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Recall This Gesture? Investigating Gesture

Memorability in Extended Reality
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Abstract—Gesture interaction is standard in modern extended
reality head-mounted displays, e.g., Microsoft Hololens 2 and
Apple Vision Pro. These gestures come from multiple sources,
such as elicitation studies, the application designer, or an expert.
However, it is unclear if the source of the gesture affects the
memorability of gestures (i.e., level of recall). In a user study,
35 participants used the HoloLens 2 to test three gestures set
from different sources: 1) expert-defined, whereby we asked
four experts to define gestures; 2) user-defined, whereby each
participant defined their gestures; and 3) elicitation-defined,
whereby we used gestures proposed by previous work. Our results
showed that expert-defined gestures (72.73% recall) were more
likely to be remembered than elicitation-defined (59.87% recall)
gestures. Further, user-defined gestures (88.75% recall) were the
most memorable. These data suggest that the source of gestures
has a substantial impact on their memorability.

Index Terms—Memorability, Gestures, User Study, Extended
Reality, Augmented Reality, Input Methods

I. INTRODUCTION

In recent years, extended reality (XR) has shown signif-

icant technological advances in hand-tracking with off-the-

shelf gesture interaction available in head-mounted displays

(HDMs), such as Meta Quest 3, Hololens 2, and Apple Vision

Pro. Using hands to interact with virtual content feels more

natural [27] and allows for familiar gestures like pinch, swipe,

point, and rotate—many of which come from smartphones.

However, the selection of gestures for a given device can vary.

For instance, a developer or designer might assign different

inputs to specific gestures depending on their system’s require-

ments or choose to mimic familiar gestures from smartphones.

They can also collaborate with external experts to refine
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gesture sets. Another option, which is currently unavailable

off-the-shelf from HMDs, would allow users to create their

own gestures.

Despite the different ways that exist to create a gesture

set, research on gesture set memorability—how well users

can recall gestures from long-term memory—remains limited.

Yet, memorability is a key factor in evaluating the usability of

a gesture set within any application [9]. Past work by Nacenta

et al. [22] studied the memorability of three gesture sets (user-

defined, author-designed, and random gesture sets) on tabletop

systems. However, these sets do not account for expert knowl-

edge in gesture design or natural user tendencies captured

through elicitation studies, both of which can influence long-

term recall in XR interactions [37]. Moreover, unlike tabletop

systems, which allow users to rest their hands and receive

tactile feedback, XR interactions occur entirely in mid-air,

requiring users to rely on proprioception and visual feedback,

making memorability even more critical. Thus, we extend this

work by focusing on other potential gesture sets, including

expert-defined (XD) 1 and elicitation-defined gesture (ED)

sets [22]. We also focused on gestures performed in immersive

XR environments and not on a tabletop device, which provides

haptic feedback, as well as reducing the detrimental effects

of mid-air gestures such as “gorilla arm effect” [13]. As XR

glasses evolve [6], the importance of hand gestures in everyday

XR applications becomes critical to the usability of these

devices, making it essential to study gesture memorability in

XR contexts.

This study examines three research methods for gesture

design: a) User-Defined (UD) gestures that are customized

by individual user, b) Expert-Defined (XD) gestures that are

redefined by domain experts based on their knowledge, and

c) Elicitation-Defined (ED) gestures that are derived from

user studies whereby participants suggest intuitive gestures

1A similar concept was called author-defined in [22], yet in our research,
we used experts that were not authors in the publication
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for specific tasks. The key question of our study is whether

the ED gesture set sourced from Zhou et al. [43] is more

memorable than the XD gesture set. Although prior research

in cognitive psychology suggests that UD gesture sets should

be most memorable [4, 15, 21, 32], we also investigate whether

ED and XD gesture sets promote similar levels of retention.

Our findings provide valuable insight into the memorability

of gestures in XR HMDs, such as whether XD gestures were

more memorable than ED gestures and whether the most

memorable gestures are those created by each user. In other

words, when it comes to memory, well-designed gestures will

yield better recall than elicitation gestures. In summary, the

contributions of our work are as follows:

• We present a quantitative study comparing the memora-

bility of UD, ED, and XD gesture sets to determine the

source of the gesture affects memorability in XR.

• We verified the results of previous research on cognition

on 2D displays that user-defined gestures are the most

memorable, and extended them to XR.

• We provide a gesture set for XD consisting of 22 mem-

orable pre-designed gestures.

• Based on our results, we provide a set of recommenda-

tions for conducting gesture elicitation studies. In addi-

tion, we show that elicitation study findings replicate in

terms of gestures set by comparing the ED and commonly

UD gesture sets.

