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Abstract

Tangible interactions involve multiple sensory cues, enabling the
accurate perception of object properties, such as size. Research has
shown, however, that if we decouple these cues (for example, by
altering the visual cue), then the resulting discrepancies present
new opportunities for interactions. Perception over time though,
not only relies on momentary sensory cues, but also on a priori
beliefs about the object, implying a continuing update cycle. This
cycle is poorly understood and its impact on interaction remains
unknown. We study (N=80) visuo-haptic perception of size over
time and (a) reveal how perception drifts, (b) examine the effects
of visual priming and dead-reckoning, and (c) present a model of
visuo-haptic perception as a cyclical, self-adjusting system. Our
work has a direct impact on illusory perception in VR, but also
sheds light on how our visual and haptic systems cooperate and
diverge.
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1 Introduction

Humans integrate cues across multiple sensory modalities in order
to understand the world around them [29]. When you walk into a
new room, visual cues give you the rough spatial layout, thermal
cues let you know the heating is on, and audio cues might inform
you that there is machinery around the corner. Together, this in-
formation combines into a more detailed, perceptual model of the
space.

This work is licensed under a Creative Commons Attribution 4.0 International License.
CHI ’26, Barcelona, Spain

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2278-3/2026/04

https://doi.org/10.1145/3772318.3791140

Wafa Johal
University of Melbourne
Melbourne, VIC, Australia
wafa.johal@unimelb.edu.au

Jarrod Knibbe
The University of Queensland
St Lucia, QLD, Australia
j-.knibbe@ugq.edu.au

Not only is integration important for our understanding of the
world, but also for our ability to act within it. Visual cues can pro-
vide information about an object’s location and size, for example,
but accurate and controlled interaction also requires detailed in-
formation about weight and mass distribution (among many other
things), requiring, at least, the addition of tactition and kinaesthe-
sia [41, 43].

Research has shown that there are exciting opportunities for new
interactions and experiences when designers actively introduce con-
flicting sensory cues. For example, by decoupling visual and haptic
feedback, the rubber hand illusion can make participants believe
that a fake rubber hand is their actual hand [8]. This works by si-
multaneously stroking the participant’s real hand and a dislocated
rubber hand, thereby matching the tactile stimuli while introducing
an offset error through both the visual and proprioceptive stimuli.
For interaction, these visuo-haptic illusions have proven popular in
virtual reality, for example, to alter users’ reaches through haptic
retargeting [1], or to alter their grasps through resized grasping [4].

These perceptual illusions, however, only work within a fairly
limited scope. As a result, much research effort is given to investi-
gating and understanding perceptual limits for these interactions
(e.g., [1, 4, 52]). For example, haptic retargeting illusions have been
shown to work up to approx. 15° around an arc to the left/right of
a virtual object [14], and grasping illusions work up to approx. 17%
just noticeable difference for 6cm objects [52].

Work in sensorimotor neuroscience and cognitive psychology
tells us about multiple important mechanisms of perception that
come to inform these limits. For example, we know that the per-
ceived reliability of sensory information changes [19], and that
multi-sensory cues are integrated according to functions similar to
maximum-likelihood estimators [18]. We also know that sensory
memory impacts our estimations about objects (i.e., the results of
our integrated perception) through processes such as cue integra-
tion theory [21]. And research has also found closed-loop processes
between perception and interaction in motor adaptation [18, 49],
indicating a changing process of cognition and behaviour.

Existing work in HCI has begun to discuss how different patterns
of movement and interaction may impact the reliability of different
perceptual channels (e.g., [14]), but little attention has been given
to sensory integration and memorisation over time. Previous explo-
rations of illusory limits were estimated either within a short time
duration of use (e.g. approximately 10 minutes for each physical
object in the resized grasping estimation [4]) or in an experimental
context where the participants have almost no knowledge about the
appearance and mechanism of the haptic proxies [4, 26], drastically
impacting the available prior sensory information. We do not know,
however, how continued illusory perception (i.e., perception of mis-
matched multi-sensory cues) compounds - do visuo-haptic illusions
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continue to work over time? We also do not know how momentary
sensory realignment impacts object perception — what happens to
an illusion when a user sees the actual proxy device? The answers are
vitally important in prolonged haptic interactions and meaningful
for understanding human cognition.

We study visuo-haptic perceptual conflict resolution, specifically
considering the effects of time (as acclimation, through prolonged
use) and knowledge of the haptic device (through select visual prim-
ing). We conduct one-hour user studies in VR, during which we
vary either the visual cue (with a passive haptic device) or both the
visual and haptic cues (with an active, shape-changing device). We
designed a device that dynamically alters its size between 6cm and
8cm. We ran multiple forced choice tasks to estimate the perception,
alongside acclimation games to simulate continued exposure and
practice with the device. We controlled the participant’s view of
the device, either never revealing it (non-priming), or revealing the
true device (true visual priming) or a false device of a different size
(misleading priming) at certain times. We recruited 80 participants
and divided them into 4 groups with conditions of (1) non-priming
fixed-size device, (2) non-priming size-changing device, (3) fixed-
size device with correct visual priming, and (4) fixed-size device
with a misleading visual priming.

Based on our empirical results, we make the following claims:

e Perception drifts over time and the size is increasingly over-
estimated for passive objects, following a curve to a local
asymptote

e Active, shape-changing devices skew subsequent size percep-
tion differently to passive objects. The perceived size drifts to
be underestimated when the physical size actively shrinks.

e Visual priming sets a more accurate initial perception and
reduces perceptual drift across a whole experience

o Intermittent visual priming serves as a form of dead-reckoning,
resetting perception towards that prime

e Sensory integration can be modelled as a first-order control
system, wherein the perceptive discrimination works as an
amplifier and the feedback loop is influenced by confidence
in the perception

These claims (as contributions) have important implications for
tangible interactions. First, they begin to describe what we should
expect if we deploy visuo-haptic illusions, such as resized grasp-
ing [4], over time. Second, they reveal how selective priming and
dead-reckoning may enable designers to skew or reset perception
at key moments. And third, they provide early insights into what
users come to believe about tangible interactive objects when their
vision is directed away from it.

2 Related Work

Mismatched visual and haptic cues can easily occur in scenarios
with screens and head-mounted displays. This can happen acci-
dentally, such as a result of tracking errors and latency causing
spatial misalignments between visual cues and their physical, hap-
tic counterparts. But it can also be leveraged purposefully, through
the design of specific haptic devices and visuals, that induce mis-
matches for novel experiences and opportunities. Integral to this
opportunity, however, is an understanding of how visuo-haptic
cues are perceived and integrated by users.
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We review recent literature on haptic devices and highlight how
visuo-haptic illusions are being leveraged and understood.

2.1 Haptic Devices

Efforts to deliver high-resolution haptic feedback have led to the
development of a variety of tangible devices targeting immersive
interaction, especially in VR. Recent advances have largely concen-
trated on wearable and handheld formats. Representative examples
include wearable systems for grasping rigid forms [11, 12], objects
changing geometry features [26], and complex shapes via multi
degree-of-freedom mechanisms [33]. However, these devices often
face challenges of being complex, cumbersome, and costly.

