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Abstract
Large Language Model (LLM)-based copilots have shown great po-
tential in Extended Reality (XR) applications. However, the user
faces challenges when describing the 3D environments to the copi-
lots due to the complexity of conveying spatial-temporal informa-
tion through text or speech alone. To address this, we introduce
GesPrompt, a multimodal XR interface that combines co-speech
gestures with speech, allowing end-users to communicate more nat-
urally and accurately with LLM-based copilots in XR environments.
By incorporating gestures, GesPrompt extracts spatial-temporal
reference from co-speech gestures, reducing the need for precise
textual prompts and minimizing cognitive load for end-users. Our
contributions include (1) a workflow to integrate gesture and speech
input in the XR environment, (2) a prototype VR system that im-
plements the workflow, and (3) a user study demonstrating its ef-
fectiveness in improving user communication in VR environments.

CCS Concepts
•Human-centered computing→ Gestural input;Mixed / aug-
mented reality; Virtual reality; Natural language interfaces.
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1 Introduction
With the development of Large Language Models (LLMs), LLM-
based copilots on desktops and smartphones that assist end-users
with auto-generated suggestions received a wide range of recogni-
tion in various domains, such as coding [37], writing [76], and day
planning [5]. Typically, these applications leverage the textual con-
text understanding ability of the LLM to understand the end-user’s
intention and offer assistance to fulfill the user’s need. Recently,
researchers have explored integrating LLM-based agents into ex-
tended reality (XR) environments for various applications, such
as social games [99], education [25, 61], and spatial design [116].
Although the above-mentioned LLM-based copilots show great po-
tential in assisting users in XR, interacting with 3D environments
using text-only or speech-only prompts remains challenging for
end-users to express complex spatial–temporal intents.

First, end-users must craft carefully engineered prompts or pre-
cise descriptions to ensure accurate LLM interpretation, often re-
sulting in trial-and-error interactions. Second, tasks in 3D envi-
ronments involve intricate spatial-temporal information, and such
information is difficult to describe precisely and efficiently in natu-
ral language. Most copilots that focus on text/speech input struggle
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(a-1) (a-2) (a-3)

Enlarge the 

painting…

… to this 

large 

(b-1)

Hang the starry 

night …

…on the wall 

here…

..and rotate it this 

way a little bit.

(b-2) (b-3)

(c-1) (c-2) (c-3)

Let the camera 

move like this

It should always 

look at that side

What a great 

painting!

Figure 1: An example usage of GesPrompt: (a) An end-user wants to hang a virtual painting on the wall using GesPrompt: (a-1)
The user asks the system to select the “Starry Night” painting from a pile of paintings on the floor by gesturing the rough
location of the painting; (a-2) in the same utterance, the user also specifies the location of the painting using gesture; (a-3)
realizing that the painting is not level, the user instructs the system to adjust its alignment while gesturing the appropriate
amount of rotation; (b) The user stands back and sees that the painting is too small, then asks the system to enlarge the
painting:(b-1) (b-2) the user sets the size of the painting by gesturing; (b-3) the user is satisfied with the painting, now properly
placed and resized to fit the room’s aesthetics. (c) Then the user is excited and wants to take a virtual video with the painting:
(c-1) The user asks the system to set up the path of the camera by gesturing; (c-2) they also want the camera to look at a certain
direction, which is pointed out by the user; (c-3) the camera moves along the path and records the video as the user desires.

to enable end-users to accurately convey complex spatial-temporal
details, as these text/speech-only inputs are prone to pronoun am-
biguity [9, 56, 116]. For example, an end-user wants to refer to an
unfamiliar object in a 3D environment to a text-only copilot, then
the user has no choice but to describe the physical characteristics
of the object in detail. This multi-step prompting increases cogni-
tive load and disrupts workflow [17, 79]. Consequently, enabling
effortless interaction for complex 3D tasks in XR remains an open
challenge.