II. RELATED WORK

Creating gesture sets alone does not guarantee user adoption

or usability of the gestures. Nielsen et al. [23, 24] listed five

key principles that are important for evaluating a gesture set

based on previous usability research: learnability (i.e., how

quickly users can achieve a certain level of performance),

efficiency (i.e., the performance of users over time), mem-

orability (i.e., how easily users remember the system), errors

(i.e., the frequency of minor and major errors), and satisfaction

(i.e., the extent to which the system is pleasant to use and

users are subjectively happy with it). Another study also

considered factors such as customizability, consistency, collab-

orative awareness, recognizer discriminability, and empirical

evaluation in the development of gesture sets [22]. Both these

studies and several others [9, 10] highlighted memorability as

an important factor in evaluating gesture sets. Each gesture set

offers unique advantages and disadvantages in terms of these

factors. For instance, technical gesture sets feature gestures

that are easy for the system to recognize, but some gestures

might be challenging or even impossible for certain users to

perform [24]. UD gestures may be easier for individuals to

learn and remember, but they are likely to be more challenging

for collaborators to interpret [22]. Although selecting the ideal

gesture set depends on balancing these factors for the specific

system, the main focus of this paper is on identifying which

gesture set yields the most memorable gestures.

A. Enhancing Gesture Memorability

Gesture memorability refers to how well a given gesture can

be recalled, which is a vital component for creating intuitive

and user-friendly interactive systems [23, 24]. Li et al. [18]

observed that increasing the number of referents (memory

load) reduced recall accuracy in both younger and older users.

This comports with the findings of another study that showed

only 2-5 gesture command associations could be held in

working memory at one time depending on conditions [8, 29].

Consequently, several elicitation studies incorporate memory

tests to evaluate and refine their proposed gesture sets [9, 10].

High memorability ensures that gestures are consistently rec-

ognized and executed by users, enhancing overall usability and

user experience [23, 24].

Several previous studies have explored different strategies

to enhance gesture memorability. For example, Li et al. [18]

reported that younger users could significantly improve their

recall of gesture-letter pairs with practice, especially when

learning larger sets of gestures (9, 18, and 22 pairs). Another

method introduced by Bergstrom-Lehtovirta et al. [2] explored

the effects of placing and recalling virtual items on the skin.

Participants used anatomical landmarks, personal landmarks

(like scars and tattoos), and personal associations to place

items. They found that personal landmarks and associations

improved recall compared to anatomical landmarks. Addition-

ally, personal associations and grouping important items, such

as family members in specific areas, enhanced recall [2].

Combining modalities can make information easier to re-

member by creating multiple representations of to be re-

membered information. For instance, Church et al. [5] found

that speech that was paired with a gesture was easier for

participants to recall than speech with no gestures. Fruchard et

al. [12] suggested another memorization strategy using body

touched interactions. They compared BodyLoci (on-body hand

interactions requiring users to memorize specific locations

on their body) with MarkingMenus (directional gestures to

select commands from a virtual menu) in VR. Their findings

showed that MarkingMenus gestures were perceived as more

effective for recall. In another gesture memory study, Fruchard

et al. [11] compared the memorability of directional gestures

(mapped to specific trajectories) and pointing gestures (associ-

ated with unique spatial positions) for selecting commands on

a tablet. Pointing gestures showed a trend toward better recall,

although the difference was not statistically significant.

B. Gesture Sets Memorability

The source of gesture generation can impact the efficacy

of memorization. Nielsen et al. [24] examined three gesture

sets defined by three different groups of users (engineers,

engineering students, and architects) to explore the effect

of cultural differences in terms of semantics, stress, and

memory. Their findings on memory revealed that architects

generally more easily recalled gestures, possibly due to their

experience working with visual objects. In another study,

Nacenta et al. [22] compared three gesture sets: PD gestures

(defined by two authors of the study), UD gestures (created

by participants), and a random gesture set (RG) as the control

group. A later test showed that recall was best for UD gestures

(79%), compared to 55% for PD gestures and 25% for RG.

Additionally, participants reported that creating and recalling
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TABLE I: Summary of prior research on gestural memorability across different gesture sources, technologies, and gesture

types. Gesture sets with higher memorability performance are bolded. Directional gestures were mapped to a specific direction,

while positional gestures were associated with a position in space. BodyLoci maps commands to different parts of the body,

whileMarkingMenus use midair directional gestures to select commands from a virtual menu. UD: User-defined, XD: Expert-

defined, ED: Elicitation-defined, RG: Random gestures, PD: Pre-designed by authors; UD Sci-fi gestures created by participants

who were primed by watching a video of sci-fi gestures before designing their own. UD Creative Mindset gestures were

followed by the practice of creative mindset [31]. Eng: Engineers, Eng Ss: Engineering students, Arch: Architects.

