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(a) Illustration of experiment designs (b) Two examples of the experiments: (upper) speed production and (lower) trajectory prediction.
Abstract—This paper examines how humans adapt to novel physical situations with unknown gravitational acceleration in immersive
virtual environments. We designed four virtual reality experiments with different tasks for participants to complete: strike a ball to
hit a target, trigger a ball to hit a target, predict the landing location of a projectile, and estimate the flight duration of a projectile.
The first two experiments compared human behavior in the virtual environment with real-world performance reported in the literature.
The last two experiments aimed to test the human ability to adapt to novel gravity fields by measuring their performance in trajectory
prediction and time estimation tasks. The experiment results show that: 1) based on brief observation of a projectile’s initial trajectory,
humans are accurate at predicting the landing location even under novel gravity fields, and 2) humans’ time estimation in a familiar
earth environment fluctuates around the ground truth flight duration, although the time estimation in unknown gravity fields indicates a
bias toward earth’s gravity.
Index Terms—Virtual reality, intuitive physics, mental simulation
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I NTRODUCTION

Sending a manned spacecraft to Mars would be a fantastic adventure,
yet living on another planet could lead to significant challenges to
human perceptual and cognitive systems. The change in gravity itself
could alter daily activities (e.g., throwing an object toward a desired
location or pouring water into a container) that require adjustment
of prediction and action in light of changing physical properties on
the new planet. Imagine that you are living in an environment with
a different gravity field than earth. Would you be able to adapt to it
quickly? And how accurate would your predictions about the physical
world be compared to when you were on earth?
Consumer-level virtual reality (VR) devices, with rapidly increasing
popularity, provide a useful means for researchers to conduct experiments that were traditionally too costly or impossible to carry out in the
real world. VR allows users to experience an artificial world in a manner similar to how they experience the real world: i.e., head-mounted
displays give the impression of three-dimensional observation, and
remote controllers afford interactions with the virtual world from an
embodied egocentric perspective. In particular, VR technology allows
for both the control of many underlying factors of the virtual world (e.g.,
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time [34] and gravity) and direct measurement of behavioral changes
in novel environments.
In this paper, we conducted four experiments to measure human
performance in different tasks under novel and familiar gravity fields.
In the first two experiments, participants were asked to strike a ball off
of a track onto a target location and to trigger a ball to hit a target given
a speed rating input. In Experiments 3 and 4, participants were asked
to make predictions about the location and flight duration of a projectile given the initial 0.2 seconds of its trajectory. The purpose of the
experiments was to examine how humans learn and reason about object
motion in novel gravity fields: are humans able to spontaneously habituate to new gravity fields? Do humans implicitly use prior knowledge
about earth’s gravity to reason about new environments? Are humans
implicitly simulating physical motion or predicting the movements
using low-level visual features exclusively?
The first pair of experiments in the present work compare human
performance in the VR setting with findings in similar real-world situations [21]. The second pair of experiments compare two types of
intuitive physical judgments (location predictions and time estimates)
under different gravity fields. In summary, this paper made the following contributions: 1) replicated a previous study on speed production
and rating in novel virtual environments to demonstrate that VR is a
feasible and reliable tool for studying human perception and cognition,
2) carried out a novel experimental design and method which precludes
real-world replication, and 3) measured the effect of gravity field on
human behavior in tasks varying in their cognitive demands.
The remainder of this paper is structured as follows: Sect. 2 discusses
related work in intuitive physics and virtual reality, Sect. 3 describes
the experiment methods and results, Sect. 4 provides a comparison
of results between experiments, and Sect. 5 concludes the study and
outlines proposed directions for subsequent work.

2 BACKGROUND AND R ELATED W ORK
2.1 Intuitive Physics
The principles of Newtonian physics accurately describe the behavior
of objects in our realizable world, yet people’s commonsense beliefs
about how objects move are often at odds with ground-truth predictions [8, 18]. For example, when reasoning about the trajectories of
moving objects on explicit, pencil-and-paper tasks, people commonly
predict that an object will follow a curvilinear path upon exiting a
C-shaped tube [28] and that an object dropped from a moving body will
follow a linear path downward [27, 29] with a velocity proportional to
its weight [37]. Although these misconceptions appear consistent with
erroneous physical theories (e.g., medieval impetus or Aristotelian principles), people are not internally consistent in their intuitive physical
judgments across related tasks at the explicit level, suggesting adherence to domain-specific theories of motion [18, 45]. More recent work
proposes that people are susceptible to erroneous theories of motion
in the context of explanation, but adhere to rational inference on the
basis of Newtonian physics in the context of prediction: e.g., people
are unable to draw the trajectory of an object following release from a
pendulum but can successfully place a bucket where they expect the ball
to land [40]. Earlier empirical studies also suggest that humans are less
susceptible to erroneous theories of motion when physical situations are
presented in a familiar context [18] or in an animated format [19, 20].
In addition, although people are inaccurate when reasoning about certain physical situations (e.g., liquid behavior) explicitly, they respond
rationally when repeating similar tasks through simulated action [36]
or animation-facilitated mental simulation [22].
The present experiments provide two concrete task domains which
rely on action and prediction, rather than explanation. Thus, we hypothesized that participants would adhere to Newtonian (rather than
erroneous) theories of motion when reasoning about the physical behavior of moving objects at the implicit level. The tasks, however, differ
in their cognitive and sensorimotor demands in addition to the spatial
information needed to effectively reason about them. For example, Experiments 1 and 2 (replication of previous work; described in Sect. 3)
provide participants with a perception-for-action and perception-only
task, respectively. Although Krist et al.’s original study found no difference between performance in the two tasks [21], there is a breadth
of evidence that guided action and perceptual identification rely on two
independent neural pathways [14]. More recent fMRI results, however,
indicate that object weight (a non-visual, motor-relevant property) can
be represented in regions associated with the (ventral) perceptual identification stream from familiar texture cues [11]. Information about the
weight of unfamiliar objects, however, is arguably inferred from haptic
feedback, a crucial sensory modality absent in virtual environments
that has been pursued rigorously over the past three decades [7]. The
effect of the absence of haptic feedback on our perception-for-action
task is further discussed in the following sections.
The perception-for-action task in Experiment 1 also differs from
Krist et al.’s original task in that it required the use of a tool (i.e., a
controller specifying the position of a virtual ball) to propel a second
ball off of a platform. Tool use has been shown to directly affect
perceived distance, suggesting that people represent the physical world
in terms of their ability to interact with it [44]. Perception-action
recalibration has also been reported in studies on predicted walking
distance (real and imagined) following adaptation [46], judged hill slant
following a loading of weight from a backpack [30] (but see [10]), and
illusory reversal of temporal order between actions and sensation [41].
Although the potential effect of tool use on Experiment 1’s task is
interesting, a more primary aim of the present work is to determine
how participants respond and adapt to novel gravitational fields across
the four experiments outlined in Sect. 3. Are people biased toward
believing that the gravitational acceleration of an unknown environment
is equal to that on earth? Does this bias manifest itself across tasks
differing in their aforementioned cognitive demands? The potential
interplay between prior beliefs about gravity and associated human
activity is discussed further in Sect. 2.2.
2.2 Mental Simulation
Previous work has demonstrated that people often employ mental simulation strategies when reasoning about physical situations [16, 17]. For
example, expert problem-solvers spontaneously employ mental simu-

