2018): They systematically varied one parameter (e.g. viscosity or softness) in their
simulations of soft materials and then derived shape statistics that best captured the
changes in shape across these variations and that predict observers’ judgements, while we
change shape categorically in the Familiar object condition. Returning to the idea of direct
and indirect routes in material perception (Paulun et al. 2017), one might be tempted — at
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first sight - to classify their findings as belonging more to the direct (visual estimation) and
ours to the indirect (association) route. However, it is probably more likely that the visual
system strongly relies on previously formed associations between shape and mechanical
material category in all of these experiments: observers probably have had as much
experience with how liquids of various viscosities deform as they have had with shattering
plates and wobbling jellies. Thus, there is nothing inherent in the shape that signals softness
or viscosity per se, but instead it is (multisensory) experience with materials that enables us
to judge mechanical (and potentially even some optical) properties like wobbliness or
stiffness (etc.). Thus, any kind of material judgement relies on preceded perceptual learning.
This may sound like a truism; however, it could explain previous results by Schmidt et al
(2017), who found only weak or no correlations between perceived shape deformations and
softness. In their study, they used novel objects for which the postulated shape-material
associations (prior perceptual learning) was (by definition) entirely absent. Alternatively,
these shapes might have ‘reminded’ observers of objects that are typically non-soft.
Whether the former or the latter applies, if association is the key, then sufficient perceptual
training with this specific stimulus set should yield the expected deformation- softness
correlation in Schmidt et al. (2017).

One more prediction yielded by the idea of learning-necessary-for-material perception is
that the effect of expectation index € and the reaction time difference tj in our experiment
should decrease over the course of the experiment, since observers saw the same Surprising
stimuli in each of the 4 blocks (1 block per rating question). As observers progress through
the experiment, both € and 7 decrease, though this trend is somewhat clearer for 7.
Interestingly, in both Schmidt et al. (2017) and Paulun et al (2017), optical properties
predicted perceived stiffness (or softness) quite strongly. They argue that the unfamiliarity
of the shape, the invisibility of the transformation effector (i.e. object or force that impacted
the stimulus) and the fact that it was a static scene all rendered the shape cue less reliable
than the optical cues (Schmidt et al., 2017) when estimating softness. Conversely, the fact
that the changes in optical material properties were categorical (e.g. wood, marble, latex,
velvet, wax), with each category strongly associated with a specific material and a
corresponding degree of stiffness, could explain their results.

Consistent with the above discussed literature, we found that not only familiar shape of an
object elicited strong predictions about the material mechanics, but also the optical
properties alone yielded expectations about how an object should behave when dropped,
as evident by the non-zero effect of expectation indices in the Novel object condition. We
can also see this effect present in the first frame experiment: for example, the velvet Novel
object is rated harder than the one donning the key material.
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A Bayesian account

We believe that the results of this study fit well within the Bayesian framework, which offers
an account of how prior knowledge is integrated with sensory input. Our experiment
constitutes a situation not unlike classical cue-conflict experiments (e.g. Ernst &

Banks, 2002, Knill 2007), where the sensory cues may be in conflict with one another and/or
the prior belief. While we do not aim to model our results formally, we still believe that this
analogy is useful in interpreting our findings. We will first focus on the rating differences
that we found in the Expected and Surprising conditions. Here, objects that physically
deformed, i.e. Wrinkled, splashed, etc, in the same way were not rated the same way. In
fact, in many cases, ratings were ‘pulled’ towards the expected material property, not the
signaled one. For example, a wrinkling spoon or teacup was rated harder than any of the
wrinkling cloths. Here, prior knowledge about spoons and teacups being hard seems to have
led to increased ratings of hardness compared to their soft curtain counterparts, despite all
of these objects wrinkling. This outcome would be best explained by a so-called down-
weighing of the cues (Knill, 2007) to hardness, which suggests that the visual system
entertains multiple priors (strong and weaker ones) about the state of the world, and that,
depending on the sensory input, it adjusts the weights of these priors. This implies that in a
cue-conflict situation, the unlikely interpretation of the input does not simply get vetoed
down (Landy et al. 1995), but that instead it would factor into the final percept —just as we
observed it in our results.