Some prior works address the problem of end-users’ difficulty
in describing spatial-temporal information by incorporating scene

understanding. In these efforts, researchers guide end-users to de-
scribe the spatial-temporal information in an XR environment from
high-level to low-level details [28, 109]. While these methods help
and enable users to craft accurate prompts that are understandable
by LLMs, the sheer number of users’ prompts remains demand-
ing. This results in a lengthy process that is cumbersome for end-
users to complete. On the other hand, multimodal input—combining
LLMs with human modalities such as gesture and gaze—offers a
promising path forward. Gestures, as a natural interaction modal-
ity, have long been adopted for interacting with 3D environments
in HCI research [39, 86, 90, 112]. Specifically, end-users can use
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various gestures such as grabbing [111, 114], touching [13, 83], and
air-taping [44, 67, 75] to manipulate objects in XR scenarios. Fur-
thermore, compared with speech-only communication, gestures
can convey essential non-verbal information that adds emphasis
and clarity [11, 12, 15, 20, 94]. For example, end-users may want to
use gestures to illustrate the desired size of a virtual object when
describing it to the copilot.

Recent XR systems (e.g., GazePointAR [56], VRCopilot [116])
leverage pointing alongside speech but remain limited to sim-
ple deictic input. Prior HCI work such as Grasp & Speech [80],
Mixed Speech–Gesture Interfaces [33], and Multimodal Command
Tools [24] typically follow a two-stage pattern: users first perform
a manipulative gesture (e.g., pinch, drag) to select or highlight a vir-
tual object, then issue a spoken command (e.g., “rotate,” “delete”) to
trigger an action. While this sequential coupling supports straight-
forward object manipulation, it treats speech and gesture as largely
independent phases and fails to exploit the rich semantic align-
ment that naturally occurs in co-speech gestures. Thus, we harness
co-speech gestures—gestures naturally produced alongside spoken
utterances—to fill gaps in verbal references and reduce prompting
overhead.

We propose GesPrompt, a multimodal XR interface powered
by an LLM that allows users to express their intentions through
integrated speech and co-speech gestures, without requiring en-
gineered commands or the mental translation of spatial-temporal
information into numerical values. The GesPrompt workflow con-
sists of two interconnected main components: (1) an LLM system
that possesses both object information and the XR system function
information. The LLM system takes the user’s speech and converts
it into a sequence of function calls that can be executed by the
back-end XR system. Additionally, the LLM system identifies am-
biguous phrases in the speech that cannot be understood through
speech alone and sends them to the gesture processor. (2) a gesture
processor that processes gesture inputs. The processor converts raw
skeleton gesture data into meaningful parameter values (position,
object, direction, rotation, size, and path) using cues, which are
discovered by the LLM system, from speech. By jointly reasoning
over speech and gesture, GesPrompt enables intuitive, low-effort
interaction with 3D scenes.

In summary, we highlight our contributions as:

• A novel co-speech gesture integration method for LLM-
powered XR copilots, extending beyond simple deictic point-
ing.

• A prototype VR copilot that implements the workflow for
object manipulation using voice and gesture.

• A user study to evaluate the feasibility of the workflow and
investigate user behavior when interacting with the system.

2 Related Works
2.1 LLM-based Copilots for 3D Scenes
As LLMs have emerged recently and gained widespread attention
[7, 18, 95, 96], LLM-based copilots are becoming a convenient way
for end-users without coding expertise to interact and communicate
in the HCI area. With the assistance of copilots, end-users can easily
create customized digital contents, including images [18, 93, 109],

UI designs [48, 78], and 3D models/scenes [23, 43, 45, 60, 82, 104],
using simple prompts.