lation strategies to anchor assumptions relevant to their explanations
when reasoning about a mass-spring system [9] and when people are
asked to predict the rotation direction of elements in a pulley system,
they intuitively simulate motion in an order corresponding to the machine’s causal sequence: i.e., more time is required to reason about
motion later in the causal chain [15]. The time-dependent characteristics of people’s mental simulations suggest spatial (rather than visual)
representation, which quantitatively encodes both latent and observable
variables relevant to the physical situation [16, 35].
The findings outlined in Sect. 2.1, however, suggest that people’s
predictions about one-body motion do not always agree with Newtonian
physics. Early work on human judgment in two-body interactions (e.g.,
the collision of two point masses) reported consistent findings [31, 42],
although judgment biases were subsequently explained by attention
to simplified rules or heuristics based on observational cues [13, 32].
Despite the fact that cue-heuristic models explain some human judgment biases qualitatively, several recent models have obtained good
quantitative agreement by assuming that people form rational inferences about dynamical systems by combining noisy perceptual inputs
with Newtonian physical principles, given prior beliefs about spatially
represented variables: i.e., the noisy Newton hypothesis [33]. Following
this hypothesis, quantitative judgments about physical systems can be
inferred by simulating initial states (sampled from distributions reflecting noisy perception) forward in time using probabilistic Newtonian
physics, querying the output states and aggregating judgments across
numerous simulations to form predicted response distributions [5].
Probabilistic simulation models have demonstrated success in predicting human judgments in several domains: physical scene understanding [5], object interactions [23], liquid dynamics [4,22] and causality in mass-collision displays [12]. Their predictions deviate from
ground-truth physics in accordance with biases observed in human
experiments. Such findings are generally explained by noisy perceptual
inference based on prior beliefs about relevant variables in the physical system. For example, the standard belief that an initially moving
object is heavier in a two-body collision is well-explained by a prior
belief that objects are more likely to move slow than fast [33]. In the
perception-for-action task in Experiment 1, participants must propel a
ball to a target location by striking it with their controller. However,
they receive no haptic information about the weight of the ball: i.e.,
the ball feels weightless. Thus, we hypothesized that in the absence of
haptic feedback, people will underestimate the force needed to propel a
ball to a given target location.
In Experiments 3 and 4 of the present work, participants were asked
to reason about the trajectory and duration of a projectile moving under
different gravity fields (see Sect. 3.3 and Sect. 3.4). One hypothesis
is that people predict future physical states by simulating projectile
motion forward in time, holding prior beliefs on the underlying physical
variables: e.g., velocity and gravitational acceleration. Given robust
experience in earth’s gravity, we predict that participants’ simulations
will adhere to a gravitational acceleration biased toward that of earth.
Alternatively, people might predict trajectories using more explicit
mechanisms based on perceptual identification, such that inferred locations will not be biased toward what would be expected under earth’s
gravitational field: i.e., gravitational acceleration—and prior beliefs
about its magnitude—will not play into the location prediction process.
2.3 Virtual Reality
Virtual reality (VR) technology provides an analog experience in a
three-dimensional environment similar to that of the real world. Although the majority of research on VR focuses on the technology itself
in order to improve users’ experience of hardware and software (e.g.,
sensing [39, 43], simulation [1–3] and platform integration [24]), recent
studies have sought to directly examine human perception and cognition in virtual environments. Previous work has focused on human
behavior in situations that are similar between the virtual environment
and the real world: e.g., visual perception of egocentric distance in real
and virtual environments [25], and human perception of the three components of locomotion (i.e., distance, speed and time) during immersive
walkthroughs [6]. Further work has utilized virtual environments to
simulate situations that cannot be emulated in the real world, such as
the effect of a naturally or unnaturally moving sun on human time
judgments [34], the perception and understanding of the exchange of
avatars [26], and the visualization of relativity [38].
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Fig. 1: Experiment designs. Notes and measurements overlaid on top of the scenes are for illustration and were not provided to participants. (a)
Setting of Experiment 1 in the virtual environment during the testing session: a track at different heights and a red target at different distances
were displayed. Participants used a controller to strike the virtual ball on the track onto a red target on the ground. (b) Setting of Experiment
2 during the testing session: similar to Experiment 1, a track and a target were shown to the participants, but no virtual ball was displayed.
Participants selected a speed on the slider to indicate at which speed they thought the ball should be projected to hit the target. (c) Setting of
Experiments 3 and 4 in the virtual environment: a virtual ball was generated on a platform on the top right side of the display. Once the button on
the controller was pressed, the ball was projected horizontally leftward toward the red laser beam. (d) Illustration of Experiments 3 and 4 from the
participant’s perspective: participants stand next to the laser beam and perceive a virtual ball flying toward them, which is different from inferring
the ball speed from a third-person view.

In the present study, two experiments similar to the studies by Krist et
al. [21] were conducted to compare the behavior of humans in a virtual environment to their corresponding behavior in a real world task
(see Sect. 3.1 and Sect. 3.2). Two additional experiments simulated
physical situations that preclude real world replication (see Sect. 3.3
and Sect. 3.4).
3

E XPERIMENTS
Participants and Apparatus A total of 20 participants (8 female
and 12 male) participated in the study. Participants were either undergraduate or graduate students at the University of California, Los
Angeles. The average age of participants was 22.8 years old with a
standard deviation of 2.67. All participants had normal to corrected-tonormal vision.
During the experiments, participants wore an HTC Vive head
mounted display (HMD) with two 1080 × 1200 screens (one per eye),
a 90 Hz refresh rate, and a 110° field of view. Participants used a native HTC Vive controller to interact with objects and scenes inside the
virtual setting. Responses were automatically tracked by the HTC Vive
system and recorded by our programs. Two standard HTC Vive base
stations (lighthouses) were mounted on the wall to simultaneously track
the pose and dynamics (position, velocity, and orientation) of both the
HMD and controllers over time. The virtual environment was designed
using the Unreal Engine 4 gaming platform, providing state-of-the-art,
physics-based simulation in real time.
Experiment Overview Experiments 1 and 2 were designed to
replicate and extend Krist et al.’s original study [21] in a virtual environment. The design of our experiments and the previous study by
Krist and colleagues was identical except that in the present experiment, participants used an HTC Vive controller to strike a virtual ball
(rather than throwing an actual, physical ball) off of a track onto a target
location. Participants were free to traverse the virtual environment.
Experiments 3 and 4 differed from typical experiment settings in the
literature examining human projectile motion predictions (e.g., in [40]).
Rather than presenting pre-recorded videos in 2D displays and collecting responses using a keyboard or mouse, we measured people’s
performance in an immersive, 3D environment using a laser beam (measurement tool) in VR. The virtual world provided participants with a
vivid and realistic environment that enabled several physical interactions between entities and agents. Furthermore, allowing participants
to navigate freely inside the virtual environment provided a means
to adjust their individual viewing angle so they could view the entire
environment.
Experiment Order Participants were asked to complete 3 blocks
of experiments in a within-subjects experimental design. In each block,
all four experiments shared the same unique gravity field (i.e., gravity
field was manipulated between blocks). The gravity field in each