Ref Year Gestural Sets Technology Display Gesture type Referents Participants

Ours 2024 UD, ED, XD AR-HMD HoloLens 2 mid-air 23 35 (all)
[18] 2022 young (19-38), old users (45-63 years) 2D touched smartphone touch gesture 6, 9, 18, 22 12, 12
[1] 2021 UD, UD Sci-fi, UD Creative Mindset for AR/VR 2D display mid-air 12 18 (both)
[11] 2018 directional, positional 2D touched Galaxy Tablet touch gesture 8 16 (both)
[12] 2018 BodyLoci , MarkingMenus VR-HMD HTC Vive body-touched, directional Max (144) 24 (both)
[22] 2013 RG, PD, UD 2D touched Surface 1.0 touch gestures 16 18 (all)
[24] 2004 Eng, Arch, Eng Ss. paper No display touched and mid-air 13 8, 5, 11

UD gestures was more enjoyable and easier to remember.

This level of recall for the UD gesture set is in line with

memory research that demonstrates a higher level of recall for

items that one creates compared to what someone else cre-

ated [4, 15, 21, 32]. In another study, the authors investigated

the effect of priming for UD gestures across three different

priming groups: no-priming as the control group, a sci-fi

priming group who watched a video of gestures from sci-fi

movies before designing, and creative mindset priming, which

reflected the practice of creative mindset. Results showed that

users memorized UD Sci-fi gestures better than the other

two groups [1]. Table I presents previous studies on gestural

memorability, comparing different target users, techniques, and

gesture set sources in terms of memorability. The gesture set

with higher memorability is bolded in the Gestural set column.

III. EXPERIMENT GESTURE SETS

This paper aims to investigate gesture set memorability

in AR-HMDs. Our research question (RQ) is: do elicitation-

defined (XD) or expert-defined (ED) gestures yield higher

recall (i.e., memorability) in HMDs? As a control group, we

utilized UD gestures as past work on memorability already

identifies UD gestures as being the most memorable [4, 15,

21, 32]. Our research extends past work by Nacenta et al. [22]

that compared UD gestures versus gestures created by authors.

In addition, they focused on multi-touch Surface 1.0 (allowing

users to make gestures above the tabletop display) and not on

XR devices.

In our study, different sources designed three gesture sets,

described as follows.

• UD gestures are unique to each user, as users were asked

to create one per referent. In the study, participants were

instructed to create their own gestures for each referent.

When each referent was prompted, the user would create

their own gesture and then be asked to repeat it.

• ED gesture came from the work by Zhou et al. [43].

We used the 22 referents and replicated the environment

from Zhou et al. [43]. We chose to build on Zhou et al.

because their study investigated gesture elicitation in a

multi-object environment, offering a different perspective

compared to most earlier elicitation studies focused on

single-object scenarios [28, 38]. Zhou et al. found that

user behavior and preferences can differ significantly

when multiple objects are involved. Their setup better

reflects real-world, multi-object applications. To ensure

consistency, we replicated Zhou et al. environment and

extended the work to memory and used updated elic-

itation methodology from [34, 40]. In this case, each

referent was assigned a gesture, known as the “winning

gesture”. This is the gesture that had the highest agree-

ment among pairs (of participants) in the elicitation study

of Zhou et al. [43]. For each referent, the ED gesture was

recorded in a video prior to the experiment. During the

experiment, the participant watched the video and then

was asked to perform the gesture.

• XD gestures was a set derived from four experts. Experts

worked independently, without consulting each other or

having any prior exposure to the UD Gesture set. None

of the experts had conducted elicitation gesture studies

in the past five years, minimizing potential biases from

their own user elicitation research. The experts were

selected to have varied levels of expertise in HCI and

XR. None of the experts were part of the study or

authors in this paper. Expert 1 (X1) was a professor

with extensive knowledge in VR applications and HCI

with over 3300 citations. Expert 2 (X2) is a VR/AR

researcher with over 20 years of experience, more than

48,000 citations, and an h-index above 90. Expert 3 (X3)

was a doctoral student researching context-aware XR,

with around 20 citations, under the guidance of a well-

known professor specializing in 3D user interaction, with

industry experience as an AR/VR researcher at Apple and

Adobe. Expert 4 (X4) was a doctoral student specializing

in Human-Computer Interaction and educational VR,

with around 200 citations. We searched for the experts

in 3dui-g@vt.edu and CHI-ANNOUNCEMENTS@list-

serv.acm.org mailing list. The people who reached out

were only self-identified as male, with no one either

non-binary or female applying to be part of the process.