By contrast, grounded haptic systems (particularly those of
encounter-type interfaces) can offer feedback only when necessary,
leaving users hands free. Commercial products such as the Touch!
and Omega®, as well as research prototypes like inFORM [22],
ShapeShift [45], and REACH+[23], are examples of such devices
enabling different interactions. These platforms are capable of deliv-
ering highly detailed feedback but similar to the wearable devices,
their complexity, cost, and infrastructural requirements limit their
accessibility for everyday interaction.

As a result, research has also been exploring passive haptic tech-
niques with simple designs or daily accessible objects. For example,
by leveraging only simple geometric building blocks, HapTwist
demonstrated a range of complex haptic objects [55]). Another
popular avenue has been to use everyday objects, in concert with
visuo-haptic illusions to, e.g., haptically render objects of different
sizes [4] and in different locations [1].

2.2 Visuo-Haptic Illusions

Usually, visual and haptic stimuli match and integrate with each
other to form a perception of reality in interactions such as touch-
ing and grasping. In scenarios such as extended reality, however,
tangible interaction often features a decouple and recouple process
of the visual and haptic cues by blocking the real vision and ren-
dering a virtual one. These visuo-haptic discrepancies, if tightly
controlled, can create new experiential and interactive opportuni-
ties. The rubber hand illusion [8], for example, introduces a spatial
discrepancy between the user’s real hand and a fake rubber hand
that, combined with synchronous visual and tactile cues, allows
the user to perceive body-ownership of the fake hand.

Research in this space continues to develop and expand the
boundaries of these illusions. Much of the work on visuo-haptic
illusions has focused on two primary purposes: illusions of where
the object is, or what the object is.

Ilusions of where have been heavily influenced by redirected
touching [35] and haptic retargeting [1]. These illusions seek to
guide the user’s physical hand towards a proxy object that is spa-
tially decoupled from its virtual counterpart. Examples have demon-
strated redirect controller buttons [25, 50], enabled users to grab
objects placed around them [14], and attempted to retarget random,
unscripted reaches [13]. From work on these illusions, we have
come to understand the spatial haptic coverage of a physical object
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- the area within which it can provide haptic feedback for virtual
objects [15].

Illusions of what the object is largely explore the extent to which
one physical object can feel like another. In addition to the devices
that can directly alter the physical size stimuli (e.g. CLAW [12],
X-Rings [26], etc.), applications of illusions aim to convince users
they are interacting with an object with one property (for example,
a heavy hammer), while they in fact interact with an object with
a different property or, at least, with an object with a different
magnitude of that property (e.g., a lightweight bottle).

In a visuo-haptic system, simple physical devices can express
various shapes with edges, curves, and surfaces [2, 3]. The method
was further developed by Zhao et al. [54] to extend haptic retar-
geting to complex, arbitrary shapes. Bickmann et al. [7] showed
that haptic feedback can be created by illusion without grasping
any physical prop and developed a haptic illusion glove that can
provide haptic feedback for various virtual objects such as a cup, a
hammer, and a water can. Yang et al. [48] demonstrated that the
illusion of size change could be induced not only through direct
hand interaction, but also when manipulating virtual tools such as
chopsticks. In many of these applications, the illusion-based tangi-
ble interaction often relies on visual distortion to alter perception.
Kim et al. [34] introduced a fixed-size haptic controller that uses
finger repositioning to create the illusion of dynamic size change.
This allows users to perceive changes in object size with proper
visual feedback. Furthermore, illusions have been used to simulate
factors in interaction such as geometry [46], weight [51], force feed-
back [39], stiffness [44] and texture [9]. The research community
has developed the approaches described above to either induce or
exploit visuo-haptic illusions. Consequently, the underlying mech-
anisms and characteristics of these illusions (e.g., their limits) have
also attracted much attention.

2.3 The Mechanism of Visuo-haptic Illusions
and Adaptation

Modern theories describe our cognition and understanding of the
world around us as a predictive process. That is, our brains make
predictions about the world around us, based on expectations, and
our previous experience and knowledge. These predictions are then
compared to the information we receive through sensory cues, and
subsequently updated and corrected in a closed-loop adaptation
process [16, 29].

In cognitive science, research explains this adaptation as an ac-
tive process where humans adjust their perception and behaviour
to improve each other. Sensory inputs, while being noisy or unreli-
able sometimes, are processed by the brain in a fashion similar to a
maximum-likelihood integrator, which can variously weight and
attenuate different cues to update our perception [6, 18, 36].

Based on this adaptation and integration of multi-sensory cues,
several studies have attempted to model the patterns of the visuo-
haptic illusions and accordingly proposed hypothetical theories.
For the size perception, Zhang et al. [53] has described a simple
linear pattern of perceived size increasing with the virtual size
in augmented reality. Similarly, Bergstrom et al. [4] built a model
indicating that illusions are more easily detected when objects are
larger. Zhang et al. [52] further built a multi-dimensional model of

CHI *26, April 13-17, 2026, Barcelona, Spain

the interaction of size and angle in visuo-haptic perception. These
models focused on the impacts of the physical properties and human
biological features (e.g. hand sizes) on the visuo-haptic illusions.

Furthermore, more complex models have been proposed in re-
lated tasks such as haptic retargeting. Gonzalez et al. [24] recently
proposed a control process with an internal motion controller up-
dating the hand state in a closed-loop system in haptic retargeting.
Based on this model, Lebrun [38] further adapted a stochastic opti-
mal feedback control model to describe the relationship between
natural tendency with illusions when performing haptic retarget-
ing. These models apply control theories in human perception and
motor control, attempting to interpret the visuo-haptic perception
from the perspective of cognitive science and neurobiology.

Many of these models consider visuo-haptic illusions and integra-
tion as static. As these cues are prone to error and noise, however,
this updating process is continuous [30], and human activities, in
general, involve a large amount of learning and adaptation over
time, such as to improve motor control [37]. Similar to a control
system with feedback loops, errors are corrected and the larger the
errors are, the larger the corrections are (e.g., in motor learning).
As part of motor control, perception based on multisensory inputs
plays an important role in the learning process. Specifically in tangi-
ble interactions, cases such as rubber hand illusion [8] have shown
the effect of an acclimation process in coupling sensory stimulus
and creating the illusions.

Previous studies indicate the existence of an adaptation pro-
cess in motor control and perception [30, 31]. While the process of
changing perception has been influencing experiences and immer-
sion in tangible interactions, this cognitive process of fundamental
properties such as size perception, however, has not been estimated
or explored.

3 Methods

We ran a study to examine the impact of time and visual priming
on visuo-haptic illusions. Specifically, through four conditions, we
estimated (1) the impact of prolonged interaction on perception
of fixed-size objects, (2) the impact of prolonged interaction on
perception of size-changing devices, (3) the impact of correct vi-
sual priming and (4) the impact of incorrect visual priming on size
perception. We designed a three-phase study, including (a) estima-
tion tasks, (b) breaks, and (c) an acclimation game. The estimation
task captured participants’ size perception through a forced choice
task, where participants were presented with haptic and/or visual
stimuli and asked to choose between two alternative size options
in VR. The break phase included filling out a NASA Task Load
Index questionnaire on paper. The acclimation game, in VR, was
designed to ensure prolonged haptic exposure to the device, making
participants grasp, hold, and release the device repeatedly.