environment was selected from 1.5g, 1.0g and 0.5g. Participants were
informed that the gravity field for the first block of experiments would
be equal to earth’s gravity (1.0g). In the subsequent two blocks, half of
the participants completed the block under half of earth’s gravity field
(0.5g) first followed by the block with 1.5 times earth’s gravity field
(1.5g); the other half of the participants completed the experiments in
the counterbalanced order: i.e., 1.5g first and 0.5g second. Participants
were told that they would experience unfamiliar gravity fields in the
second and third blocks, but information about the specific gravity field
was not provided (i.e., whether the gravity field would be greater than
or less than earth’s gravity).
In each block, Experiments 1 and 2 were conducted prior to Experiments 3 and 4 for all participants. To control for order effects,
half of the participants completed Experiment 1 prior to Experiment
2, and the other half completed Experiment 2 first. Similarly, half of
the participants completed Experiment 3 prior to Experiment 4, and the
other half completed Experiment 4 first. The order stayed the same for
all three blacks for the same participant.
3.1

Experiment 1: Direct Action

The first experiment asked human participants to propel a ball toward an
indicated target location in a virtual environment under different gravity
fields. Participants directly interacted with virtual objects in the VR
setting. After providing responses using a Vive controller, participants
viewed the full trajectories of the propelled objects. We sought to
compare human performance in VR with that in the real world [21] by
examining human performance under a gravity field identical to that
on earth (i.e., a familiar gravity field). We further examined how well
humans perform under gravity fields different from earth’s gravity (i.e.,
unfamiliar gravity fields).
Experiment Setting As illustrated in Fig. 1a, the setting of Experiment 1 consisted of a horizontal track (0.16 meters wide, 0.90 meters
long), a red, cubic target (length of each side = 0.12 meters), and a white
ball (diameter = 0.08 meters, friction coefficient = 0). In the virtual
environment, each controller was represented by a sphere (diameter =
0.10 meters). Participants were instructed to use a Vive controller to
hit the white ball on the track onto the red target as indicated in Fig. 6a.
The vertical height of the track and the horizontal distance between
the track and the target were chosen from a pre-defined discretized
set, identical to Krist et al.’s previous study [21]. Participants were
instructed to hit the ball horizontally so that the ball would exit the track
with zero velocity along the vertical axis. They were also informed that
only the first collision point of the ball would be counted as a successful
hit: i.e., bouncing the ball onto the target or rolling it toward the target
would not be counted. The size of the track, the diameter of the ball,
and the rendered background environment were held constant across
all experiments.

Fig. 2: Mean speeds produced by participants in Experiment 1 under
three different gravity fields: 1.5g, 1g, and 0.5g. Error bars indicate
standard error of the mean.

Fig. 3: Mean speeds produced by participants versus ground truth
speeds in Experiment 1 under three different gravity fields: 1.5g, 1g,
and 0.5g.

Training Session Participants were first given a demonstration and
practice trials to familiarize themselves with the virtual environment.
Participants were first shown a 3D visual demonstration through the
HTC Vive HMD: a ball leaves the track from a height of 1 meter with an
initial horizontal speed of 2 meters per second and lands on the ground.
Next, they were asked to move the controller to hit the ball on the track,
which ensured that participants knew how to use the controller prior to
the training and testing trials. Finally, participants were instructed to
hit the virtual ball with the same initial configuration three times as far
as possible and then three times as close as possible.
After demonstration and practice, participants were given training
trials: a target appeared on the floor and the height of the track was
adjusted. Participants were instructed to try their best to hit the ball
onto the target location. If the ball did not exit the track horizontally
in a given training trial, the setting for that trial was presented again at
the end of the training session. During the training session, the height
of the track was chosen from 0.20, 0.70 and 0.95 meters; the distance
between the center of the target and the exit of the track was either
0.30 or 0.90 meters. In total, there were 6 different combinations of
distance and height for the training session. During the training session,
participants observed the full trajectory of the ball after it left the track
(i.e., they received visual feedback in each training trial).

p = .086). This result indicates that the relationship between produced
speed and distance did not differ significantly across the implemented
track heights. Our results demonstrate that participants’ produced
speeds depended on relevant physical factors: i.e., the height of the
track, the distance between the track and target, and importantly gravitational acceleration in the virtual world. In addition, the relationship
between produced speed and distance also varied according to specific gravity fields, which agrees with the ground-truth relationships.
Fig. 2 depicts the mean speeds produced by participants under three
different gravity fields for various height-distance combinations. The
three figures qualitatively differ from one another, as evident in the
aforementioned Gravity × Distance interaction.
To analyze the effect of participants randomly selected from the
university student population, we performed a random effects ANOVA
with two-way interactions. Higher order interaction terms were removed from the analysis due to singular measurements for each heightdistance-gravity trial. The analysis showed no significant main effect of participant (F[19, 544] = 1.35, p = .245). There were significant two-way interaction effects between gravity and participant
(F[38, 544] = 1.49, p = .033) and between distance and participant
(F[38, 544] = 1.54, p = .021), although the two-way interaction between height and participant was not significant (F[57, 544] = 0.74,
p = .923). The present results suggest that there are individual differences in perceiving gravity and 3D distance between the target and the
track in the VR environment, but people are less variable in their perception of the height of the track in each testing trial. Further comparison
between the present results and those of Experiment 2 is provided
in Sect. 4.
Regression Analysis To compare participants’ produced speeds
with the ground-truth model predictions, we performed a linear regression analysis as depicted in Fig. 3. Optimal performance is indicated
by a slope of 1.0; a slope less than 1.0 indicates that participants underestimated speed, and a slope greater than 1.0 indicates the opposite.
There is a strong linear relationship between speeds produced by human participants and the speeds predicted by the ground-truth model.
However, the regression slopes are smaller than 1.0 under each gravity
field, indicating that humans move slower than what is optimal given
the ground-truth model. Several factors could contribute to the apparent
underestimation of speeds in Experiment 1’s perception-for-action task.
One primary reason could be due to the absence of haptic feedback
following interaction with the virtual ball. As the weight of the virtual
ball can only be inferred (rather than directly perceived through the
sensorimotor system as is typical in real-life situations), participants
may have significantly underestimated the weight of the ball. In turn,
this may have led participants to underestimate the force needed to
propel the virtual ball to hit each target location. Thus, regardless of the
gravity field, participants consistently underestimated the speed needed
for the task.
A second linear regression analysis was then performed to examine
how produced speed varied as a function of distance for each track
height. The regression coefficients, standard errors and the r-squared
statistics for Experiment 1 are reported in Table 1. The ground-truth
slope sgt of the speed-distance relationship was determined by the
following expression:
r
g0
sgt =
,
(1)
2h