When faced with violated expectations, as in our Surprising condition, we suggested that
the visual system needs to update the generative model in order to minimize the prediction
error i.e. the error between the expected state and ‘measured’ state of the world, for future
tasks. Because this updating is a reiterative process, we reasoned that it would take
observers longer to perform perceptual tasks when judging material attributes of
surprisingly deforming objects. This is exactly what we found. Interestingly, Itti and Baldi
(2009) defined surprise as the difference between the posterior and prior beliefs about the
world, thus one could argue that the bigger the surprise in a condition is, the longer the
reiterative error correction might take.

One might criticize that reaction times for ratings were much longer than times measured in
classic reaction times studies (e.g see a review by Eckstein (2011) on visual search).
However, it is not all that uncommon to consider reaction times of 2 seconds and longer, as
in categorical color perception (Boynton & Olson, 1990, or Okazawa, et al., 2011). In defense
of the reaction time effects, we would also like to point out that we treated reaction time
data as conservatively as classic reaction time studies, e.g. by removing data points that
were two standard deviations above the mean. Nevertheless, explanations for rating and
reaction time differences other than the Bayesian account may be possible and we will
consider those next.
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Alternative explanations for rating differences

High level factors. It is quite striking that the same material deformations (material
mechanics) were rated differently in the Expected and Surprising conditions. Assuming that
low level differences do not explain the rating differences (see below), could the results be
explained in other ways than by a Bayesian framework? Toscani et al. (2013) showed that
depending on the task, observers pointed their gaze at specific points at the stimulus, e.g.
near the brightest regions on an object for lightness judgements. One possibility could thus
be that the task, object knowledge, and expectations about the material ‘behavior’ guided
eye movements of observers also in our experiment to specific locations on the stimulus.
While in Expected conditions fixation patterns might have been effective with respect to the
task, e.g. observers correctly anticipated how the object would deform (or shatter, splash,
Wobble etc.), it is possible that in the Surprising conditions the ‘wrong’ expectation guided
eye movements to the ‘wrong’ locations on the object, which in turn lead to a different
sampling of information and ultimately influenced their judgements of material qualities.
We are currently investigating this possibility directly.

Low level factors. We equated the material mechanics across Expected and Surprising
conditions, however, we are still comparing rather different stimuli: they not only differ in
object identity (see Table 1) but also in several low-level image properties — due to the
various shapes, sizes and optical properties of objects. While Novel objects were rendered
with identical optical properties as the Familiar object, their overall appearance e.g. their
shape and size was more homogenous than that of the Familiar objects. Perhaps, for
example, a wobbling key is rated as less wobbly because there is simply less ‘substance’ to
Wobble compared to the custard. However, this logic does not always apply: for example,
the teacup is about the same (retinal) size as any of the curtains, yet, it is rated as ‘harder’ in
the Surprising condition. Similarly, the red jelly is rated as substantially wobblier than any of
the Expected non-deforming objects (spoon, key, chair), and it is not clear how exactly (low-
level) shape differences could explain this. Instead it is more likely that in the latter case, the
optical properties and the shape of the object contributed to this differential rating of
objects in Expected and Surprising conditions. Thus, we are fairly confident in ruling out that
the different levels of shape and size heterogeneity in Familiar and Novel object conditions
confound the rating differences between Expected and Surprising trials in the two
conditions. However, to be certain, one should in future experiments, create novel objects
with matched variability in shapes across Expected and Surprising conditions.

We suggest that the increase in reaction time for ratings of Familiar objects in the Surprising
condition might be best explained by the fact that these stimuli require slightly longer
processing times. However, alternative explanations are possible. For example, it could be
that observers, upon recognizing the object, immediately set the rating slider to a specific
position, and then — when confronted with the Surprising outcome — have to correct their
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initial estimate. The fact that more data points in the Familiar object condition were
excluded as being too short in reaction time might support this idea. However, such a
strategy would not only have caused observers to be overall slower on Surprising Familiar
object trials, but also to be faster on Expected Familiar object trials (compared to Novel
objects). That, however, was not the case. All three conditions (Expected Familiar object,
Expected and Surprising Novel objects) had similar mean RT estimates; only the Surprising
Familiar RTs were longer. It is also not clear why correcting a premature slider positioning
would take longer than adjusting the slider position from a random position (with respect to
the current stimulus).