3.1 Apparatus

3.1.1  Haptic Proxy Design. We prototyped a device that can change
its size (specifically, the width for grasping) between 6 cm and 8 cm,
as shown in Figure 1. An Arduino UNO board controls a FT5330M
aluminium servo to rotate the gear in the centre of the device, and
drives the gear racks to expand/contract the sides of the cube. This
servo offers up to 35kg/cm of torque, ensuring that the cube will
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(c) Expansion mode: 8 cm  (d) Photo of the device in contraction mode

Figure 1: A device changes its size (width of grasp) between 6 cm and 8 cm. (a) Breakdown mechanical design of the device. The
motor and gear in the centre drives the sides of the cube via the gear racks to expand/contract. (b) The contraction mode of the
device with the appearance of a cube with the width of 6 cm. (c) The expansion mode of the device with the width of 8 cm. (d)

The photo of the prototype (in contraction mode).

achieve the specified size (i.e., it is not easily overpowered by the
participant). It takes 0.9+0.1 seconds to change size between 6 cm
and 8 cm with the error less than 0.05 cm, and the speed change
when applying a grasp force on the device is negligible according
to technique estimation.

The device weighs 162+1 grams (including Optitrack markers).
The device was fully 3D printed with polyethylene terephthalate
glycol (PETG), except for the servo, electronic components, and fas-
tening hardware. The device was connected with long jumper wires
(approximately 40 cm), to ensure a free, unrestricted movement.
When contracted, the device is a 6.0+0.05 cm cube.

3.1.2  Virtual Scene and Tracking System. The VR scene was built
in Unity 2022 on a laptop PC (13th Gen Intel i9-13900HK 2.60GHz,
32.0GB RAM, NVIDIA GeForce RTX 4090 GPU, Windows 11 Pro).
The scene was presented to the participants via a Meta Quest 3
head-mounted device (HMD). We used an Optitrack motion capture
system for tracking the device, the hand movement, and the head-
set. There were 7 Prime 13W cameras, running at 240Hz, placed
around the table where the participants performed the tasks (see
Figure 3). The markers of the motion capture system were mounted
on the participant’s thumb and index finger, the device for grasping,
the HMD, and the table. Markers mounted on the tracked objects
did not interfere with the participants’ range of motion or object
interactions.

3.1.3  Finger Tips Rendering. Although only the thumb and index
finger of the participant’s right hand were tracked and rendered
with capsule-shaped objects in the virtual scene, they were asked to
hold the device with all the fingers of their right hand, also known
as Large Diameter grasp in the GRASP taxonomy [20]. As our par-
ticipants were grasping parallel faces of a cube, we assume their
fingers are in a line opposing their thumb. To prevent tracking
marker occlusion and to reduce confounding effects of hand render-
ing (e.g., [32, 47]), we use only a simplified and reliable rendering
scheme to assist with targeting.

Similar to previous studies [4, 52], we applied a resized grasping
algorithm between the fingers in real-time. The distance of the

index finger and thumb to be rendered in the virtual scene D, was
calculated based on the scaling ratio between the widths of the
virtual object and the physical device S,/Sp, where Sy is the size of
the virtual object and Sy, is the size of the physical object (note that
the virtual object size does not always equal the physical object size,
as mismatching sizes were presented for the estimation tasks and
for a random visual stimuli in the acclimation game). The distance
D, between the virtual index finger and thumb was resized by the
method:

Dy =Dp X (Su/Sp) (1)

where Dy, is the distance between the index finger and the thumb
in the real world. Through resizing, the participant’s fingers were
always aligned to the virtual cube when they grasped the physical
device.

3.2 Experimental Procedure

The procedure is shown in Figure 2. To evaluate the influence of
time and visual priming on both fixed-size (passive) devices and size-
changing (active) devices, the study was designed into 4 conditions.

3.2.1 Estimation Task (6 minutes). The Estimation Task (ET) was
carried out by presenting forced choice questions to the participants
and collecting their answers, similar to the task settings in previous
studies [4, 17, 52]. The participants were asked to grasp the device
with all the fingers of their right hands, compare the physical size in
their right hands and the virtual size they saw in the VR scene, and
choose between “virtual smaller” (the virtual size is smaller than
the physical size they perceive in the hands) and “virtual larger”
(the virtual size is larger than the physical size they perceive in
the hands) within 6 seconds (visually indicated by a time bar to
the participants). They input their answer with the Meta Quest
3 controller in their left hand. After answering the question, the
participants were asked to hold the device in the air and wait for
2 seconds. During this wait, the virtual fingers and objects were
all invisible, and, in the size-changing condition, the device would
change size. At this point, the virtual object and the fingers would
become visible again. Subsequently, while still holding the device,
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Figure 2: The procedure includes four 6-minute estimation task blocks (an initial one and three after each acclimation game
block), three 4-minute break blocks (before each acclimation game block) and three 8-minute acclimation game blocks. The
overall designed study time is 60 minutes. The figure shows (a) procedure of conditions 1 and 2 without any priming and
(b) procedure of condition 3 and 4 with visual priming at the beginning of the study and the beginning of the last (third)

acclimation game block.

the participants then compared a new virtual object in their hands
with the physical one. After answering this second question, the
participants were asked to put the device down on the table, rest
their hand in front of their right side, and wait for the next group
of questions. During this period, the virtual object was not visible.
Throughout the whole study, participants would lift - answer - wait
- answer - put down. This allowed us to examine the immediate
impact of size-change (during the wait period) on perception. We
use the same procedure when the physical size does not change, to
avoid introducing time confounds between conditions.
Throughout the estimation block, participants compared physi-
cal objects against virtual objects between + 2.0 cm in 0.5 cm steps
(e.g., the 6 cm physical object was compared against nine virtual
objects between 4.0 cm and 8.0cm, and the 8 cm physical object was

compared against nine virtual objects between 6 cm and 10 cm).
In the size-changing condition, the physical object would change
from 6 cm to 8 cm (expand) and from 8 cm to 6 cm (contract). Each
physical size was compared against the nine virtual sizes, for 18
total questions. In the fixed-size condition, always 6.0 cm, to keep
the duration the same, each virtual size was presented twice (1 size
X 9 virtual sizes X 2 times = 18 questions).

In the fixed-size condition, we only analyse the results of the
first question in each lift, to understand the impact of grasp on
size perception. We believe the second response is likely biased
by the first answer. Additionally, as the device is not released and
grasped again, the participants receive less haptic information for
consideration in their second response (in contrast to receiving new,
conflicting visual information). As such, we chose not to analyse
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Figure 3: Experimental setup. (a) shows the apparatus and overall setup of the physical environment. (b) and (c) are accordingly

the virtual scenes of the estimation task and acclimation game.

the data of the fixed-size second response. We keep the lift-respond-
wait-respond format, however, to standardise task duration for
considering acclimation. For transparency, we include the omitted
results in the supplementary material.

As for the size-changing cube, the second answer was analysed
to simulate a size-changing device performing changes in the users’
hands. Although there was no “putting down” action, the haptic
stimuli and visual stimuli both changed, which could serve as a
reset and minimise the impact of the former question.

The order of presentation of the virtual sizes was randomised.
The virtual sizes were derived from the results of prior work [4].

In the size-changing condition, the order of the size changes(6
cm-8 cm and 8 cm-6 cm) was also randomised.

For each question, the participants had 6 seconds to answer the
question while lifting the device. The data would be invalid if they
failed to answer within the time limit.