Testing Session After the 6 training trials, participants were presented with 12 testing trials with parameters indicated by the combination of 4 different heights and 3 different distances. Specifically, the
height of the track was chosen from 0.20, 0.45, 0.70 and 0.95 meters;
the distance between the center of the target and the exit of the track was
chosen from 0.30, 0.60, and 0.90 meters. These values were identical to
the set of values used in the original study [21]. Similar to the training
session, if participants failed to hit the ball so that it exited the track
horizontally in a testing trial, that trial was presented again at the end
of the testing session. After hitting the ball, participants were provided
with full visual feedback: they viewed the full trajectory of the ball and
were informed of whether the ball successfully hit the target.
When participants hit the ball using the controller (represented by
a virtual sphere; diameter = 0.10 meters), the speed of the controller
was measured by the HTC Vive base station and fed into the Unreal
Engine. The Unreal Engine then computed the resulting speed of the
ball after the collision using an internal physics engine. The speed of
the ball was recorded as the produced speed measurement for each
testing trial. To examine whether humans behave rationally, a groundtruth model prediction for each trial was calculated analytically based
on the physical parameters (i.e., height, distance, and gravity) in each
setting.
Results In order to determine whether the speeds produced by participants depended on the magnitude of gravitational acceleration, the
height of the track, and the distance between the track and target, we performed a 3 × 3 × 4 (Gravity × Height × Distance) analysis of variance
(ANOVA) at the α = 0.05 significance level. The three-way interaction
term was not significant (F[12, 684] = 1.34, p = 0.189). There were
significant main effects of gravity (F[2, 684] = 74.05, p < .001), distance (F[2, 684] = 181.79, p < .001), and height (F[3, 684] = 40.31,
p < .001). There was also a significant two-way interaction between
gravity and distance (F[4, 684] = 4.78, p < .001). However, the interaction between gravity and height (F[6, 684] = 1.10, p = .360) was not
significant. Contrary to the ground truth model, the interaction between
distance and height was only marginally significant (F[6, 684] = 1.86,

where g0 is the gravitational acceleration and h is the track height.

For each gravity-height condition, the human slope was less than the
ground-truth slope, providing converging evidence that speed was underestimated regardless of the environment. For Experiment i, the
percent error between the calculated slope si and the ground-truth slope
|s −s |
sgt for each gravity-height combination was defined by i sgt gt × 100%.
The mean percent errors (i.e., percent errors averaged across height)
for the 1.5g, 1.0g, and 0.5g environments in Experiment 1 were 43.9%,
25.6%, and 34.5%, respectively. The smallest mean percent error was
in the 1.0g environment, which agrees with our previous finding where
humans performed best in the earth-gravity environment.
Comparison with Original Study The results from Experiment
1 are in general agreement with Krist et al.’s previous findings [21].
Both studies (ours in VR and Krist’s in the real world), found significant main effects of height and distance, suggesting that humans are
sensitive to critical physical variables when interacting with objects,
regardless of whether they are virtual or physical. In the virtual environment, however, we found that the interaction effect between height and
distance was only marginally significant, whereas the original study
(conducted in the real world) revealed a significant interaction between
the two factors. The weakened interaction effect was most likely due
to participants’ underestimation of produced speed, which may have
resulted from the absence of haptic feedback from the VR system.
Participants may have developed an implicit bias toward believing the
virtual ball was weightless, effectively reducing the variance in their
responses and the corresponding power of our statistical analyses.
3.2

Fig. 4: Mean estimated speed as the function of distance between the
track and the target in Experiment 2 under three different gravity fields:
1.5g, 1g, and 0.5g. Error bars indicate standard error of the mean.

Fig. 5: Correlation between human speed estimates and speeds predicted by the ground truth model in Experiment 2 under three different
gravity fields: 1.5g, 1g, and 0.5g.

Experiment 2: Speed Judgment

Although participants were able to move freely in the virtual environment (i.e., all 3D view angles were allowed), they were not able to
control or act upon any virtual objects in the present task. The second
experiment was designed to examine the human ability to estimate the
initial speed of a ball required to hit a target location under different
gravity fields. In this task, participants were not asked to perform an
action: i.e., striking a ball. Instead, they were asked to give a speed
rating.
Experiment Setting Experiment 2 employed the same track, ball,
and target as in Experiment 1. Objects in Experiment 2, however, were
stationary: i.e., instead of allowing participants to directly interact with
the virtual objects, a slider was introduced to gauge human participants’
speed ratings (see Fig. 1b). For each stimulus, participants estimated
the initial speed of the ball required to hit the target on the ground.
Participants were asked to report their estimated speed using a slider.
The leftmost side of the slider represented the slowest speed (0.1 meters
per second), and the rightmost side of the slider represented the fastest
speed (5.5 meters per second). In the experiment, participants used
a Vive controller to move the slider to indicate their estimated speed.
The reading of the slider was converted into speed by the following
expression,
s = p × (smax − smin ) + smin ,
(2)
where s is the horizontal speed of the ball, p is the reading of the slider
(between 0 and 1), and smax and smin are the maximum and minimum
speeds, respectively.
Training Session At the beginning of each experiment, three
demonstration trials were provided to participants. In each demonstration, a ball traveled along the track at three different speeds: maximum
speed (5.5 meters per second), minimum speed (0.1 meters per second),
and medium speed (2.8 meters per second). The speed was indicated
on the slider at each corresponding position and was visible to the
participants.
After observing the three demonstrations, identical settings with
the same three pre-defined speeds were shown again but in a random
order. This time, the speed of the ball was not explicitly provided
to the participants. Instead, the participants were asked to move the
slider using their controller to indicate the corresponding speed. If
participants did not answer correctly, they were asked to repeat the
trial again. If participants failed the second time, they did not proceed
to the next part of the experiment. In the real experiment, everyone
answered this part correctly after the first or second time. Therefore,
every participant proceeded to the next part of the experiment.