Notably, significant advances in generative models for 3D scenes
have captured HCI researchers’ attention and motivated them to
explore the integration of LLM-based copilots into interactive 3D
environments. LumiMood [74] proposed a system that leverages
LLMs to automatically adjust lighting and post-processing in 3D
scenes, allowing the mood of scenes to dynamically adapt accord-
ingly. Bozkir et al. [16] and Zhu et al. [119] forecast that integrating
LLM into XR as narrative agents or visual avatars with different
strategies will enhance users’ engagement in XR. Aikawa et al.
[9] propose an LLM-based system that assists end-users in brain-
storming within the AR space. Meanwhile, MagicItem [54] and
DreamCodeVR [38] enable end-users without coding expertise to
prototype VR content’s behavior. By utilizing LLM-based copilots
to generate code within VR space, these two works empower users
to program basic behavior of 3D contents, such as “move”, “jump”,
and “rotate”. Yet, the programmed behaviors are limited in scope as
end-users are incapable of modifying more detailed aspects of the
virtual content, such as altering the distance of movement. Besides
LLM-based copilots, most state-of-the-art copilots such as GPT-
4 [7] apply multimodal models, which accept different sources of
inputs including texts and images. VR-GPT [52] provides end-users
a natural way to complete object collection tasks by interacting
with a Vision Language Model (VLM)-based copilot, which is ca-
pable of processing both images and language prompts within VR
environments.

While the aforementioned works have received recognition for
applying robust LLM-based copilots in XR, most of the works focus
on entry-level design and prototyping for end-users. Consequently,
end-users remain incapable of performing complicated 3D tasks
involving detailed spatial-temporal information or dynamic inter-
actions, such as precise movements of virtual content or responsive
adjustments according to users’ status. To let end-users accurately
generate prompts in interactive XR environments, recent work such
as LLMR [28] that incorporates scene understanding breaks down
complex 3D tasks into several subtasks and employs an ensem-
ble of multiple language models, each addressing a specific task.
While this approach enhances the robustness of language models
in XR environments, the sheer number of subtasks and associated
prompt numbers makes the overall progress overwhelming and
time-consuming for end-users. Motivated by these challenges, we
strive to develop a system that streamlines the process of prompting
LLM-based copilots for complex 3D tasks and interactions, so that
end-users can effortlessly utilize these copilots in XR environments.

2.2 Gestures in XR Multimodal Interaction
Gestures, being a natural and intuitive human input, have long been
recognized in the HCI area for facilitating interactions with 3D en-
vironments in daily activities [13, 19, 62, 101, 114, 118]. Through
gestures, end-users can effortlessly manipulate 3D objects via body
or hand movements. For example, end-users can easily use simple
gestures, such as pointing [58], pinching [44, 67], and grabbing
[114, 118] to select or move 3D content in XR environments. Be-
yond basic interactions, gestures also enable end-users to modify
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the complex behavior of virtual content. MagicHands [13] empow-
ers end users to perform customized gestures to author particle
animations. GesturAR [101] enables end-users without coding ex-
pertise to prototype AR applications and modify AR content be-
haviors through customized freehand gestures. ProGesAR [113]
integrates gestures with IoT devices, allowing end-users to trig-
ger IoT functions through customized gestures. Besides providing
intuitive interactions, gestures also allow end-users to effectively
convey spatial-temporal information in XR environments [22, 73].
SketchingWithHands [49] allows users to use gestures to describe
hand-held objects’ shape or contour. KinÊtre [22] introduces a
system that allows virtual content to change poses by mimicking
end-users’ postures in the 3D environment.

Combining gestures with speech offers a powerful multimodal
approach. Early interfaces (e.g., Grasp& Speech [80], Freehand–Voice
Manipulation [57], Mixed Speech–Gesture Interfaces [33], and Mul-
timodal Interaction with Virtual Agents [24]) follow a two-phase
pattern: users first perform a gesture to designate or highlight an
object, then issue a spoken command (e.g., “rotate,” “delete”) to
specify the action. While effective for discrete tasks, this sequential
coupling treats speech and gesture as independent stages and relies
on engineered command vocabularies.