3.2.2 Break (4 minutes). During every break a NASA Task Load
Index questionnaire [28] was filled out by the participants. There
were 21 gradations on the scales with 0 - “Very Low” and 20 - “Very
High”, except the fourth question where 0 means “Perfect” and 20
means “Failure”.

3.2.3  Acclimation Game (8 minutes). We designed a short acclima-
tion game for the participants to complete with the study device.
Participants used the device to move a virtual object in the scene.
The game lasted for 8 minutes with 8 levels (1 level per minute). For
the first 50 seconds of the game, the participants were instructed
to “catch the fruits dropping from the sky with the controller in
their hand, and avoid catching falling bugs”. For the last 10 seconds
of each level, participants were asked to “put the device down on
the table and pinch the falling bugs with their thumb and index

finger”. This game was designed to both acclimate participants to
the device and refresh their proprioception through different hand
poses.

During the game, the virtual object changed size randomly every
10 seconds. For the fixed-size condition, the virtual size changed
randomly between 4.0 cm and 8.0cm, with a 0.5 cm step — the same
as during the estimation task. In the size-changing condition, the
virtual cube changed size between 4.0 cm and 10.0cm, at 0.5 cm
steps. When the virtual cube was <7.0 cm, the physical cube was 6
cm, changing to 8 cm for virtual objects larger than 7.0 cm.

3.3 Experimental Conditions

We designed 4 different conditions as shown in Table 1. The partici-
pants were divided into 4 groups and the study followed a between-
subject design.

3.3.1 Condition 1 - fixed-size device. Condition 1 was the simplest
condition: a fixed-size device of 6 cm without any visual priming.
In this setup, participants never saw the physical device during the
entire study, allowing us to investigate the influence of interaction
time on the visuo-haptic perception in VR. As shown in Fig. 2 (a),
size perception was estimated four times over the course of the
1-hour session.

3.3.2 Condition 2 - size-changing device. In Condition 2, the physi-
cal device performed a size change in the user’s hand to simulate
active haptic devices in VR. The overall procedure was identical to
Condition 1 (see Fig. 2 (a)). The participants never saw the physical
device.

At the beginning of each estimation trial, the device was set
randomly to either 6 cm or 8 cm for the participant to grasp. After
the first question was answered, the device changed size while
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Table 1: User study of four conditions

No priming | Correct priming (6 cm) | Misleading priming (5 cm)
Fixed-size proxy Condition 1 Condition 3 Condition 4
Size-changing proxy | Condition 2 - -
4 Results

still held in the hand and a forced choice question was asked again.
During the size change, and in the brief intervals between the paired
questions (when the device was put down and lifted again), the
virtual object was not displayed to prevent additional visual cues.
Therefore, the data collected includes both perception of the object
after the initial grasp and the perception after a size change.

3.3.3 Condition 3 - correct visual prime. In condition 1 and 2, par-
ticipants were asked to finish the task without seeing the physical
device. The visual priming of the physical device may pre-inform
the perception of size, however [34]. As shown in Fig. 2 (b), right be-
fore the first estimation task and before the third (final) acclimation
game, the physical device was shown in contracted mode (6 cm) to
the participants as instructions were given (the instructions were
repeated before the final acclimation game in condition 3 and 4).
The participants didn’t touch the device during the visual priming.
In this condition, the physical device never changed size.

3.3.4 Condition 4 - misleading visual prime. To explore whether a
misleading visual prime can consistently skew size perception, in
condition 3 we showed participants a physical device of a smaller
size (5 cm). This device was produced with a corresponding motor
and cable, such as to convince the participant it was the true device.
This device was shown to the participants during the instructions
before estimation task 1 and acclimation game 3, but was replaced
by the researchers after the participants put on the headset, such
that they would not notice the change of device. At no stage could
they see the real physical device. The participants did not touch
the device during the visual priming. In this condition, the device
never changed size.

Across all conditions, the same device was used, for consistent
weight and mass distribution.

3.4 Participants

We recruited a total of 80 right-handed participants for the user
studies through a public university website, social media and other
networks. Of these participants, 44 self-identified as female and 36
as male.

Participants ranged in age from 19 to 39, with a mean age of
25.46 (SD = 4.18). Regarding prior experience with virtual reality
(VR), 31 participants reported having no experience, 41 reported
some experience, and 8 reported good experience.

The study was approved by the local ethics board. Each partici-
pant received a gift card for participating in the study.

Participants were randomly assigned across the 4 study condi-
tions, with 20 assigned to each condition.

4.1 Condition 1 Results

For every estimation task the proportion of answering “virtual
smaller” among all valid answers (“virtual smaller” and “virtual
larger”) was calculated for each virtual size. For example with the 6
cm devicen the proportion was very high for the 4 cm virtual size
(because most of the participants felt the virtual one was smaller),
and was very low for the 8 cm virtual size (because most of partici-
pants felt the virtual one was larger). The proportions of different
virtual sizes were then fitted to a sigmoid function, following the
procedure of prior work [4, 52] for forced choice task diagrams:

flx) = @)

where f{x) is the proportion of choosing “virtual smaller” and x
is the virtual size. The parameters a and b were obtained by fitting.

Thus, each data point represents the responses from 20 partici-
pants by calculating the percentage of selecting "virtual smaller"
(and/or selecting "virtual larger", which won’t affect the results in
the study). They were analysed later in groups of 9 comparisons (9
different virtual sizes). The results estimated represent a population
visuo-haptic perception instead of individual perception, following
traditional HCI practices [4, 52].

There were in total 17 (among 20 participants X 9 virtual sizes
X 2 times X 4 estimation tasks = 1440 questions, 1.18%) missing
answers for condition 1 because the participants did not answer
the question in time.

After fitting the data to sigmoid functions of each estimation task,
as shown in Fig. 4 (a), we calculate the point of subjective equality
(PSE, where there’s a 50% probability of selecting "virtual smaller”,
indicating a random choice and, thus, uncertainty about the stimuli)
as well as the perception thresholds (where there’s a 25% or 75% of
selecting “virtual smaller”, meaning the users start to be uncertain
about the size, as interpreted in previous studies [4, 17, 52]). The
results of condition 1 are shown in Fig. 4 (b), representing the PSE
and thresholds as the perception in the middle of each estimation
task (i.e. the first data point is considered to be at the moment of the
middle of estimation task 1, 3 minutes from the beginning of the
study). In this task with only 2 alternatives ("virtual smaller" and
"virtual larger"), the calculated perceptual thresholds and PSEs are
the same using the percentage of either "virtual smaller" or "virtual
larger".

The upper and lower detection thresholds form an area where
the users don’t notice the physical and virtual size differences,
while the PSE represent the absolute size perception. Both the area
and PSE show a clear increasing pattern over time in condition
1, slowing down at the last estimation task (ET4). This indicates
that participants perceived the physical device to be larger and
larger over time, resulting in a 2.1 mm difference between the first
estimation task (6.34 cm) and the last estimation task (6.55 cm).

1 + eax+b
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Figure 4: Data analysis of condition 1. (a) showcases an example of how the proportions of answers are fitted to sigmoid function
and how upper detection thresholds, point of subjective equality and lower detection threshold are calculated with data of
condition 1, estimation task 1. (b) plots the perception thresholds and PSE of all estimation tasks in condition 1 together with
time as the horizontal axis. Fitting parameters including a, b and McFadden R? are shown alongside.

McFadden’s pseudo-R? for every curve shows a very strong fit
(>0.5).