Similar to Experiment 1, participants completed 6 different training
trials, one for each distance-height combination. The task, however,
differed in that participants triggered the ball’s movement by indicating
their speed rating on a virtual slider rather than striking the virtual ball
with their controller. In each of the training trials, the trajectory of the
ball was displayed after leaving the horizontal track.
Testing Session In the testing session, a track and a target were
shown at 12 different height-distance combinations (same combinations
as Experiment 1). However, in Experiment 2, after participants selected
a speed on the slider, the trajectory of the ball was not displayed after
leaving the horizontal track. Hence, no visual feedback was provided to
the user by the VR system in Experiment 2. This was done to minimize
rapid learning based on previous testing trial outcomes.
Results We carried out the same analysis in Experiment 2 as in
Experiment 1. We first performed a 3 × 3 × 4 (Gravity × Height ×
Distance) ANOVA at the α = 0.05 significance level to determine
whether participants’ speed ratings depended on the magnitude of gravitational acceleration, the height of the track, and the distance between
the track and target. The three-way interaction term was not significant
(F[12, 684] = 0.53, p = 0.896). Results from the ANOVA indicate significant main effects of gravity (F[2, 684] = 69.35, p < .001), height
(F[2, 684] = 787.81, p < .001), and distance (F[3, 684] = 105.08, p <
.001) which agrees with Experiment 1’s results. We found significant
two-way interactions between gravity and distance (F[4, 684] = 4.61,
p = .001) but gravity did not interact with height (F[6, 684] = 0.60,
p = .733). Interestingly, we found a significant Height × Distance
(F[6, 684] = 14.06, p < .001) interaction in Experiment 2, which agrees
with the ground-truth model and previous findings in the real-world
environment [21]. Fig. 4 depicts the mean estimated speed for different
distance-height combinations under three different gravity fields. The
influence of speed and distance on human speed estimation appears to
qualitatively vary across the four track heights, as evident in the significant Distance × Height interaction. Furthermore, the relationship
also appears to vary across the three gravity fields, as evident in the
significant Gravity × Height interaction.
Running a random effects ANOVA with two-way interactions, we
found there was not a significant effect of participant on speed rating (F[19, 544] = 1.59, p = .083). The interaction between gravity and participant (F[38, 544] = 5.57, p < .001), distance and participant (F[38, 544] = 4.34, p < .001), and height and participant
(F[57, 544] = 1.91, p < .001) were significant. These findings appear
to imply larger individual differences in perceived gravity, distance,
and height in the speed judgment task as opposed to the direct action

Table 1: Linear relationships between human estimated speeds and
speeds predicted by the ground-truth model in Fig. 2 and Fig. 4, where g
denotes ground truth gravity field (1.0 means 1.0g = 9.8m/s2 ), h(cm) is
the height of the track, sgt is the ground truth slope, s1 is the regression
coefficient of the data collected in Experiment 1, σs1 is the standard
deviation for the produced speeds in Experiment 1, s2 is the regression
coefficient for the speed ratings in Experiment 2, and σs2 is the standard
deviation of the data collected in Experiment 2.
g
1.5
1.5
1.5
1.5
1.0
1.0
1.0
1.0
0.5
0.5
0.5
0.5

h
20.0
45.0
70.0
95.0
20.0
45.0
70.0
95.0
20.0
45.0
70.0
95.0

sgt
0.0606
0.0404
0.0324
0.0278
0.0495
0.0330
0.0265
0.0227
0.0350
0.0233
0.0187
0.0161

s1
0.0251
0.0123
0.0249
0.0211
0.0334
0.0258
0.0170
0.0199
0.0185
0.0159
0.0125
0.0119

σ s1
0.1097
0.0677
0.0642
0.1069
0.2396
0.1919
0.0865
0.2077
0.0836
0.0222
0.0856
0.1157

rs21
0.9692
0.9522
0.9890
0.9589
0.9212
0.9157
0.9586
0.8468
0.9669
0.9967
0.9280
0.8641

s2
0.0537
0.0485
0.0405
0.0344
0.0518
0.0379
0.0357
0.0307
0.0449
0.0401
0.0289
0.0287

σs2
0.2762
0.1161
0.0916
0.0306
0.2665
0.0243
0.0452
0.0454
0.2081
0.2668
0.0422
0.0936

rs22
0.9577
0.9905
0.9916
0.9987
0.9577
0.9993
0.9973
0.9964
0.9655
0.9314
0.9965
0.9825

task.
Regression Analysis We examined the linear relationship between participants’ speed ratings and the ground-truth speed as depicted in Fig. 5. The regression analysis again shows a strong linear
relationship between the two speeds under each gravity field. The slope
under earth’s gravity is 1.0, indicating that participants were highly
accurate when triggering a ball to move toward a target location in a
familiar environment. The slope in the 1.5g environment is less than
1.0, and the slope in the 0.5g environment is greater than 1.0, indicating
that participants under- and overestimated speed in each respective
environment when action was not involved. These findings suggest
that participants’ beliefs about gravitational acceleration in the 1.5g
and 0.5g environments were biased toward earth’s gravity field when
they were asked to mentally estimate the speed rather than physically
performing the action. Note that humans underestimated speed under
all gravity fields in Experiment 1. However, in Experiment 2, humans’ rated speeds under unfamiliar gravity fields showed a strong bias
toward earth’s gravity and even showed a slope of 1.0 under earth’s
gravity. The discrepancy between the two experiments is likely due to
more implicit reasoning involved in Experiment 1’s direct action task
and more explicit reasoning based on low-level physical knowledge in
Experiment 2’s speed judgment task.
Next, we performed a linear regression analysis to quantify how
speed rating varies as a function of distance under each gravity field.
Calculated regression coefficients and their corresponding standard
errors for Experiment 2 are reported in Table 1. The mean percent
error between the ground-truth slope and the human slope from the
regression analysis was 20.0%, 22.4%, and 58.3% for the 1.5g, 1.0g,
and 0.5g environments, respectively. The speed-distance slopes for
all track heights in the 0.5g environment were greater than the corresponding ground-truth slope, suggesting a bias toward earth’s gravity.
In the 1.5g environment, however, the speed-distance slope exceeded
the ground-truth slope for three of the four track heights. This appears
to indicate a bias away from (rather than toward) earth’s gravity field,
which disagrees with results from the regression analysis comparing
human speed ratings to ground-truth predictions in Experiment 2. However, this discrepancy needs to be interpreted cautiously since humans
showed much larger variability in the 1.5g environment. Specifically,
participants were increasingly inconsistent when the track was rendered near to the ground in the 1.5g environment, as evident in the large
standard errors on the corresponding regression coefficients.
Comparison with Original Paper Results from Experiment 2 are
in agreement with Krist et al.’s previous findings [21]. The ANOVA
results for participants’ speed ratings showed the expected results, including significant main effects of height and distance and a significant
interaction between the two variables. However, in the explicit reasoning task, we also noticed a strong bias toward earth’s gravity field,
which suggests the use of low-level, common-sense physical knowledge
that over-generalized to novel situations.