Recently, researchers attempted to leverage the intuitiveness and
expressiveness of gestures to assist end-users in overcoming the
challenges of using LLM-based copilots for 3D tasks in XR envi-
ronments. When end-users communicate with copilots in 3D envi-
ronments, one major issue is the pronoun ambiguity for describing
spatial-temporal information [8, 9, 56, 116]. Aghel et al. [8] present
a Wizard-of-Oz elicitation study and highlight the importance of
using gestures for reference when end-users generate prompts in
3D environments. Further, Wu et al. [108] investigate when and
how full-body gestures can be used together with LLM-based copi-
lots. Targeting the problem of pronoun ambiguity, GazePointAR
[56] enables end-users to leverage eye gaze as well as pointing ges-
tures to describe specific locations in 3D scenes when talking with
copilots. Similarly, VRCopilot [116] combines speech and pointing
gestures to allow end-users to specify their creation needs in im-
mersive environments. However, these approaches support only
simple location cues and do not leverage the full expressiveness of
co-speech gestures, which naturally accompany spoken utterances
and can encode rotation, size, and motion trajectories.

To address this gap, we leverage co-speech gestures—gestures pro-
duced concurrently with speech—to enrich LLM understanding of
spatial-temporal intents. By jointly interpreting speech and gesture
in our multi-modal XR interface, GesPrompt reduces the need for
carefully engineered prompts or mental translation of spatial data
into numerical values, enabling fluid and intuitive interactions with
3D scenes.

2.3 Synergy Between Speech and Gesture:
Co-speech Gestures

In human communication, co-speech gestures can provide addi-
tional context, complementing speech to communicate intention
more clearly [26, 47], especially regarding spatial and physical as-
pects [79, 110]. Following the definition from a pioneering work -
Hand and Mind [94], co-speech gestures can be categorized into

four types: deictic gestures, iconic gestures, metaphoric gestures,
and beats. This classification is widely adopted in the design and
analysis of co-speech gestures [15, 29, 50, 66, 107].

Deictic gestures, often known as the pointing gesture [29], are
used to refer to entities in the environment. The pioneer work Put-
that-there [15] in the HCI area can serve as an example: the user
says “put that there” while pointing to an object on screen and
pointing to another location, adding missing information from the
speech.

Iconic gestures are used to depict the spatial or action aspect
of the elements in the speech [50, 66, 107]. For example, when
someone says “you cannot believe the huge bird I saw today”, they
may spread both arms wide apart to visually indicate a large size.

Metaphoric gestures are similar to iconic gestures. They both
describe the physical aspect of a concept, but the difference is
that iconic gestures illustrate concrete contents while metaphoric
gestures is used to present abstract concepts [92]. For example, the
spreading arm gesture can also demonstrate the level of welcoming,
when someone says “I welcome you with my whole heart.”

Beats are often biphasic gestures to emphasize some words or
phrases in a sentence [66]. For example, when someone says “you
have to be there now” with a downbeat gesture, they mean to
emphasize the timing.

Among the above gestures, we mainly focus on deictic gestures
and iconic gestures due to their expressiveness in representing the
spatial-temporal information.

In order to extract the spatial-temporal information from the
deictic gestures and iconic gestures, the detection of such gestures
is the first step. Deictic gestures, which convey only the meaning of
referring to something, are usually static and can be detected with
current gesture recognition models [53, 64]. In commercial systems
such as HoloLens 2 [1] and Meta Quest Pro [3], a ray is constantly
cast from the center of the user’s hand, and the user can perform
a pinch gesture to confirm the selection or reference of objects or
entities. The iconic gesture, on the other hand, can represent the
action aspect of an object, making the gesture sometimes dynamic.
Moreover, the wide variety of shapes and actions that the iconic can
represent make it even harder for the traditional gesture detection
model to recognize [91]. Recent work by Ghaleb et al. [35] explores a
framework that leverages speech information in detecting gestures.
Zhang et al. [117] find it promising to use LLM in aid of synthesizing
co-speech gestures. Building on these insights, and the fact that
co-speech gesture will occur when the user says the word that
is relevant to it [42, 98], our system utilizes speech to detect the
appearance of the co-speech gesture, and analyzes the co-speech
gesture based on the context given in speech.