4.2 Condition 2 Results

In condition 2, participants interacted with a size-changing device
that alternated between 6 cm and 8 cm throughout the 1-hour
experiment. At no point were they shown the physical device.

Perception was estimated for two physical sizes (6 cm and 8
cm) at two different moments (immediately after grasping and
immediately after the size change), resulting in four scenarios in
total presented as four plots within Fig. 5. The fittings are all good
or strong according to R? (0.23 0.50). There were 31 (among 20
participants X 9 virtual sizes X 2 physical sizes X 2 answers each
lift x 4 estimation tasks = 2880 questions, 1.07%) missing answers
for condition 2.

Plot (a) is comparable to condition 1, as both present the 6 cm
device estimated after grasping. However, unlike condition 1, the
results in condition 2 show a downward trend of size estimation.
This indicates that interacting with a size-changing device-even
after putting it down and grasping again- affects subsequent size
estimation. Initially, the size was overestimated (6.26 cm), though
still lower than condition 1 in the first estimation task (6.34 cm).
Over time, the estimated size kept decreasing until it became stable
in Estimation Task 4. The size perception changed approximately
5.5 mm (6.26 cm in ET1 - 5.71 cm in ET4).

Plot (b), which shows the 6 cm device after changing from 8
cm, indicates that the 6 cm size was generally underestimated in
condition 2. This perception was relatively stable over time.

Plot (c) of 8 cm after grasping before size changes and plot (d) of
8 cm after changing from 6 cm show an increasing perceived size
over time and tend to stabilise at the end of the session, similarly

to condition 1. The size was largely overestimated for the 8 cm
physical size, ranging from 8.55 cm to 9.1 cm.

All four plots show a concentration of perception and a decrease
of just noticeable differences (JNDs, half of the difference between
the upper detection thresholds and lower detection thresholds,
indicating a range when the users cannot notice the physical and
virtual difference).

4.3 Condition 3 Results

Results from condition 1 and 2 show that the perception tended
to drift over time, further from the real physical size. To examine
whether a visual priming acts as a form of calibration, reducing or
removing this drift, we designed condition 3 to offer a potential for
visual corrections at different stages of the study.

The results of condition 3 are shown in Fig. 6 (a). Only 4 answers
out of 20 participants X 9 virtual sizes X 2 times X 4 estimation tasks
= 1440 questions (0.02%) were missing. The PSE ranges from 6.16
cm to 6.35 cm over time, which is notably smaller than in condition
1 (6.34 to 6.55 cm), where the only difference is the visual prime.

Similar to condition 1, an upward drift of size perception can be
observed from estimation task 1 to 3. However, after receiving the
second visual priming, prior to the final game, the estimation at
task 4 dropped back closer to the real physical size (ET4: 6.25 cm).

4.4 Condition 4 Results

A misleading visual prime (a 5 cm physical device) was shown to
the participants at the beginning of the study and again before
the third acclimation game. The real 6 cm device was still used
throughout the condition. The estimated perceptual thresholds and
PSEs of condition 4 are shown in Fig. 6 (b). There were 8 answers
out of 20 participants X 9 virtual sizes X 2 times X 4 estimation
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Figure 5: Data analysis of condition 2. Plots are the perception thresholds and PSE of all estimation tasks over time in condition
2. The device performed a size-changing in hand in condition 2 between 6 cm and 8 cm (orders were randomised). And therefore,
we have results for both physical sizes before and after size-changing. (a) shows results of 6 cm physical device when grasping
(before changing to 8 cm in hand), and (b) shows also 6 cm physical device results but after changing from 8 cm in hand.
Similarly, (c) shows results of 8 cm physical device when grasping, before changing to 6 cm, and (d) shows results of 8 cm
physical device after changing from 6 cm in hand. Fitting parameters including a, b and McFadden R? are shown alongside.

tasks = 1440 questions (0.06%) missing. Starting from 5.96 cm in
estimation task 1, the perceived size is much closer to the real
physical size (6 cm) when the smaller incorrect visual prime was
given. Although the perceived size again drifted to be larger over
time, the overall perception remained close to the real size. After
the misleading small priming was given before acclimation game 3,
the size perception dropped dramatically from 6.10 cm to 5.84 cm.

4.5 NASA-TLX Results

The NASA-TLX scores of the 80 participants are summarised in
Fig. 7. Our intention from the NASA-TLX results was to exam-
ine whether effort and mental workload were the mechanisms
behind changes in perception. The high standard deviations in-
dicate various task load answers from different participants. We
analysed the results using a Friedman test and a post-hoc Wilcoxon
(Holm-corrected) test. The results indicate a significant decrease in
temporal demand (Q3) and performance (Q4, note that the decrease

in this value means the performance is closer to “perfect”) over
time in different estimation tasks. Although not supported to be
significant by the post-hoc test, the mean score and Friedman-test
indicate an increase of physical demand (Q2).

For the decreasing temporal pressure (Q3), we interpret that
over time the participants were getting used to the task with time
limits and, subsequently, not feeling as hurried. They also seemed
to increasingly believe their performance is getting better from the
third estimation task (Q4).

5 Discussion

The results of the user study revealed a drift in size perception
over time, and a complex interplay between visual and haptic per-
ceptual cues. With the abundant results collected, we attempt to
explain these observations, present a model of the underlying per-
ceptual mechanisms, and examine their implications for the broader
research community.
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5.1 Implications

The PSE and JND results of all conditions are summarised in Fig.
8. For the fixed-size objects, all the PSEs drifted to be larger in an
almost parallel pattern over time. The estimated size was smaller

following visual priming, and became even smaller when following
the misleading 5 cm priming. The JNDs of the fixed-size device
didn’t show any unified continuous pattern.

The results of condition 2 for the 6 cm physical device, prior to
it changing to 8 cm, differs from the other 6 cm results, revealing
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how the PSE was increasingly underestimated over time. The JND
was also the largest in this condition, showcasing how swapping
sizes led to uncertainty of perception and created a larger illusory
area. Over time, this JND became noticeably smaller, indicating that
participants gradually became more certain about the object’s size.

5.1.1 Size is overestimated and its perception drifts larger
over time for passive objects. In the fixed-size conditions, with
or without visual priming (condition 1 and 3), the size of the 6 cm
physical device was generally overestimated. This overestimation
of size has also been identified in previous studies [4, 17, 52]. For
example, in the study of Bergstrom et al. [4], perception of 3 physical
proxies (3 cm, 6 cm and 9 cm) was estimated 3 times over the course
of approximately 30 minutes. Therefore, the interaction time for
the 6 cm device was about 10 minutes, during which the PSE was
estimated to be 6.36 cm, close to the PSE in our first estimation task
(6.34 cm).

The upper and lower detection thresholds of the previous resized
grasping study [4], however, are 5.4 cm and 7.32 cm for the 6 cm
physical object, forming a much larger illusory range than we see in
our results in condition 1 (5.92 and 6.76, respectively). This indicates
that participants were more confident in their size perception in
our study, though the basic techniques and procedures employed
are similar in both. One potential reason for this is that in these
conditions in our study, we only used a 6 cm physical object, where
Bergstrom et al. [4] used 3 cm, 6 cm, and 9 cm objects. We hy-
pothesise that our use of a single physical object gave participants
more repeated sensory samples, consolidated in working memory,
thereby strengthening their internal representation of the object.