3.3 Experiment 3: Contact Location Prediction
Our third experiment was designed to examine the human ability to
predict the contact location of a projectile’s trajectory under familiar
and unfamiliar gravity fields. The ball’s trajectory was briefly displayed
and then occluded prior to measuring participants’ predictions. Thus,
participants were required to extrapolate projectile motion according
to limited visual input. The aim of the present experiment was to
determine the reasoning strategies people employ when predicting
future projectile locations: do people propagate spatially represented
objects forward in time using a mental simulation engine, or do they
rely on more explicit reasoning strategies?
Experiment Setting As illustrated in Fig. 1c, the virtual environment in Experiments 3 and 4 consisted of a tilted laser beam, a
launching platform suspended in the air (height = 3 meters), and a
white ball (diameter = 0.08 meters, friction coefficient = 0) resting on
top of the platform. The angle between the laser beam and the ground
was 45°, and the horizontal distance between the bottom of the laser
beam and the platform was 3 meters. In the experiment, the white
ball moved horizontally with a random initial velocity, and the ball
disappeared 0.2 seconds after leaving the platform. Participants were
asked to predict the location on the laser beam where they believed the
ball would make contact. The trajectory of the ball always intersected
with the laser beam. The reason for choosing a specified orientation
for the laser beam was to ensure that participants accounted for gravity
when estimating the flight duration of the ball in the Experiment 4
(see Sect. 3.4).
Training Session At the beginning of each experiment, participants were shown one full trajectory of a ball moving from the launching platform to the contact location on the laser beam. A second ball
was then presented with the same initial speed but disappeared 0.2
seconds after leaving the platform. Participants were then asked to use
their controller to indicate where the ball would make contact with the
laser beam. The training session was designed to familiarize participants with the controller and the task procedure. Participants were
not provided with any feedback on the true contact location nor the
accuracy of their decisions.
Testing Session In the testing session, participants were presented
with 10 testing trials in a randomized order. In each trial, the ball moved
with a different initial speed and disappeared 0.2 seconds after leaving
the platform. Participants were then asked to predict the contact location
on the laser beam. The location indicated in the virtual environment
served as the location prediction measurement for each participant. No
feedback was given following each response.
The experiment was conducted under three different gravity fields
(1.5g, 1.0g, and 0.5g). The initial speed of the ball, s, for each trial was
calculated using the following expression:
s=

tan(π/2) × h
p
,
2h/g0

(3)

where g0 is the gravitational acceleration and h is the height of the contact location on the laser beam. Height was selected from 10 different
values: 1.07, 1.17, 1.25, 1.31, 1.37, 1.42, 1.48, 1.54, 1.62, and 1.72
meters. These values were chosen from a Gaussian distribution such
that the true contact points were denser in the middle and sparser on
both ends of the laser beam. Experiments under different gravity fields
shared the same set of heights but in different (randomized) orders.
Results We conducted an ANOVA on the percent error
between participants’ predicted contact locations
Hh and the corresponding ground-truth value Hgt for each height condition. Results from the ANOVA indicate that the error was not
significantly influenced by different gravity fields (F[2, 597] = 0.33,
p = 0.717). There was a significant influence of height on the percent
error (F[9, 597] = 4.34, p < .001).

|H −H |
( hHgt gt ) × 100%)

Trajectory Models To determine how participants predicted the
end point of the trajectory, we compared human performance to four
different geometric models. Each model served as a separate hypothesis
for predicting the trajectory contact location. Human predictions were
compared to each candidate hypothesis.

• Linear. The linear model served as a baseline model with the simplest form of contact location prediction.
• Parabola under current gravity. The parabola under current gravity model provided the ground-truth contact location for the trajectory
in the current environment: 1.5g, 1.0g, or 0.5g.
• Parabola under earth gravity. Considering that participants might
have had a bias toward earth’s gravitational acceleration, we compared each prediction to the contact location for the parabolic trajectory in the earth environment: 1.0g.
• Circle. Considering that people have rich experiences with circular
motion in daily life, one possible hypothesis is to interpret the observed trajectory components as part of circular object movement.
We compared human predictions to the contact location for a circular
trajectory.
Trajectory Model Results To test the candidate models, we fit
each trajectory to sampled points from the initial 0.2 seconds of the
trajectory and computed the mean squared error (MSE) between each
model’s predicted contact location and human responses. To fit each
model, we sampled 10 equally spaced points from the first 0.2 seconds
of the observed trajectory. Model parameters were then computed to fit
the 10 sampled points such that the MSE was minimized. For the circle
model, the least squares method determined a local MSE minimum
for the circle’s center and radius. The initialization of the parameters
influenced the estimated results, so we swept through 20 different
circle centers and 30 different radii (600 parameter combinations) for
the initialization and picked the parameters that corresponded with
minimum MSE.
Fig. 6 depicts the contact locations predicted by each candidate
trajectory model and human contact location predictions in each environment. Results indicate that humans are remarkably accurate at
predicting contact locations given the initial 0.2 seconds of a projectile’s trajectory. Comparing predictions from the four candidate models,
the parabola under current gravity (ground-truth) model provided the
best quantitative fit to human contact location predictions under each
gravity field (see Table 2). The average MSE across environments
was approximately 10 centimeters, which is fairly accurate given that
the cross-section of the Vive controller—which participants used to
indicate their contact location predictions—was 11.7 centimeters × 8.3
centimeters. There was no observed bias toward the parabola under
earth gravity model in either of the unfamiliar environments (i.e., 1.5g
and 0.5g) The present analysis shows that humans can successfully
predict future trajectory locations based on limited visual input, and this
ability is not hindered in novel physical environments with non-earth
gravity fields.
Note that Experiment 3 was different from Experiments 1 and 2 in
both the visual inputs provided to participants (e.g., the laser beam,
platform, etc.) and its corresponding task demands. Recall that the
first two experiment settings were always presented to participants
prior to Experiments 3 and 4. Thus, the experimental design made it
possible for participants to generalize knowledge about gravity from
the first two experimental settings to later experiments since they were
informed that all four experiments in each block shared the same gravity
field. However, we found that participants showed a global bias toward
contact locations predicted by the linear trajectory model. If participants employed a prior belief that the gravity field in an environment
should correspond with that on earth, one would expect a bias toward
the contact locations predicted by the parabola under earth gravity
model in each of the unfamiliar environments. This result suggests
that participants may have employed explicit, perceptual knowledge
(e.g., spatial location and velocity) when making their contact location
predictions (i.e., prior beliefs about gravitational acceleration did not
appear to weigh into participants’ contact location predictions).