Considerations and Limitations of this approach

We do not consider the effect of rating attribute in our data analysis, i.e. whether we are
asking the participants to rate heaviness, hardness etc. However, there might be
interactions between the question that is asked and the visual stimulus. For example, asking
how liquid a shattering wineglass is may not be as difficult as asking the same question for a
wobbling wine glass. Sometimes the judged property may simply not be relevant/ apply to a
stimulus, or may have nothing to do with the expected material mechanics. It is plausible
that if we repeated this experiment asking observers how glossy an object looked that we
would not find any effects. The relevance of the rating attribute could be the subject of
future experiments.

Fixations on Kinematic Objects

We conducted two experiments to investigate the effect of task on fixation location when
making material property judgements. The findings of our eye tracking experiments suggest
that not only are participants likely using an efficient sampling strategy for the task at hand,
but that this sampling strategy is largely the same across observers. The setup of this
experiment allows us to probe a number of factors that generalize to where on an object
people fixate when making judgements about surface properties of objects, or make
inferences about properties of an object (e.g. mass) when passively viewing objects which
interact with other objects. Our studies are consistent with past literature that suggests that
eye movements are goal-directed for the task at hand. This is akin to making perceptual
judgments about real-world items like visual and haptic impressions doneness of steak
(bouncing back when indented), or the squishiness of an avocado. A passive observer can
gain a significant amount of information just by observing the degree of deformation of the
object. Here, we find that observers indeed optimize their fixations to perform material
perception tasks such as these. As these stimuli were all rendered with matte optical
properties, additional analyses will be necessary to investigate if and how our findings
generalize to optical/surface property judgements.
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Observer Consistency in Dynamic Scene Fixations/Central Fixation Bias. Previous research
(Smith and Mital, 2013) has found that the way participants fixate static scenes is distinct
from the way dynamic scenes are fixated. Because static scenes are unaffected by temporal
demands, participants who are asked to perform a given task can choose to fixate the scene
in a number of different ways (while still achieving the same goal). This makes applying a
linear classifier substantially more difficult (Greene, et. al. 2012). In contrast, research has
found that the temporal demands that a dynamic scene presents places limitations on the
observer, and observers have been found to be remarkable consistent in their fixations. This
property makes studying fixations in dynamic scenes particularly interesting, and lends itself
well to a linear classifier approach. In tandem with this finding, Dorr et. al., (2010) found
similar eye movements across observers for dynamic scenes, and that repeated
presentations of the same stimulus yielded more coherent eye movements than
independent stimulus presentations across observers. It is notable that even with a
tendency toward a central fixation bias we do not find one.

While these analyses are a first step into investigating where participants look when making
material property judgements involving different tasks, there are a number of analyses that
we have yet to consider, and could be the topic of future research.

Pupil Dilation: In future analyses, one area that remains to be investigated in our study is
that of using pupil dilation to clarify our findings. Pupil dilation has long been used as a
measure of surprise (c.f. Lavin et. al. (2014)). Consistent with existing literature, if observers
watched our stimuli wobble (or fall) unexpectedly, the pupil should dilate in response to the
unexpected motion/outcome. In the case of our eye tracking stimuli, such a response would
indicate that our wobbling behavior was not expected for the given shape or material. Given
that our eye tracking stimuli consist of unfamiliar shapes, this is an interesting avenue for
investigation.

‘Light-From-Above’ Prior: Further work will be required to more carefully investigate the
effect of the ‘light from above’ prior in our scenes. In the experiments we describe, the
scene is illuminated from the top left. If the scene were to be illuminated from an alternate
location (generally violating our existing ‘light from above’ prior), we would expect,
consistent with our current results, that fixations move toward regions of greatest
luminance for lightness judgements.

Effect of vision in the periphery. As this stimuli did not move a significant amount and always
occurred in the same location (and as such, did not require significant saccades to an
alternate location on-screen), it is also surprising that we see such a distinction based on
task. They are required to look in much the same place, and yet, fixations still differ as a
function of task. One aspect of the stimuli that has yet to be investigated is the effect of
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vison in the periphery. One way to approach this question is by an online blocking out of
that which is centrally fixated and asking participants to perform the same task. If
participants are able to sufficiently perform the task in the absence of central fixation, vision
in the periphery must play a role.

Motion Energy Analyses: To investigate whether participants are actually guiding their
fixations to the region of greatest motion, motion energy analyses will be necessary.
Without such analyses, we can only speculate as to why people fixate on the regions of
greatest motion.