Importantly, the overestimation becomes larger over time in
fixed-size conditions (condition 1, 3 and 4), and shows a sign of
stabilising towards the end of the study, from 39 minutes to 57
minutes (6.54 cm in ET3 to 6.55 cm in ET4 in condition 1). This
indicates the size perception drifts towards an asymptote and any
perceived size change reduces after a certain time of interacting
with the object.

According to the NASA-TLX results, the participants’ experience
of physical demand increases throughout the study. This could
also impact their perception. For example, participants could feel
tired and perceive the objects to be heavier and thus larger over
time. However, this does not explain the results, as (1) the score
change is not significant according to the post-hoc Wilcoxon (Holm-
corrected) test, (2) the perception stopped increasing at the end,
and (3) the perception drifted towards smaller sizes in condition 2
with the 6 cm device, not following the tired-heavier-larger pattern.

The perceptual drift can be understood as a sensory phenomenon
due to adaptation in cognitive psychology [30]. The perception is
under real-time adjustment through a closed-loop process with
exploration causing the perception to change over time. Beyond
perceptual drift as a sensory phenomenon, our results can also be
understood in light of cross-modality memorisation. While visual
memory and its role in working memory have been extensively
studied in HCI to inform design guidelines [29, 42], cross-modality
memorisation has been largely overlooked. Our findings call for
further studies in this vein, which could help assess how users
build, maintain, and recalibrate their understanding of multimodal
interactive systems.
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5.1.2  Grasping an object while it changes size strongly im-
pacts subsequent size perception . In condition 2, we examined
size perception both immediately before and after the physical ob-
ject changes size in each grasp-lift pair. Other than the very first
trial, all of the subsequent trials were influenced by the fact that
the physical device could change size. We focus on the results of
the initial perception after grasping in each grasp-lift pair, rather
than on the response after the size change (i.e., we concentrate on
the results (a) and (c) in Fig. 5). Although the results immediately
after each size change also show smaller JND (for 6 cm and 8 cm
configurations) and increasing size over-estimation (for the 8 cm
physical device), this is likely a result of complex effects across the
virtual size size change, physical size change, visuo-haptic illusion,
and a fatigue effect from holding the object in the air without re-
freshing by putting it down. The perceptual impact and memory of
this size change remains to influence subsequent grasp-lift pairs.

Before size change, while the haptic proxy was still 6 cm, the
PSE was smaller from the beginning of the study (6.26 cm in ET1),
as shown in Fig. 5 (a) compared with condition 1 (6.34 cm in ET1),
and more obviously, drifting towards increasing underestimation
over time, which is the opposite pattern to the other conditions
with the 6 cm physical device.

More similarly to conditions 1, 3, and 4, the results of the 8 cm
size also drifted to be larger (Fig. 5¢) and stabilised at the end. The
extent of this overestimation was proportionally larger than the
overestimation of 6 cm in condition 1. This is different from the
conclusions of prior work [4], where sizes were underestimated for
larger, 9 cm cubes.

Therefore, we observed that size perception for active, size-
changing objects is different to passive, fixed-size objects. The
frequent changing between physical object sizes influences the
visuo-haptic perception. The smaller physical size is perceived as
increasingly small, and the larger size is perceived as increasingly
large. As this pattern of perception is not observed in prior work
with different-sized passive objects, we conclude that the dynamic
change of size, and the perceptual cues accumulated during that
change, have a lingering impact on subsequent perception of the
object when static. In turn, prior motion impacts subsequent per-
ception, but only during contact with an object (at other times, this
effect is not seen, so the impact of non-contact motion of perception
is, seemingly, attenuated).

For HCI, this suggests that the design of active haptic devices
must account not only for the feedback they provide at a
given moment, but also for the perceptual aftereffects of dy-
namic transformations, since these can bias how users interpret
and interact with objects long after the motion has stopped.

5.1.3 Visual priming and its timing influences size percep-
tion. In condition 3, participants were shown the physical device
prior to the first estimation task. This resulted in their estimations
being closer to the object’s true size, than in condition 1 where
they were given no visual prime of the actual device (6.16 cm when
primed, in comparison with 6.34 cm when not primed). Though
the participants did not see the physical object again for estimation
tasks 2 and 3, the impact of that initial visual stimulus remained and
their estimations remained lower (though continued to drift slowly
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upwards, towards 6.35 cm, in comparison to 6.54 cm in condition
1).

Towards the end of the condition, and prior to the final accli-
mation game and estimation task, the visual prime was given to
the participant again. After this, the estimated size returned to a
more accurate value (~6.25 cm). This was still not as accurate as
the first estimation (6.16 cm). This might result from the 8-minute
acclimation game between the visual priming and estimation task
4. If we were to assume that the moment the participants saw the
physical device their perception was calibrated to that ground truth
(6 cm), then the perceptual drift over time that we see across es-
timation task 1, 2, and 3, would also explain the drift that occurs
across the acclimation game into estimation task 4, yielding the
6.25 cm results. This potentially shows a mathematical relationship
between perceptual drift and time.

When a misleading visual prime (5 cm, in condition 4) was pre-
sented, the resultant size perception was dragged towards that
prime (i.e., initial size perception was 5.96 cm after a 5 cm visual
prime, as opposed to 6.16 cm after a 6 cm visual prime). Proportion-
ally, however, this misleading visual prime had a lesser impact on
size perception — the size perception dropped, but did not approach
5 cm. This supports existing theories about optimisation and relia-
bility across different sensory cues [18] and how humans do not
simply default to trusting vision over haptic cues.

When the misleading visual prime was presented again, prior
to the acclimation game before estimation task 4, the size percep-
tion dropped to even smaller than the first estimation (5.96 cm),
showing that the misleading prime had a larger effect on percep-
tion after interaction, than before interaction. The correction and
learning between sensory inputs described by Berkeley [5] changes

at different timings. We posit that this is due to the decreasing
reliability of the haptic cues over time, during the interactions, re-
sulting in a subsequent visual cue having a larger impact on sensory
integration.

5.2 Haptic Drift Model

It is still unclear how to mathematically describe the drift pat-
tern and why the drift exists in perception. To better describe and
interpret the results, we propose a theory to fit and explain the phe-
nomenon. The hypothesis proposed offers one possible perspective
and we expect relevant studies to further develop the theory.

Given the fact that the results drift towards one direction and
tend to stabilise, an exponential function is the most direct and
simple approach to describe the data, and allows parameters to
alter the function to represent the impact of priming.

We then propose a first-order control system model whose nature
is an adaptation process to describe our results. Firstly the exponen-
tial mathematical expression can typically describe a first-order con-
trol system, and secondly several previous studies in relevant fields,
such as haptic retargeting [24, 38] and motor adaptation [18, 49],
proposed similar closed-loop processes/control theories to our the-
ory. The model is intended to be descriptive, as specific parameters
may change under different procedures, though we believe the
overall flow would remain the same.

The results show the following patterns that can be observed
across more than one condition.

o The visuo-haptic perception drifts towards a certain direction
over time (in all conditions).

e The haptic drift slows down towards an asymptote and be-
comes stable (condition 1 and 2)
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o The initial priming has an impact on subsequent perception
throughout the whole study (condition 3 and 4)

e The priming in the middle changes the perception directly
(condition 3 and 4).