Table 2: Mean squared error (in meters) of each candidate trajectory
model in Experiment 3.
Gravity \ Model
1.5g
1g
0.5g

Circle
0.88
0.90
0.98

Line
1.14
1.26
1.51

Parabola
0.07
0.12
0.10

Earth Parabola
0.46
0.12
1.03

3.4 Experiment 4: Flight Duration Estimation
The fourth experiment was designed to study the human ability to estimate the flight duration of a projectile under familiar and unfamiliar
gravity fields. Unlike in Experiment 3, the purpose here was to analyze
human time estimation (rather than spatial location prediction) given occluded projectile motion. The aim of the present task was to determine
the reasoning strategies people employ when estimating the duration
of physical events: do people estimate flight duration using explicit
reasoning strategies, as suggested in Experiment 3? Alternatively, do
people rely on implicit reasoning strategies (e.g., mental simulation)
when performing the temporal task?
Experiment Setting The design of Experiment 4 was similar
to that of Experiment 3. However, instead of predicting the contact
location of the projectile, participants were instructed to click the trigger
on their controller when they believed the occluded ball made contact
with the laser beam. The laser beam in Experiment 4 was tilted at a
45° angle, identical to the previous experiment. The laser beam was
tilted to ensure participants accounted for gravity when estimating
flight duration: i.e., if the laser beam was horizontal, the flight duration
would remain constant across trials in a given environment. Moreover,
if the laser beam was vertical, flight duration would only depend on the
horizontal velocity of the projectile.
Training Session At the beginning of each experiment, participants were presented with one full trajectory of the ball with an unknown initial speed. Participants were instructed to click the controller
once the ball made contact with the laser beam. If participants clicked
more than 0.05 seconds earlier or later than the true contact time, they
were asked to repeat the trial with the same initial speed until they
responded within the 0.05 second window. In the second practice trial,
participants were presented with another ball with the same initial velocity and were asked to click the trigger when they thought the ball
contacted the laser beam. This time, participants were not given feedback, and the ball disappeared 0.2 seconds after leaving the platform.
Similar to Experiment 3, the training session was designed to familiarize participants with the controller and flight duration estimation task.
The initial speed used in the training session was not observed in the
testing session.
Testing Session In the testing session, participants were presented
with 10 testing trials with different initial speeds and were asked to
click the button on the controller once the ball made contact with the
laser beam. The ball disappeared 0.2 seconds after leaving the platform
in each testing trial. The heights of the contact locations were chosen
from the same set of heights as in Experiment 3. After each prediction,
participants were not provided with feedback regarding the groundtruth flight duration nor their accuracy. Flight duration measurements
for each participant were determined by subtracting the time the ball left
the platform from the response time indicated by participants on their
controllers. The experiment was conducted under the three different
gravity fields employed in the previous experiments: 1.5g, 1.0g, and
0.5g.
Results In order to examine the effect of gravity on participants’
flight duration estimates, we conducted an ANOVA on participants’
flight duration errors (i.e., the difference between participants’ estimated flight durations and the ground-truth flight durations) in each
trial. Results from the analysis revealed a significant main effect of
gravity (F[2, 597] = 6.99, p = 0.001). The present results indicate
that participants accounted for gravitational acceleration when reasoning about the flight duration of an occluded projectile. Table 3
provides participants’ mean flight duration error across height and
gravity conditions. As indicated in the rightmost column of the table,
participants’ flight duration estimates were biased toward flight durations under earth’s gravity: i.e., flight duration estimates were over- and
underestimated in the 1.5g and 0.5g environments, respectively. Thus,
participants’ flight duration estimates were biased toward earth-gravity
flight durations in the unfamiliar (1.5g and 0.5g) environments.
4 C OMPARISON BETWEEN E XPERIMENTS
4.1 Comparison of Experiments 1 and 2
In both Experiments 1 and 2, participants took into consideration all
three experimental parameters (i.e., gravity, height, and distance) when

Fig. 6: Contact locations predicted by the four candidate trajectory models in Experiment 3. The black dots on the top right corner indicate the
10 sampled points from the initial 0.2 seconds of each trajectory. The oblique line represents the laser beam, and the horizontal line represents
the ground. The red dot on the laser beam indicates participants’ mean contact location predictions. Each row depicts results for a different
environment: 1.5g, 1.0g, and 0.5g (top to bottom). Each column indicates a different platform height: 1.07, 1.31, 1.48, and 1.72 meters (left to
right).

propelling a ball off of a track onto a target location. The ANOVA
in both experiments showed interaction effects between gravity and
distance but did not show a significant interaction between gravity and
height. One interesting difference between the results of Experiments 1
and 2 is that the ANOVA on produced speed in Experiment 1 showed a
marginally significant interaction between distance and height, while
the ANOVA for Experiment 2 reported a significant result in agreement
with previous findings [21]. As mentioned previously, this may have
been due to participants significantly underestimating the weight of
the projectile ball due to the absence of haptic feedback in Experiment
1. Alternatively, the distance in Experiment 1 may have been underestimated in each environment due to the use of a tool (i.e., a Vive
controller). This would be consistent with previous reports that tool
use can reduce perceived distance [44].
Comparing the present results with those from the adult group in [21],
we found that the distance versus speed rating relationship qualitatively
agrees between the VR experiment and previous work in the real-world
situation: both experiments revealed a strong linear relation between
speed estimates and distance, and people’s speed ratings varied across
different levels of height. However, we found that participants’ produced speeds were slower than they should have been according to the
ground-truth physical model in each environment, leading to a somewhat nonlinear trend between produced speed and distance. In Krist et
al.’s original study, participants physically pushed a ball along a track to
propel it toward indicated target locations [21]. Thus, participants could
adjust their force input—and associated produced speeds—during the
testing phase to match their ideal target speed. In the present experiment, participants hit a virtual ball with a second ball (corresponding
to the Vive controller’s location) in an instant and received no haptic feedback: i.e., they were missing an informative variable in their
perceptual-motor representation. This lack of sensorimotor feedback
might have made it harder for participants to monitor and adjust the

magnitude of their input in real time and perhaps caused them to produce speeds that were biased toward a “moderate” magnitude. This
uncertainty in sensory input might have given rise to the nonlinear relationship between produced speed and distance observed in the virtual
environment in Experiment 1.
4.2 Comparison of Experiments 3 and 4
To compare participants’ contact location predictions and flight duration
estimates in the last two studies, we further inferred the height of the
contact location of the ball according to the flight duration estimates in
Experiment 4 using the following expression:
Hin f er = 3 − 0.5 × g0 × t 2 ,

(4)

where Hin f er is the inferred height of the contact location, 3 is the
initial height (in meters) of the ball, g0 is the gravitational acceleration
in the environment, and t is the flight duration estimate for each participant. The mean difference, δHin f er , between the inferred height and the
ground-truth contact location across trials is presented in Table 4. In
each environment, the inferred contact location error from Experiment
4 was at least double the contact location error measured in Experiment
3. If people were using the same reasoning strategy in both tasks, one
would expect equivalent magnitudes of error. This suggests that participants did not employ the same reasoning strategy in the the contact
location prediction (spatial processing) and flight duration estimation
(temporal processing) tasks. Hence, when examining and comparing
human behavior across various intuitive physical tasks, it is important
to carefully examine the type of processing involved in specific tasks.
5 C ONCLUSION AND F UTURE W ORK
The present work examined human performance in two projectile motion paradigms using state-of-the-art VR technology to produce artifi-