CONCLUSION

This work shows that kinematic properties of materials can be activated by the familiar
shape of an object, but also by the optical qualities of a surface. Our results imply that
perceived material qualities are not only determined by the retinal stimulation, but instead
can also be susceptible to cognitive influences, such as expectations and memory. When
making judgements regarding the material of objects, participants optimize their fixations
for the task at hand, and ultimately are successful at navigating the world based on these
judgments.
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Supplementary Figures

A splashing non-deforming  shattering wobbling wrinkling B splashing  non-deforming  shattering wobbling wrinkling

!
&

expected

surprising

<
»

Supplementary Figure 1. Novel Objects inherit their optical and mechanical properties from the corresponding
familiar objects (See Figure 3). Panel A shows Novel Objects grouped according to their material mechanics.
Panel B depicts corresponding last frames of animations that show how a given Novel Objects falls to the
ground. Panel C shows which Novel Objects deformed how in the surprise condition, and Panel D, the
corresponding last frames of the animation. Even though control objects do not have a familiar shape, their
shape and their ‘inherited’ optical material properties may nevertheless elicit some expectations. E.g. a
bounded solid object may tend to be judged as solid and hard, bronze-colored object as heavier or red
translucent smoothly curved objects as softer.
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Supplementary Figure 2. RT exclusions. Trials where Familiar objects that behave unexpectedly are excluded
more than other types of trials. It is also interesting that more Familiar objects were excluded for too short RTs
— suggests that observers anticipated the rating during the 3 second static hold. Supports the idea of object
knowledge influencing the ratings.
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Supplementary Figure 3. Ratings for all attributes. Ratings of hard and gelatinous are discussed in the main
manuscript. Error bars are one standard error of the mean. In general, ratings of heavy and liquid also make
sense: splashing objects (blue bars) are rated as highly liquid, non-deforming objects (yellow bars) and
shattering objects (orange bars) are rated not at all liquid, and wobbling objects (green bars) are rated in
between. The directionality of some ratings is not straight forward on first view, when comparing expected
and surprising conditions, e.g. for splashing objects (blue bars). We might have predicted the splashing honey,
milk, and water to be rated as less hard and more liquid than the chair, clay pot, and silk curtain that splash
surprisingly — object knowledge about chairs, clay pots and silk curtains should “pull up” hardness ratings and
“pull down” liquid ratings. However, we see the opposite pattern. Ratings of how gelatinous these objects
appear may shed some light on this: splashing honey, milk, and water appear more gelatinous than all other
splashing objects (even Novel objects). This suggests that the shape of the droplets in the initial frame do not
generate compelling impressions of very runny liquids, but rather some thicker, more viscous substances (First
Frame ratings in Supplementary Figure 5 confirm this idea). So, in the case of splashing stuff, object knowledge
interferes in our Expected condition in a way that we did not anticipate.

146
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Supplementary Figure 4. Histograms for Reaction Times. Reaction times are slower for Familiar objects that
behave surprisingly (B) versus expectedly (A). This difference is not significant for Novel objects with matched

outcomes (C and D).
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Supplementary Figure 5. Interobserver correlations comparing ratings of each observer with every other

observer.

148



0.201

>
S == Novel object
-
< 0154 | mm Familiar object
O
4
® 0.10-
>
(
© 0.054
T
i
0.00-

= s T
© © 3
T o T

T —J

Supplementary Figure 6. Effect of Expectation Index € over time.
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Supplementary Figure 8. Low and high level linear regression models predicting the difference between ratings of
moving familiar and control objects Dsamiliar-novel, related to Figure 3. We developed two models with the aim to account
for the differences we observed in ratings of familiar and novel moving objects. Overall, the high-level model (left side) was
more successful in predicting this difference than the low-level model (right side). However, this varied as a function of
questions. The high-level model performed best for ratings of gelatinousness and hardness, whereas the low-level model
performed as good as the high-level model for ratings of liquidness. This makes sense since ratings of the latter might be
dominated by how much a substance physically spreads in the image, whereas the former requires more high-level
inference. Low- and high-level models had each exactly 3 predictors.
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Supplementary Figure 9. Overall rating distributions, related to Figure 4. Shown all observers ratings for each of the 15
familiar objects and corresponding novel objects, all attributes (hard, liquid, heavy, gelatinous) in Expected (left) and
Surprising motion conditions (right). It is quite apparent that mean ratings of approximately 0.5 in any condition are not
due to ‘bimodal’ rating behavior, i.e. some observers giving very low and other observers giving very high ratings. Overall
observers tended to agree well in their ratings of these four attributes (also see Figure 4).
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|FF familiar objects - motion novel objects|