First of all, the results of the first condition with 6 cm passive
object and no priming can be described as

P=ci—cy-e ! (3)

where P is the perceived size and ¢ is the time since the beginning
of the study. The parameters c1, c2 and c3 describe the initial gap,
asymptote, and rate of time accordingly. The exponential approach
is chosen because it describes how the perceptual results increase,
the rate of increase slows and eventually flattens out, approaching
a constant value.

Note that the fit can be transformed into a first-order control
system expression mathematically. Therefore, we propose a visuo-
haptic perception drift model, with the expression:

P(t) = Poo + (Py — Poo)e ™ © )

where Py is the initial value of the model, showing the initial

perception at the beginning of interaction, Pe is the steady state

value, meaning the final perception formed after infinite time of

interaction and 7 is the time constant (7 is the time when the value

is about 63% of the way to P and 37 is the time when the value is
95% of the way to Pwo).

When modelling perception, there are usually three components
involved: sensory information, expectation, and attention [29]. A
first-order control system is characterised by a differential equation
relating inputs and outputs. If we assume human perception shares
the same pattern with the control system, the haptic and visual
stimuli are the sensory input (sensory information) and the perceived
size is the output of the system (estimated by our forced choice
task) as shown in Fig. 9. Humans dynamically perceive the haptic
stimuli across the one-hour duration of the study, and adjust the
output based on their best estimation, derived from their perception
(prediction/expectation). Over time, this estimation stabilises.

During the active process of the visuo-haptic perception, people
adopt exploratory behaviours to gain sensory stimulus, to inform
their understanding of objects and the surrounding environment.
When these different signals are processed, however, noise is in-
troduced into our understanding (which we term ’discrimination
of reality’ in our model). This has been observed previously, such
as with resized grasping [4, 17, 52], retargeting [1], and the rubber
hand illusion [8], where the perception didn’t match the reality
accurately. As a result of this noise, humans amplify the momentary
sensory cues in the output perception. Their outcome understand-
ing, as a prediction of reality, is repeatedly assessed against new
incoming sensory cues in an attempt to reduce the errors.

These predictions formed in the perceptual system are partially
corrected by incoming sensory signals via recurrent feedback loops,
through which humans maximise the information and attempt to
reduce perceptual errors. However, the extent to which predictive
signals are weighted within the brain remains unclear. Confidence
in internal predictions appears to bias this weighting of reliability,
thereby constraining the accuracy of error correction. As a result,
residual error persists even after the system reaches stability. This
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confidence in comparison is also related with attention and some-
times is noisy and lossy. Bayesian models for sensory integration
are used to explain the weights of prior information and predic-
tion [6, 36]. Over time, without continuous calibration, perceptual
experience becomes amplified, leading to a measurable mismatch
between sensory input and perceptual output.

The result of fitting the data points of the 6 cm physical device
without visual priming is shown in Fig. 10 and the fitting param-
eters are ¢; = 6.71, ¢ = 0.39 and ¢3 = 0.02, accordingly, with
R? = 0.94 indicating a good fit. This model reveals an initial percep-
tion Py = 6.31, steady state perception (the asymptote) Po = 6.71,
and time constant 7 = 56.32 (Fig.10). This means the initial percep-
tion at the beginning of interaction, although not estimated in the
experiment, is 6.31 cm according to the model. After enough time,
the perception will finally approach 6.71 cm. The time constant
7 shows that after 56.32 minutes of interaction, the perception is
around 63% of the way to Po. When the interaction time is longer
than 37 the perception will be 95% of Pwo.

Therefore, while it is almost impossible to estimate the percep-
tion over such a long duration with user studies, the model predicts
the starting point and ending state of the perception. More im-
portantly, this reveals that human cognition acts in a similar way
to a control system - a procedure of initial guess, correction, and
approaching a steady state.

Similarly, the size-changing device perception can be fitted to
the model as shown in Fig. 11 with R? being 0.97 and 0.76 for the
small and larger configurations accordingly. Again, we focus on
the perception after grasping and before size change, because the
perception after size changing is a complex procedure with multiple
changing sensory stimuli.

For the 6 cm configuration, the initial perception Py is 6.37 cm,
larger than the physical size. The steady state perception Peo, how-
ever, drops to 5.64 cm. The time constant 7 is 19.69 minutes, showing
that the perception drift is 95% done within 1 hour (37).

The initial perception Py (8.68 cm) and steady state perception
Py (9.45 cm) are both much larger than the physical size 8 cm in the
larger configuration of the device. However, this procedure takes
longer time to complete with 7 = 76.79 minutes and 37 = 230.37
minutes.

In condition 3, we presented the correct visual prime again at
minute 46 and, thus, we assume the perception is corrected to Py
again from this point (through a process akin to sensory dead-
reckoning). From this assumption, the perception is modelled as
shown in Fig. 12 (a) with R? = 0.96. The initial perception is Py =
6.14 cm, but then drifts towards P, = 6.40 cm. At minute 46,
we propose another theoretical hypothesis that the perception is
refreshed to Py and the procedure of drift starts over again. With an
initial correct visual priming, both the initial perception (6.14 cm)
and steady state perception (6.40 cm) are more accurate compared
with non-priming condition 1 (initial perception 6.31 cm, steady
state perception 6.71 cm). Also the time constant 7 (24.49 minutes)
is much smaller in value than condition 1 (r = 56.32), indicating
the perception gets to steady state much faster with visual priming.

As the second visual priming was presented in condition 4 with
the misleading stimuli (5 cm), a sudden drop in perception was
observed and the mechanism is complex. Thus, the final data point
of condition 4 is excluded from the model. With the other 3 data
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Figure 9: A model to describe the perception process as a first-order control system. The sensory input corrects the perceptual
errors through a feedback loop over time, and discrimination in the cognitive process results in an amplified perception at last.
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Figure 10: Haptic drift model of fixed-size device without any
visual priming (condition 1).

points, the initial perception, steady state perception and time con-
stant are calculated to be Py = 5.92 cm, Poo = 6.11 cm and 7 = 13.85
minutes. With the misleading smaller visual priming of 5 cm, the
perception will still eventually drift to 6.11 cm to be larger than the
physical size 6 cm, and the procedure is fast with 7 = 13.85 minutes
and 37 = 41.55 minutes.

By applying our visuo-haptic perception drift model, whose
nature is mathematically a first-order control system, we interpret
the procedure of human visuo-haptic perception and how it changes
in different priming conditions, for different types of devices. The
model can also calculate and predict perception unable, or not
available any more, to be estimated.

Although many previous studies on perception and motor con-
trol indicate an improvement in accuracy over time[29, 40], the
model shows the accuracy in our task only gets stabilised but is
lower in general.

While it’s hard to quantify the impact of visual priming in the
model, the model indicates a “calibration” function of visual prim-
ing during interaction, which may relate to previous theories of
visual and haptic integration models, that a maximum-likelihood
integrator decides which sensory information should take domain
in perception [18].

The model aligns with the perception theory in HCI with sensory
information, expectation and attention [29]. Our model also aligns
with historical and contemporary accounts of cross-sensory cali-
bration. Berkeley’s Essay Towards a New Theory of Vision (1709)
[5] argued that vision is calibrated by touch; a view that has since
been revisited in multisensory research [10, 27], and shows that
visual input often anchors haptic estimates. In our experiments,
intermittent visual priming acted precisely as such a calibration sig-
nal, resetting accumulated haptic drift. Within our study, a correct
visual prime operates as an external corrective input that reduces
error and stabilises the feedback loop. Moreover, because recali-
brated estimates persisted after priming, we speculate that working
memory retains this “reset” state, delaying the re-emergence of
drift. This highlights how cross-modal calibration and working
memory jointly contribute to the dynamics of perceptual stability
in tangible interaction.