Although deictic and iconic gestures are effective in representing
certain actions or spatial relationships, they naturally have limi-
tations in conveying more complex or abstract meanings. Speech,
which evolved in part from gestures, complements these limitations
by covering the meanings that gesture alone cannot easily express.
This synergy between speech and gesture motivates our design
of a system that integrates both inputs, allowing speech to guide
the interpretation of gestures, and gesture to complete the missing
information from speech.
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3 GesPrompt
In this work, we aim to let end-users communicate with LLM-based
copilots while conveying spatial-temporal information in XR en-
vironments. To achieve this, we design a workflow that processes
natural speech and gesture input from users simultaneously. When
a user starts a speech and provides gesture command to GesPrompt,
the system follows the following steps: (1) extracts users’ inputs,
including speech and gestures, (2) interprets user input by referenc-
ing appropriate virtual content and behaviors, and (3) determines
the backend functions (𝐹 ) responsible for controlling targeted
behaviors.

Here, we formally define the process as follows: Let 𝐹 represent
a set of available system functions 𝐹1, 𝐹2, ..., 𝐹𝑛 , and let 𝑆 denote
the current state of the XR environment. Calling these functions
will alter the environment’s state 𝑆 . Each function 𝐹𝑖 takes a set
of function parameters 𝑃𝑖 = {𝑝1, 𝑝2, ..., 𝑝𝑘 }, where 𝑝𝑖 represents
properties of the XR environment such as objects and spatial posi-
tions.

Given users inputs of (1) text input 𝑇 : verbal descriptions of
the desired state of the XR environment, and (2) gestural input
𝐺 : gestural cues that provide additional context to the text input,
such as hand movements for outlining the shape of an object in the
environment, our goal is to:

• Infer the correct sequence of function calls
𝐶 = {(𝐹𝑖1, 𝑃𝑖1), (𝐹𝑖2, 𝑃𝑖2), ..., (𝐹𝑖𝑚, 𝑃𝑖𝑚)} from the text input.

• Extract the appropriate values for the function parameters
𝑃𝑖𝑚 from both text and gesture input.

• Apply the function calls 𝐶 to transition the XR environment

state: 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡
𝐶−→ 𝑆𝑖𝑛𝑡𝑒𝑛𝑑𝑒𝑑 .

In the following sections, we describe how GesPrompt achieves
the goal and its detailed design.

3.1 SystemWalk-through
We introduce GesPrompt, a workflow designed for users to interact
with LLM-based copilots through speech and gesture. As illustrated
in Figure 2, this workflow is composed of three main components:
the LLM System, the Gesture Processor , and the XR system. The
workflow of GesPrompt is demonstrated with an example scenario
in Figure 2.

An end-user wants to hang a painting on the wall but struggles
to verbally describe the exact position of the painting. With our
system, which continuously listens to the user’s command, the user
simply says “Hang the Starry Night painting” while pointing to
the paintings, then says “...on the wall here” while pointing to the
wall. GesPrompt handles the speech and gesture input with the
following steps: first, the LLM System identifies the appropriate
backend function (𝐹 ), for the task from the speech, i.e., selecting
𝐹𝑚𝑜𝑣𝑒 (𝑜𝑏 𝑗𝑒𝑐𝑡, 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛) for this scenario to place the painting on
the wall. Then, the LLM System maps the parameter tokens from
the speech to function parameters. In this scenario, “Starry Night
painting” (object name) is mapped to the object parameter (a virtual
object in the scene), and “here” is mapped to the position parameter.
With the scene information (e.g., scene objects’ names, positions,
rotations, and scales) fed into the LLM System, the target painting

can be identified through the object parameter. However, the posi-
tion parameter “here” is identified as an ambiguous parameter
(𝑃𝑎𝑚𝑏
𝑖

), as its value cannot be determined.
To resolve this ambiguity, GesPrompt forwards the ambiguous

parameter and the corresponding timestamps of its parameter token
to the Gesture Processor for further analysis. In this case, a position
parameter and the timestamps associated with the user’s utterance
of “here” are sent to the Gesture Processor. The gesture that oc-
curred during the interval is then segmented. Since the parameter
type is “position”, the segmented gesture is identified as a pointing
gesture, and the position where the user points is further used as
the exact position parameter.