Each expert received a $50 (US dollars) gift card for

a one hour interview conducted using the Zoom video

conference tool. The expert interviews were approved

by IRB protocol number 4118. During each interview,

a brief description of the study was provided and the
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experts were informed that the gestures would be used in

AR-HMDs. Additional questions were asked. For each

referent, an animation of a virtual object in a PowerPoint

slide was shown and the experts were prompted to per-

form a gesture that they felt best represented that specific

referent. The prompt was in the slide and was repeated

by the experimenter. In total, 22 referents were presented

to each expert. The final gestures for the XD gesture set

were chosen from the pool of expert-recommended ges-

tures, with the selected gestures being those on which the

experts reached a consensus. In cases where consensus

could not be achieved, a gesture designed by X2 was

selected as this expert was considered to have the most

knowledge about AR and gestures. In addition, X2 has

been using HMDs for decades.

Gestures corresponding to each gesture set are provided in

Appendix D, Table V, VII, IV, and VI.

IV. METHODOLOGY

We conducted a control experiment using the Wizard of Oz

(WoZ) methodology [3], whereby the experimenter manually

executed certain actions while allowing participants to believe

that the system was responding automatically to their gestures.

This study was approved by IRB protocol 4118.

Participants were presented with text-based referents (i.e.,

an action or command), such as “move left,” [34, 41, 42, 43].

The participant then provided a gesture input corresponding

to that referent. Behind the scenes, the experimenter triggered

the recognition of that input.

The experiment consisted of three blocks. The blocks were

counter-balanced using Latin squares (Table II). Each block

involved a training phase, a reinforcement phase, and a testing

phase. For ED and XD gesture sets, training refers to the

first time the user either watched a video of the gesture

or performed the gesture. For the UD gesture sets, during

training, participants were instructed to create a gesture for

a given referent. In the reinforcement phase, we asked the

user to repeat the gesture performed in training. In the testing

phase, the user attempted to recall each gesture. Thus, within a

block, users engaged in the training and reinforcement phase,

followed by five minutes of drawing. The block culminated

with a memory test whereby the user was asked to recall each

of the gestures in the set completed before the break. Detailed

information about the procedure can be found in § IV-3.

The five-minute break was designed to prevent participants

from practicing (i.e., mentally rehearsing) the gestures, which

could turn the final test into a short-term memory task instead

of a long-term memory test. To ensure they did not rehearse

the gestures, we filled the break with a drawing activity. Any

distracting activity could work, but it was important that the

interim task was not too similar to the gesture-learning task to

avoid interference [26], following guidelines from prior work

regarding the capacity limits of memory [7].

1) Experimental Design: This within-subjects study em-

ployed a 3 (gesture sets: ED, XD, UD) x 22 (referents) design.

Gesture set order was counterbalanced across participants

using a Latin square. Each participant performed each gesture

TABLE II: Latin square for determining the order of gestures

each participant was presented with. Gesture sets labeled as

elicitation-defined (ED) user-defined (UD) and expert-defined

(XD).

Group Block 1 Block 2 Block 3

Group 1 ED UD XD

Group 2 XD ED UD

Group 3 UD XD ED

three times per referent: training (ED and XD) or creating

(UD), reinforcement, and recall, resulting in a total of 198

trials per participant. The hypotheses for the experiment are

defined as follows:

H1: UD gestures in AR-HMDs have a higher recall rate

than XD and ED gestures. This hypothesis is grounded

in previous findings by Nacenta et al. [22] and cognitive

memory research [4, 15, 21, 32]. H1 is accepted by our

analyses.

H2: XD gesture recall rates are higher than ED gestures in

AR-HMDs. Although this was not grounded by previous

studies, there have been preference differences between

XD and ED gestures [36]. Our analysis supports H2.

2) Participants: A total of 35 participants were recruited to

achieve power for a medium effect size (d = 0.50). They were

recruited through mailing lists and word of mouth. Participants

included 17 females and 18 males with ages ranging from

20 to 60 years (Mean = 25.89, SD = 6.73). The majority

(63%) were computer science majors, while the remainder

came from diverse fields such as economics, engineering

(chemical, computer, electrical), natural resources, tourism,

neuroscience, physics, and epidemiology. Sixty-six percent of

the participants had experience with VR-HMDs, and 51.4%

had used AR-HMDs. Regarding usage frequency, 37.1% had

never used VR, and 54.3% had never used AR. For VR (AR),

48.6% (34.3%) used it rarely (2-3 times a year), 2.9% (2.9%)

used it sometimes (once every 2-3 months), 2.9% (5.7%) used

it often (1-2 times a month), 5.7% (0%) used it weekly (1-

3 times a week), and 2.9% (2.9%) used it daily (4-7 times

a week). Among the 35 participants, three reported that they

had been involved in XR research for less than one semester

(8.6%), 11.4% for less than two years, and 8.6% for 3 to 7

years. Additionally, 11.4% of participants were familiar with

XR research via participation in XR experiments.