5.3 Application

Perception changes over time. As shown in all the results, per-
ception changes during interaction. Our proposed model reveals
how this perception changes and, thus, what users perceive about
objects they interact with over time. This model gives interaction
designers clearer insights, without having to repeatedly run psy-
chometric tests to understand perception change during use.
Passive objects represent larger virtual objects. As shown
in Fig. 4 (b), a passive object of 6 cm is generally overestimated in
interaction. After about 21 minutes of estimation, the downscaling
perceptual threshold (6.06 cm) will be larger than the physical object
itself (6 cm). Given prior claims around how experience degrades
when objects fall outside of this range [52], this means that, for
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Figure 11: Haptic drift model of size-changing device (condition 2). (a) shows the perception of 6 cm configuration before size
change and (b) shows the perception of 8 cm configuration before size change.
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Figure 12: Haptic drift model of fixed-size device with visual priming (condition 3 and 4). (a) shows the perception with the real
physical size (6 cm) visual priming and (b) shows the perception with the misleading physical size (5 cm) visual priming.

example, the physical object could no longer be used to represent
itself in a virtual reality experience. This effect can be mitigated
with visual priming.

Active devices impact perception differently to multiple
passive devices. Many previous studies and designs assumed that
passive and active devices shared the same patterns (e.g. Zhang et al.
[52] applied the illusion spaces model to both passive and active
devices in discussion). However, our results warn the research and
design community to be more cautious on their perceptual conclu-
sions, as the active devices yield meaningfully different results to
the fixed-size objects. The size change provides an obvious contrast-
ing stimulus between configurations. After a while of interaction
(approximately minute 39 to 57 including breaks) the small config-
urations (6 cm) represents even smaller virtual objects (5.68 5.71
cm) and accordingly, the large configuration (8 cm) represents even

larger virtual objects (9.04 9.1 cm). This shows that in simple active
devices, smaller dynamic size changes result in larger perceived size
changes. In more complex designs with multiple configurations,
the size should be carefully designed to reach the target effect.

Seeing the physical object affects its ability to represent
objects. Many works in the research and design community ignored
the influence of revealing the object to the participants during
studies. While in most applications, the users would know the
visual appearance of the object, the results estimated when the
objects were not shown to the participants can be inaccurate in
these scenarios. However, the results can be corrected, or at least
predicted closer to reality, by utilising the haptic drift model and
applying visual priming parameters.

Presenting the visual priming seems to calibrate the results and
reset the sensory errors. This means that well-designed breaks, for
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example, during which participants can see the physical device,
have a meaningful impact on their ongoing perception. This is even
more important when the appearance of the device is designed to
mislead the users into believing something else, because showing
the misleading stimuli again after some interaction has an even
larger effect.

The results also suggest that potentially concealing or hiding
the mechanism of the physical device may affect user’s perception,
leaving them with an incomplete or misleading visual reference for
the object they are interacting with.

5.4 Future Works

In our study a visuo-haptic perception drift was observed in VR.
It is still to investigated how this drift happens, and if this drift
applies to a much larger range of interaction, even including the
most common touch and grasp interactions of all objects in the
physical world. We propose a first-order control system theory
and an exponential mathematical model. Future related studies in
human-computer interaction, psychology, and cognitive science
are needed to further develop the theory.

While a prolonged interaction causes drifts in perception, it
is worth exploring if there can be approaches to accelerate this
procedure for effective interaction (e.g., training and education), or
to slow down the drift to reduce perception errors.

As this work primarily concentrated on the fundamental factors
with a specific setup, several future works are required to gener-
alise the conclusion and theory. For example, interaction effect
(visual priming and active device) or other factors may affect this
process. Individual perception might also be different from our
population conclusion we obtained in this study. However, it is still
a challenge to enhance the generalisability in these perceptual find-
ings to become effective both for the population and the individuals.
The grasping behaviour and type is also a common limitation in
the visuo-haptic research community. In our study we examined the
moment right after grasping and lifting, and a certain grasp type.
The impacts of the timing and types are still underexplored. While
it’s obviously tedious work to estimate on all timings and grasp
types in user studies, some biomechanical/neurological interpreta-
tions behind them may form some theories, patterns or models for
the community to expand our conclusions in the future. Similarly,
all the interactive objects properties can not be included in a
single study. While we employed a specific device, it’s potentially
predictable how the results may change when the properties differ.
For example, Bergstrom et al. [4] and Zhang et al. [52] modelled the
perceptions when the properties change. Yet it is not verified if all
conclusions, including those in this paper, will follow the proposed
model in previous studies and thus need future verifications.

While the visualisation of the users’ hands impacts tangible inter-
actions [32, 47], technical challenges persist for precisely tracking
the whole-hand movement. Therefore, only simplified indicators
were rendered in our user study to help grasp and avoid any track-
ing marker occlusion or inaccurate hand rendering which would
have largely impacted the results. Although the absolute values
of the perceived size may slightly change with different hand ren-
dering techniques in practice, we believe the major conclusions,
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including the drift patterns and influence of priming still hold true,
which may be verified in future work.

Future work could also investigate how entrenched mental rep-
resentations of everyday objects—formed as sensory traces consoli-
date into long-term memory, shape current perception in VR. This
raises important HCI questions about how novel haptic devices can
either exploit or must work against such perceptual baselines when
simulating familiar objects.

While our study focused on size perception, it is also worth inves-
tigating whether similar forms of haptic drift occur in other object
properties, such as weight, shape, texture, temperature, and stiffness.
Exploring these dimensions would help determine whether drift is
a generalisable feature of visuo-haptic perception or one specific to
size. If perceptual drift reflects a more fundamental neurological
process of forming reality in the brain, then comparable shifts might
emerge across nearly all sensory modalities, not only in haptics. For
HCI, this suggests that prolonged interaction with haptic devices
could gradually alter how users perceive familiar material proper-
ties, potentially enhancing immersion but also introducing subtle
mismatches when devices fail to recalibrate perception effectively.
Studying these broader visuo-haptic properties would therefore
deepen our understanding of perceptual stability and guide the
design of haptic systems that remain convincing over extended
use.

6 Conclusion

Understanding how people form and adjust visuo-haptic perception
is critical for HCI, as it shapes the design of tangible interfaces
and haptic systems. To investigate this process, we conducted a
user study across four conditions, using forced choice tasks to
examine how perception evolves over time and how it is influenced
by visual priming. Our findings show that size perception drifts
in a consistent direction before flattening out during prolonged
interaction, and that both correct and misleading visual primes
significantly alter how participants interpret the object’s property.
Based on these results, we modelled visuo-haptic perception as
a closed feedback loop: sensory signals are integrated, calibrated
against prior expectations, and gradually stabilise into cross-model
perceptual representations. Taken together, these findings highlight
that visuo-haptic perception is not static but dynamically shaped
by time, calibration, and cross-modal interaction, offering both new
opportunities and important challenges for the design of tangible
interactive technologies.
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