Finally, GesPrompt checks for any invalid or incomplete func-
tions and parameter values in the XR System. If all functions and
values are valid, the XR System then executes the function calls
(𝐶), transitioning the XR environment state to the user’s intended
state. In this case, the Starry Night painting is moved to the posi-
tion where the user points. When the system detects missing or
invalid parameters for the target functions, a textbox will pop up
prompting the user to provide further clarification. In the following
sections, we describe the design of each component of GesPrompt.

3.2 Spatial-Temporal Parameter and Co-Speech
Gestures

Although it’s possible to articulate spatial-temporal parameters
through speech alone, integrating co-speech gestures often provides
a more efficient and intuitive means of conveying these parameters.
In this section, we concentrate on scenarios where users employ co-
speech gestures to depict spatial-temporal parameters. As discussed
in Section 2.3, co-speech gestures are context-dependent. A single
gesture may convey different meanings based on the accompanying
speech. We summarize the characteristics of co-speech gestures and
their representations of spatial-temporal parameters in the context
of an extended reality environment.

3.2.1 Deictic Gestures. This type of gesture indicates a location,
entity, or direction within the environment. In a natural manner,
index-finger-pointing is commonly adopted for entity selection,
while whole-hand-pointing can be used in situations that require
less precision [27]. At the same time, the pointing gesture also varies
in different cultures. To accommodate variations in pointing deictic
gestures, we visualize the user’s pointing direction by constantly
casting a ray from their hand. This visualization, which serves as
guidance for users to indicate desired entities, is a common practice
in virtual and augmented reality applications [69, 70].

As shown in Figure 3, the same deictic gesture can represent
three types of spatial parameters under different speech contexts:
(a) position, (b) object, and (c) direction.

Position refers to a 3D world coordinate. The user may point
to indicate a specific location (Figure 3(a)). The intersection point
between the pointed location and the ray cast from the user’s hand
provides the value for the position parameter. If the intended loca-
tion is obscured by other objects, our system uses the user’s speech
context to disregard any mentioned obstacles. For instance, when
organizing a virtual room, the user wants to move a chair behind a
table in front of the user. If the user points behind the table and says
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Extract parameter 

value from gesture

LLM System

Speech to Text with timestamps:

Extract Function, function parameters (object and position 

in this example):

“Hang the starry night painting on the wall here”

Gesture Processor

Segment user gestures using timestamps

Identify the gesture type to extract ambiguous value

XR System

GesPrompt

Retrieves object parameter value

Retrieves position parameter value

ResultUser Prompt

Speech

“Hang the starry night 

painting on the wall here”

Success

Failed
Gestures

Figure 2: SystemWorkflow: The system modifies the XR environment using speech and gesture prompts, processed by two core
components: the LLM system and the Gesture Processor. The LLM system converts speech to text with timestamps, identifies
operation functions and parameters, and extracts unambiguous values from the XR scene. The Gesture Processor resolves
ambiguous parameters by analyzing gestures segmented using speech timestamps and extracting values from the XR scene.
Once all parameters are identified, the system updates the XR environment. If the system fails to update the environment, an
error message will be sent to the user.

Parameter Type Position Object Direction

Example

Speech
“I want to go over there.” “What is this?” “It should face that way.”

Example

Gesture

(a) (b) (c)

Figure 3: Example showcase of deictic gestures and the spa-
tial parameters. For the Position parameter, the gesture could
be pointing toward a specific location. For the Object param-
eter, the gesture could be pointing directly at an object. For
the Direction parameter, the gesture could be a directional
pointing motion to indicate the desired orientation

“The chair should go there, behind the table.”, the system interprets
the table’s presence and places the chair in the correct position.