3) Procedure: Participants entered the experiment room,

read the consent form, and were seated facing a blank wall for

optimal HoloLens 2 visibility. The experimenter was seated

behind and to the left of the participant as can be seen in

Figure 1. Next, the experimenter started the recording and

instructed the participant to wear and adjust the headset.

After completing the eye calibration tutorial, the experimenter

entered the participant ID into the application.

Once all this was completed, participants either started with

UD, ED, or XD conditions based on their assignment to

each group (see Table II. For the ED and XD conditions,

participants were shown a video of the gesture and asked to

repeat it (training phase). For the UD condition, participants

were given the referent in the HMD prompting them to create a
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Fig. 1: GoPro image of the experimental setup, the experi-

menter in the background (blurred for anonymity).

gesture (training phase) for a given referent. For all conditions,

following training for a given referent, they were shown the

prompt of the reference asking them to perform the same

gesture (reinforcement phase). When all referents for a given

condition were completed, participants were asked to remove

their HMD and draw their favorite animal with crayons for five

minutes. An alarm signaled the end of the 5-minute drawing

period and participants were asked to put on the HMD. They

confirmed whether they were still on the stop scene and the

experimenter transitioned to the instructions for the testing

phase. Participants were informed that they would be tested

on the gestures they had learned and were asked to read

these instructions aloud. Any questions were addressed before

the testing scenes began. For each trial of the testing phase,

participants were given the referent (e.g., “Create Cube”) and

asked to perform the gesture, with this process continuing until

all referents were completed. The “destroy cube” view of this

scene can be seen in Figure 2. Following the testing phase,

participants then moved to the next block (i.e., UD, ED, or

XD, depending on assignment to condition) and completed the

training, reinforcement, and testing phase again until all of the

conditions were completed. Figure 3 provides a diagram of the

procedure for a participant starting with the ED gesture set.

The experiment took no more than 60 minutes to complete.

Note that during the UD condition, two participants decided to

change their initial gesture for one referent. For that particular

case, the experimenter took the second creation as the one that

should be tested for recall.

4) Apparatus: A Microsoft HoloLens 2 (version 22621)

was used. This device was chosen for two reasons: to replicate

the environment of Zhou et al. [43], whose referents and ED

gesture set were used, and because its optical-see-through

design allows the user to see their hand without any delay

or distortion. The AR environment was developed using Unity

Engine 2 version 2019.f.4.1f1 and the Microsoft Mixed Reality

Toolkit (MRTK) 2.4.0 3. The computer used for development

2https://unity.com/
3https://github.com/microsoft/MixedRealityToolkit-Unity

Fig. 2: Participant’s AR view during the “destroy cube” test

scene.

was running Windows 11 Pro 64-bit, equipped with an Intel

Core i9 9880H processor at 2.30GHz, 64GB of memory, and

a 4095MB NVIDIA Quadro RTX 5000 graphics card.

During the experiment, the Microsoft HoloLens 2 was con-

nected to a Bluetooth number pad, allowing the experimenter

to trigger the different states of the experiment. All video

and audio of the participants’ gestures were recorded using

a GoPro Hero7 Black camera version 1.90.

A. Data Analysis

Participant gestures and interactions during training and

testing were recorded via GoPro. Recordings began immedi-

ately after participant consent and continued for the duration

of the experiment. For data analysis, we used Microsoft Excel

and Python and each gesture was coded as either correct (1)

or incorrect (0).

For ED and XD gestures, scoring was based on the par-

ticipant’s interpretation of the provided video, determined by

how the participant repeated the gesture in the reinforcement

scene immediately after watching the video. This approach

was necessary because some participants performed gestures

that, when compared to the provided videos, could potentially

be identified as incorrect. However, they were identical to

how they had repeated the gesture in the earlier reinforcement

scene. These gestures were marked as correct as the partici-

pant had correctly recalled the gesture as they interpreted it,

although it may have been incorrect compared to the initial

tutorial video that was shown. UD gestures were verified by

comparing the video of the participant’s initial gesture creation

with the video of their recall attempt.

A random subset of scored videos was reviewed by a second

author, confirming the primary scorer’s judgments. During the

process of verifying the correctness of gesture responses from

participants in the testing phase, there were many cases in

which a gesture repeated by the participant was somewhat

ambiguous as to its correctness. In all such cases, to ensure

consistency in data verification, these gestures were marked as

correct as opposed to incorrect on the first pass. This ambiguity

was then corrected in the second pass through the data.
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Fig. 3: Each participant followed the script shown above throughout the study. The order of gesture sets (ED, UD, and XD)

was randomized using a Latin square design.