Table 3: Difference between mean flight duration estimates and the ground-truth (earth-gravity) flight duration (in ms) in Experiment 4. For each
environment (1.5g, 1.0g, and 0.5g), the first row indicates the difference between participants’ mean flight duration estimates and the ground-truth
flight duration. The second row indicates the difference between participants’ mean flight duration estimates and the flight duration under earth’s
gravity. Positive and negative values indicate over- and underestimation, respectively. Height is in meters.
Gravity \ Height
1.5g
1.0g
0.5g
-

1.72
42.88
15.42
38.73
25.83
123.27

1.62
52.23
21.68
43.54
-10.68
95.56

1.54
22.62
-10.44
10.89
-47.44
65.82

1.48
25.99
-9.01
14.71
-36.42
82.08

1.42
38.59
1.65
55.31
-12.20
111.56

cial physical scenarios. We assessed human performance under natural
and unnatural gravity fields in replicated ( [21]; Experiments 1 and
2) and novel (Experiments 3 and 4) settings and systematically examined gravitational effects on human performance. Results in the
virtual environment from Experiments 1 and 2 were qualitatively in
agreement with previous findings in the real world, although the linear relationship between speed and distance was more pronounced
in the speed rating (perception-only) task compared to the direct action (perception-for-action) task. Results demonstrate a strong relationship between produced/rated speeds and target distance, and this
linear relationship varied across gravity fields (in accordance with the
ground-truth relationship). This indicates that participants consistently
attended to gravitational acceleration when producing and rating speeds.
Mean speed rating errors were negative in the 1.5g setting and positive in the 0.5g setting, indicating that participants’ representations
of gravitational acceleration were biased toward earth’s gravity in our
perception-only task. This finding reinforces the hypothesis that people
infer the physical behavior of their environment by combining noisy
perceptual inputs with Newtonian principles given prior beliefs about
represented variables [33]: e.g., gravity. The present results provide
evidence that humans hold a strong prior belief about gravitational
acceleration which appears distributed around earth’s gravitational acceleration (≈ 9.8 m/s2 ) and leads to apparent biases in their physical
intuitions.
The tasks in Experiments 1 and 2 appear drastically different in their
cognitive demands, as evident in the qualitative differences between
their speed-distance relationships: i.e., the nonlinear trend in Experiment 1 deviates from the ground-truth model and previously reported
findings [21]. Furthermore, research in intuitive physics would predict
superior performance in the speed production task due to its concrete
task domain [18–20, 40]. One key difference in the speed production
task, however, is the role of motor input and haptic feedback in producing desired projectile speeds for each experimental trial. In the VR
environment, no haptic feedback was provided following propulsion
of the ball. Thus, the strength of each hit (manifested in participants’
perceptual-motor representations) was inferred rather than directly perceived as is generally the case in daily life. This discrepancy introduces
additional uncertainty into the physical environment, which in turn biases the inferred forces toward some prior belief or expectation. Based
on these findings, future work in VR environments should work toward
providing haptic feedback about experienced forces (perhaps by administering vibrations of variable intensity or other low-level sensory cues;
see [7]) in order to create an environment with multisensory input that
is more consistent with the real world.
Participants were reasonably accurate, however, when reasoning
about future trajectory locations in the subsequent experiments, where
they were no longer required to provide motor input to the virtual en-

Table 4: Mean error of inferred contact location (converted from flight
duration estimates in Experiment 4) and predicted contact location
(from the results of Experiment 3) in each environment.
Gravity
1.5g
1.0g
0.5g

δHin f er (m)
0.26
0.24
0.31

δHpredict (m)
0.07
0.12
0.10

1.37
-7.65
-46.23
-38.06
-39.93
88.18

1.31
-25.04
-65.61
-16.32
-90.63
42.70

1.25
14.95
-27.62
-3.13
-98.99
39.54

1.17
17.14
-28.15
-41.42
-31.24
114.20

1.07
32.91
-15.81
-33.50
-46.69
107.35

mean (ms)
21.46
-16.41
3.07
-38.84
87.03

vironment. Furthermore, we found that participants’ time judgments
were biased toward those that would be expected under earth’s gravity,
although their location predictions were remarkably accurate. Unlike
their flight duration estimates, participants’ location predictions did
not vary significantly across gravitational fields. Our results imply that
participants may infer flight durations by reasoning about each trajectory outside of perception. This strategy was mentioned in subjective
reports from some participants that they formed their time estimates by
adjusting their gaze according to where they thought the ball should
be) following occlusion. This strategy agrees with results from physical simulation models, where future physical states are propagated
forward in time, given prior beliefs about observable and hidden variables [4, 5, 12], specifically gravity in the present case. Similar to
findings from Experiments 1 and 2, responses were once again biased
toward what would be expected under earth’s gravitational field.
However, participants did not appear to adopt a simulation approach
to reason about the locations at which the balls contacted the laser
beam. Since simulations occur in real time, using a simulation heuristic
to predict a future location would be pointless: i.e., future physical
states would not be determined until they actually happened. Naturally, a baseball player catching a fly-ball does not need much time
to move to where he predicts the ball will land. Instead, the location
prediction task appears explicit, relying on perceptual cues and prior
knowledge that objects tend to move along parabolic trajectories under
gravity. Participants in the present study upheld this belief, although
their responses were consistently biased (but only slightly) toward the
linear trajectory. This agrees with previous findings in the intuitive
physics literature, where people can accurately predict the end location
of a trajectory, although they are less accurate when explaining the
trajectory on pencil-and-paper tasks [40].
Taken together, the results in the present work demonstrate that
humans maintain an impressive ability to habituate to novel physical
environments and appear unhindered in predicting future locations of
observed trajectories across varying gravitational fields. Our results
suggest that humans on a mission to Mars would have minimal difficulty adapting to new gravities, and we conjecture that people’s biases
toward Earth’s gravitational field would diminish over time through
learning. We also suspect that this bias would be lessened in the real
world since people would feel the weight of their bodies change across
environments. Future work should aim to further explore this bias,
perhaps by weighing down participants’ bodies in gravity fields greater
than earth’s.
Our experiments provide a set of physical reasoning problems that
lend themselves to varying degrees of spatial representation: i.e., participants appeared to represent latent gravitational acceleration in Experiments 1, 2, and 4 but relied on observable position and velocity in
Experiment 3. Such representations can be modeled according to noisy
human perception, and future work should aim to determine whether
associated probabilistic simulation approaches match well to behavioral measurements. In addition, the present work—unlike Krist et al.’s
previous study [21]—did not explore performance across age groups.
It would be interesting for future work to determine how different age
groups (e.g., children and the elderly) habituate to novel virtual gravity
fields.
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