EXPECTED

Sig.

diff p-value alpha
0.085 0.003 0.0016
0.029 0.359 0.0016
0.090 0.009 0.0016
0.003 0.871 0.0016
0.017 0.507 0.0016
0.171 0.001 0.0016
0.107 0.001 0.0016
0.121 0.001 0.0016
0.022 0.593 0.0016
0.007 0.803 0.0016
0.017 0.074 0.0016
0.149 0.002 0.0016
0.072 0.000 0.0095
0.182 0.000 0.0095
0.026 0.215 0.0095
0.087 0.041  0.0095
0.033 0.071  0.0095
0.202 0.000 0.0095
0.154 0.010  0.0095
0.098 0.076  0.0095
0.095 0.001 0.0095
0.020 0.625 0.0095
0.032 0.449  0.0095
0.096 0.009 0.0095
0.181 0.000 0.0019
0.081 0.009 0.0019
0.088 0.000 0.0019
0.158 0.000 0.0019
0.146 0.000 0.0019
0.027 0.587 0.0019
0.115 0.011  0.0019
0.041 0.137  0.0019
0.085 0.090 0.0019
0.055 0.310  0.0019
0.138 0.002 0.0019
0.029 0.001 0.0019
0.062 0.046 0.0464
0.058 0.000 0.0464
0.025 0.386 0.0464
0.012 0.784  0.0464
0.232 0.000 0.0464
0.010 0.673 0.0464
0.443 0.000 0.0464
0.057 0.191 0.0464
0.518 0.000 0.0464
0.008 0.566 0.0464
0.028 0.157  0.0464
0.008 0.407 0.0464
0.145 0.000 0.0016
0.047 0.029 0.0016
0.065 0.034 0.0016
0.049 0.002 0.0016
0.008 0.642 0.0116
0.026 0.180 0.0016
0.167 0.003 0.0016
0.504 0.000 0.0016
0.339 0.000 0.0016
0.059 0.207 0.0016
0.010 0.387 0.0016
0.004 0.748 0.0016

SURPRISING EXPECTED
Sig. Sig.
diff p-value alpha diff p-value alpha
0.743 0.000 0.0016 0.008 0.367 0.0027
0.827 0.000 0.0016 0.044 0.390 0.0027
0.015 0.625 0.0016 0.026 0.231 0.0027
0.090 0.032 0.0016 0.031 0.090 0.0027
0.109  0.023 0.0016 0.019 0426 0.0027
0.104 0.009 0.0016 0.011 0.889 0.0027
0.502 0.000 0.0016 0.137 0.003 0.0027
0.401 0.000 0.0016 0.006 0.881 0.0027
0.100  0.075 0.0016 0.007 0.877 0.0027
0.903 0.000 0.0016 0.032 0.195 0.0027
0.958 0.000 0.0016 0.003 0.029 0.0027
0.848 0.000 0.0016 0.021 0.545 0.0027
0.762 0.000 0.0095 0.041 0.015 0.0280
0.782 0.000 0.0095 0.017 0.673 0.0280
0.643 0.000 0.0095 0.011 0.430 0.0280
0.150 0.003 0.0095 0.062 0.008 0.0280
0.779 0.000 0.0095 0.020 0.196 0.0280
0.044 0.067 0.0095 0.008 0.881 0.0280
0.754 0.000 0.0095 0.041 0.289 0.0280
0.522  0.000 0.0095 0027 0.760 0.0280
0.511 0.000 0.0095 0.031 0.689 0.0280
0.881 0.000 0.0095 0.034 0.519 0.0280
0.339 0.000 0.0095 0.014 0.782 0.0280
0.046  0.001 0.0095 0.001 0.979 0.0280
0.701 0.000 0.0019 0.021 0.841 0.0037
0.755 0.000 0.0019 0.051 0.109 0.0037
0.724 0.000 0.0019 0.042 0.223 0.0037
0.719 0.000 0.0019 0.030 0.008 0.0037
0.009 0.621 0.0019 0.043 0.349 0.0037
0.177 0.000 0.0019 0.090 0.032 0.0037
0.403  0.000 0.0019 0030 0.356 0.0037
0.511 0.000 0.0019 0.029 0.194 0.0037
0.617 0.000 0.0019 0.037 0.086 0.0037
0.325 0.000 0.0019 0.036 0.391 0.0037
0.014 0691 0.0019 0064 0.064 0.0037
0.895 0.000 0.0019 0.116 0.008 0.0037
0.499 0.000 0.0464 0.032 0.810 0.0037
0.182 0.000 0.0464 0.070 0.045 0.0037
0.569 0.000 0.0464 0.002 0.698 0.0037
0.884 0.000 0.0464 0.051 0.208 0.0037
0.501 0.000 0.0464 0.167 0.001 0.0037
0.801 0.000 0.0464 0.041  0.093 0.0037
0.072 0.037 0.0464 0.282 0.000 0.0037
0.281 0.000 0.0464 0.006 0.559 0.0037
0.018 0.651 0.0464 0.195 0.004 0.0037
0.404 0.000 0.0464 0016 0.258 0.0037
0.478 0.000 0.0464 0.065 0.050 0.0037
0.418 0.000 0.0464 0.002 0.859 0.0037
0.004 0.885 0.0016 0.009 0.660 0.0274
0.651 0.000 0.0016 0.040 0.371 0.0274
0.653 0.000 0.0016 0.012 0.791 0.0274
0.584 0.000 0.0016 0.021 0.031 0.0274
0.219 0.000 0.0116 0.019 0417 0.0274
0.116 0.002 0.0016 0.013 0.396 0.0274
0.091 0.003 0.0016 0.073 0.221 0.0274
0.199 0.000 0.0016 0.266 0.000 0.0274
0.281 0.000 0.0016 0.073 0.041 0.0274
0.257 0.000 0.0016 0.022 0.246 0.0274
0.159 0.000 0.0016 0.001 0.910 0.0274
0.171 0.000 0.0016 0.034 0.260 0.0274