Fig. 4: Average percent of gestures correctly recalled per ges-

ture type with standard error (p < 0.05(∗), p < 0.001(∗ ∗ ∗))

V. RESULTS

To evaluate the memorability of three gesture sets, we com-

pared the average percentage of correct recall across the three

conditions. Figure 4 shows the level of recall performance

across UD, ED, and XD gesture sets. The UD gesture set

is unique to each participant as opposed to the ED and XD

gesture sets. During testing, participants correctly recalled

88% (Mean = 88.57, SD = 11.79) of UD, 59% (Mean = 59.87,

SD = 14.31) of ED and 72% (Mean = 72.73, SD = 17.71) of

XD gestures.

A repeated measures ANOVA was conducted to examine

the relationship between gesture type and the average per-

centage of correctly recalled gestures. The analysis revealed

a significant effect of gesture type on recall performance

(F2,68 = 41.89, p < 0.001). Post hoc analysis using Tukey’s

Test with Bonferroni Correction demonstrated a significant

difference was evident between all three conditions. Specif-

ically, there was a large advantage for UD relative to ED

gestures(d = 1.548, p < 0.001), a medium advantage for

UD compared to XD gestures (d = 0.745, p < 0.001), and
a medium effect size reflecting poorer recall for ED than XD

gestures ( (d = −0.565, p < 0.012). Thus, UD gestures were

far more memorable than XD or ED gestures and XD gestures

were more memorable than ED gestures.

The memorability of each gesture across all gesture sets can

be observed in Figure 5, using strict analysis.

In the second pass through the testing video data, we

employed a relaxed scoring scheme that classified gestures as

correct, partially correct, and incorrect, with some gestures

marked as correct and incorrect in the previous analysis

categorized as partially correct with the new metric. This

relaxed form is a common practice in memory research [22].

The results can be seen in Figure 8. This analysis showed

that 86.49% of user-defined, 51.95% of elicitation-defined,

and 67.4% of expert-defined gestures were correctly recalled

during testing. Because the relaxed analysis corroborated the

strict-analysis findings, we report the full details in Ap-

pendix D.

A. UD Gestures Comparisons

Although deriving a gesture set from UD gestures was not

the objective of this study, we used the elicitation methodol-

ogy [34, 41] to extract a set from the 35 unique UD gestures.

We believe sharing these results can benefit future research.

To assess consensus among participants per referent [34], we

calculated the agreement rate (AR) as defined in Equation 1.

For a sample size of 35, an AR above .3 is considered enough

to make an inference of a gesture that generated consensus

among the participants [33, 34, 41]. AR is the agreement of

pairs among all participants, as shown in Equation 1. In order

to calculate this metric, we used the AGATe 2.0 (AGreement

Analysis Toolkit)4 to aid in our statistical analysis. For a more

in-depth explanation of elicitation studies and their analysis,

4 http://depts.washington.edu/acelab/proj/dollar/agate.html
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Fig. 5: Average percent correct per gesture across gesture types

Fig. 6: The comparison of agreement rate (AR) and confidence intervals (CI) ranges for our study UD gesture set and Zhou

et al. [43] ED gesture set. The AR value is denoted by a small circle and the CI range is shown with the bar. For example,

our study ARcreate = 0.109 and CI = [0.084, 0.210].

refer to the book by Williams and Ortega [41] and Vatavu et

al. [34, 35]. The gesture set derived from this study for the

UD condition should be taken with the understanding of its

limitation, which was not an elicitation study.

AR(r) =

P

Pi⊆P

�
|Pi|
2

 

�
|P |
2

 (1)

Participants were randomly assigned to different groups, as

discussed in section § IV, which altered the order in which the

gesture sets were presented. Overall, the average AR for all of

the UD gestures of our study was ARall = 0.216, indicating a

medium level of consensus. The confidence intervals (CI) for

these agreement rates for all the gesture referents are shown

in Figure 6.

VI. DISCUSSION

This study found that UD gestures were significantly more

memorable than both ED and XD gestures. Our experiment

also revealed that gesture sets defined by experts were more

memorable than those collected from participants using the

elicitation methodology, which answers RQ. More importantly,

XD gestures were only 22.22% less memorable than UD

gestures. This is important because XD gestures exhibit input

legacy bias [19] (i.e., influence from previous experience with

another device); the reason is that experts have been using

existing HMDs and smartphones and this alone produces input

legacy bias. In addition, our finding provides a different per-

spective regarding XD gesture sets because Morris et al. [20]

had shown that users gave ED gestures a higher rating for a

given command. This provides an understanding that there is

no “ideal” gesture set, as different properties warrant further

study. For example, findings from Morris et al. [20]) showed

that, in a 2D tabletop setup, the gesture set designed by three
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HCI researcher was less preferred than UD gestures; however,

our findings showed that the opposite is true when it comes

to the level of recall (i.e., memorability). Thus, while the

UD gesture set has the highest level of recall, the adoption

and availability of such sets have not been observed in other

domains of custom interfaces [17].