Prior Pull= [Moving Familiar - Corresp. Novel Objects|

SURPRISING

Sig.

diff p-value alpha
0.061 0.155  0.0027
0.039 0109  0.0027
0.035 0.269 0.0027
0.056 0.061 0.0027
0.068  0.049  0.0027
0.007 0.521 0.0027
0.051 0.404 0.0027
0.002 0.910 0.0027
0.063  0.104  0.0027
0.029 0.095 0.0027
0.038 0.007 0.0027
0.025 0.663 0.0027
0.004 0794  0.0280
0.247 0.000 0.0280
0.055 0.168 0.0280
0.086  0.069  0.0280
0.392 0.000 0.0280
0.055 0.036 0.0280
0.274 0.000 0.0280
0.238  0.000 0.0280
0.088 0.003 0.0280
0.009 0.344 0.0280
0130  0.009  0.0280
0.014 0187  0.0280
0.034 0.305 0.0037
0.024 0.343 0.0037
0.011 0.278 0.0037
0.031 0.072  0.0037
0.039 0.336 0.0037
0.003 0.792 0.0037
0.031 0217  0.0037
0.101 0.050 0.0037
0.187 0.004 0.0037
0.032 0.161 0.0037
0.039 0268  0.0037
0.007 0.750 0.0037
0.133 0.020 0.0037
0.040 0263  0.0037
0015 0255  0.0037
0.447 0.000 0.0037
0.301 0.001 0.0037
0.017 0386  0.0037
0.230 0.000 0.0037
0.124 0.004 0.0037
0.104 0.141 0.0037
0123 0067  0.0037
0.103 0.012 0.0037
0.039 0.579 0.0037
0.007 0418  0.0274
0.042 0609  0.0274
0.002 0.722 0.0274
0.039 0.964 0.0274
0.094 0275 0.0274
0.101 0.001 0.0274
0.028 0.378 0.0274
0.006 0.752 0.0274
0.006 0389  0.0274
0.063 0.132 0.0274
0.095 0.027 0.0274
0.020 0659  0.0274

Supplementary Table 1. Statistical results for rating differences; FF familiar objects and motion novel objects and prior

pull.

This table highlights significant absolute rating differences between FF familiar objects and motion novel objects (left blue

2 columns) and moving familiar and corresponding novel objects (prior pull, right gray 2 columns), arranged by

deformation method, rating question, and object identity. Values are FDR-corrected, based on a family-wise alpha of .05,

for 24 tests (for each deformation: 12 tests for each of the Expected and Surprising conditions). Columns represent

differences, p-values, and FDR alpha values for both Expected and Surprising conditions. Bolded values indicate statistically

significant differences.
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