One possible explanation for why XD gestures outper-

formed ED gestures in memorability might be the expert-

designed set functioned as a more coherent and discriminable

“gesture language.” Specifically, our expert created a consis-

tent, rule-based vocabulary in which many commands shared

a common structure (e.g., lasso-select for multiple objects’

actions, then perform a command-specific action gesture). This

systematic organization likely supported chunking, allowing

participants to remember a small set of reusable rules rather

than memorizing each command independently. In addition,

our expert might intentionally design gestures to be more

distinct, which can reduce similarity-based confusion and

interference during recall. In contrast, the elicitation process

sometimes produced overlapping intuitive gestures across dif-

ferent commands (e.g., select and destroy), which may feel

natural initially but can be harder to recall reliably over time.

At the same time, we acknowledge that other factors could

also contribute. For example, the “curse of knowledge” might

predict the opposite pattern (experts may not match non-expert

mental models [16]), while “wisdom of crowds” suggests

that a larger contributor pool could yield more representative

gestures [14]. Although our study cannot directly isolate

these mechanisms, the observed memorability advantage for

ED is consistent with the expert set’s greater structure and

distinctiveness, and it motivates future work to disentangle

these explanations.

Overall, although UD gestures are significantly more memo-

rable than XD gestures and may require slightly more training

at the outset, they still have a high rate of memorability.

Therefore, this study suggests that in applications where UD

gestures are not tenable or desired, XD gestures can be

implemented with only a moderate reduction in memorability.

We also extend past work by Nacenta et al. [22] who also

found that UD gestures were more easily remembered (up to

24%) than authors’ gestures. However, memorability may not

be the priority of the application; therefore, other properties

may be more desired making ED gesture set also an option.

A. User-Defined Gesture Discussion

Although the UD gesture set was not collected in a tra-

ditional elicitation study [41], a more detailed examination

of the agreement rate for each referent is provided in Fig-

ure 6 to highlight similarities and differences with other

studies, including Zhou et al. [43]. This figure shows a

much higher agreement rate for the “select cube” referent

(ARselect = .834) because most participants choose to point

at the cube with their index finger, which is expected and

aligned with previous studies (e.g., [40, 43]). In contrast, a

gesture like “Spin Cube left” has a much lower agreement

rate (ARspinleft = .096), indicating that participants created

a more varied set of gestures for the referent. The difference

in the agreement rates between Zhou et al. [43] and our

UD condition should be treated with caution, as the UD

condition was not an elicitation study. However, of note, 13 out

the 22 referents resulted in very similar gestures among UD

gesture set and Zhou et al. [43] gesture set. Other examples

of such convergence can be found in (see Tables V, IV

VI, VII). Thus, elicitation studies with different participants

continue to reproduce similar gestures when the environment

and populations are similar (which was the case for our study),

highlighting the replicability of elicitation studies.

VII. DESIGN IMPLICATIONS

Memorability is one factor in midair gesture design. The

Apple iPhone released in 2007 set a path for gesture interac-

tion to become pervasive. Typical gestures include selection

(touching an object), pinch (bringing two fingers together or

apart), and rotate with two fingers. This has created what is

known as input legacy bias [19], which could be favorably

used when transferring from one device to another [25], and

may support memorability if the device is used frequently for

a given user. There also exist evolutionary gestures, which

are gestures that transfer to the same generation device (e.g.,

Bloom gesture from Microsoft Hololens 2 to Magic Leap AR-

HMD) as described by Williams and Ortega [39]. This further

highlights the impact of our study: existing gestures continue

to offer a higher level of recall. Short of that, the gesture sets

that we used for our experiment provide a path for developers

and designers of systems and applications.

UD gesture sets are obviously more memorable and should

be made available to users if the technology allows close to

perfect gesture recognition. However, user preferences have

yet to be determined and remain an open question for a future

qualitative study (see §IX). Another option is to rely on the

XD gestures set, as they are more memorable. However, due

to their replicability across studies, ED gesture sets may not be

discarded and may support high levels of memorability with

frequent use. In addition, Morris et al. [20] showed that users

rated ED gestures higher than XD gestures.

An important design implication of our study is that multiple

metrics should be considered when evaluating a gesture set,

such as workload, efficiency, error rate, learnability, errors,

satisfaction, and memory. Nielsen [23] divides these dimen-

sions in two, learnability and memorability, corresponding to

different phases of user interaction with a system. Learnability

helps new users quickly understand and use the system, while

memorability ensures returning users can easily remember and

reuse the system after a period of not using it. For this, we

hope future research in gesture sets may investigate all of the

metrics mentioned whenever possible, including measurements

of those metrics in elicitation studies. In addition, while

difficult due to the amount of experts in gestures and XR, we

hope that more expert elicitation studies can be conducted.

In terms of gesture sets provided, the implication for re-

searchers is that similar elicitation studies tend to produce the

same gestures. Therefore, it is important to understand the

specific contribution and to determine how they are different.

In the case of Williams et al. [40] compared to Zhou et
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Fig. 7: Comparison of gesture memorability across three groups (Group 1, Group 2, and Group 3) for ED, XD, and UD gesture

sets. Participants in each group performed the gesture sets in a different order determined by Latin square.

al [43], Zhou et al.’s environment was more complex due to its

multimodal interactions which incorporated both gestures and

speech, resulting in novel findings. However, our study shows

how similar the ED gesture set is to the UD gesture set using

the same environment (that we had to reproduce). In our case,

this is not important as our study focuses on memorability

and not elicitation. Yet, in the case of elicitation, this must

continue to mark the progress forward.

VIII. LIMITATIONS

There are several important limitations to our study that

should be considered when analyzing the results and its impli-

cations. First, we did not ask participants which gestures they

preferred. This was by design because asking them afterward

would have made the experiment longer than 60 minutes and

might not have given real-time answers. Second, during the

UD condition, participants were told that if they did not like

the gesture they created, they could change it. We allowed this

to reduce the stress for participants seeking perfection. Given

the expectation that the level of recall for UD gestures would

be higher, we expected that it would not affect the study. It

is also important to note that only 2 participants out of 35

changed their initial gesture during the UD gesture set.

Third, our experiment aimed to evaluate the memorability of

three gesture sets in an XR environment. The referents and UD

gestures used in this study were adopted from the elicitation

study by Zhou et al.[43] and intended to be a sampling of

gestures that would be useful in general augmented reality

tasks. While these referents and gestures succeed in their

generalizability, they are not application-specific and thus may

not fully reflect daily user experience with an XR device.

Fourth, Our study examined memory at a single retention

interval and used a drawing task as the interim activity.

Although any non-overlapping distractor could in principle

serve this role, and we deliberately avoided tasks too similar

to gesture learning to reduce interference [26], future work

should test whether our findings replicate across different

retention intervals and with alternative intervening tasks. Fifth,

the three gesture sets were not strictly controlled for one-

handed vs. two-handed input. Because we adopted gestures

and criteria from prior work [43], the sets contain a mix of

single and bimanual gestures, and expert-defined gestures in

particular tend to be bimanual. Finally, while the authors tried

to include people from the Global South in the studies (with

some of the authors themselves being from the Global South),

the experiment and the entire apparatus are from the Global

North.

IX. FUTURE WORK

We identify three directions for future work. First, ex-

tend memorability studies beyond hand-only gestures to

multimodal interactions (e.g., speech+gesture, pen+gesture,

gaze+gesture). Second, investigate microgestures and hybrid

combinations—both individually and in pairings such as

gaze+pinch or microgestures+controllers—to quantify their

effects on recall. Third, examine task-specific gesture mem-

orability, assessing how domain constraints shape what users

remember. When expert input is needed, we recommend

engaging two complementary pools—HCI/psychology experts

and domain specialists (e.g., an artist for VR-sketching work-

flows), consistent with prior practice [30].

X. CONCLUSION

Gestural input has the potential to become one of the

primary ways that we interact with technology in the future.

However, to achieve widespread adoption, it is crucial to lower

the barrier to entry for these gesture sets, with an increase in

memorability being a key component. This study found that

user-defined gestures had the highest percentage of recalled

gestures (88.5%). Interestingly, this study also found that

expert-defined gestures had a higher-than-expected average

recall at 72.73%. Using these data, we recommend that when

designing gesture sets for applications, developers should

increase memorability and usability by allowing users to create

their own gestures. However, if the application context does

not allow for user-defined gestures, expert-defined gestures can

be created with only a moderate decrease in memorability.

In conclusion, developers should prioritize user-defined ges-

tural input wherever possible to maximize the memorability

This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2026.3678203

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: COLORADO STATE UNIVERSITY. Downloaded on June 07,2026 at 00:02:17 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 10

of gestural input systems. However, when application con-

straints prevent their use, well-developed expert-defined ges-

tures can still achieve high levels of memorability, facilitating

higher user adoption. Utilizing both gesture-creation methods

can help ensure better memorability and user acceptance of

gesture-based input in future technologies.
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