Object refers to an entity in the environment, such as virtual
contents, humans, or part of an object. The user may point to or
directly touch an entity to refer to it (Figure 3(b)). We apply a similar
method to process the object parameter as we do for the position
parameter, with some variations. Instead of returning coordinates,
the object that intersects with the ray is the output. Selecting an
object requires less precision compared to setting the position pa-
rameter because an object’s region typically encompasses a larger
area than a precise location. Therefore, the touch gesture depicted
in Figure 3(b) can be interpreted as an up-close pointing gesture
intended to select the object being touched by the user.

Direction refers to a spatial orientation or a directional vector in
the environment. By pointing within the environment (Figure 3(c)),
the user specifies a direction. The directional vector of the ray cast
from the user’s hand provides the value for this parameter.

Parameter Type Example Speech Example Gestures

Rotation “Rotate it like this.”

Size

(length/extent/range)
“Make it this large.”

Path

(Shape/Timing)
“It shapes like this.”

(a-1) (a-2) (b-1) (b-2)

(f-3)

(e)(c) (d)

(f-1) (f-2)

Figure 4: Examples of iconic gestures and the correspond-
ing spatial parameters. For the Rotation parameter, gestures
could include the rotation of one (a) or both (b) hands to
represent rotational movements. For the Size parameter, ges-
tures could indicate the relative size of an object using the
distance between fingers (c), hands (d), or between a hand
and a reference entity (e). For the Path parameter, gestures
could involve circular hand motions (f) outlining the shape
of a sphere or demonstrating the trajectory of an object.

3.2.2 Iconic Gestures. Instead of referencing external entities, the
user can also refer to the hand gestures themselves through iconic
gestures to express spatial parameters. We summarized three cat-
egories of spatial parameters that can be represented by iconic
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gestures, as illustrated in the examples in Figure 4: (a) Rotation, (b)
Size, (c) Path.

Rotation also refers to spatial orientation, but in this case, the
gesture mimics the full rotation process. For this parameter, there
are two cases: the user imagines holding and rotating the object
with one hand (Figure 4(a)) or two (Figure 4(b)). By monitoring
changes in the position of the user’s hands during the gesture, we
can determine whether one or both hands are involved. If only one
hand is used, the palm’s rotation change during the gesture will
be the output. If both hands are involved, we calculate the rotation
change based on the line formed between the hands.

Size refers to the dimension or scale of an object. Deriving from it,
length, extent, and degree parameters share the same characteristics
as the size parameter, as they all relate to measurable aspects of
entities. The size parameter can be represented using three types
of gesture: using the distance between fingertips (i.e. thumb and
index) (Figure 4(c)); using the distances between hands (Figure 4(d));
using the distance between the hand and another entity (e.g. hand
hovering over the tabletop surface to indicate height) (Figure 4(e)).
We calculate the distance accordingly using the gesture data, and
the resulting distance becomes the value for this parameter.

Path refers to a series of positions, rotations, and timestamps.
By demonstrating a path, the user can sketch a shape in mid-air
using both hands, as shown in Figure 4(f). Alternatively, the user
can generate a trajectory for a camera movement, as depicted in
Figure 1(c). The sequence of hand joint positions and rotations will
be the value for the path parameter.

3.3 LLM System

STT

GPT

User

Text 

prompt

Timestamps

Functions

Voice
Segmentation

Extraction

LLM System

FunctionsScene

Input Source Output Destination

Figure 5: LLM System consists of a speech-to-text (STT) mod-
ule and a GPT module. It processes user voice input and data
from the XR environment. It then outputs timestamps, pa-
rameter values, and tokens to the gesture processor and the
XR environment for further processing.

The LLM system in the workflow is composed of two key mod-
ules, as shown in Figure 5: the speech-to-text (STT) module and
the GPT module.

The STT module serves as a pre-processor for users’ speech.
Specifically, it converts users’ speech into text and records the
timestamp for each word. After the processing, the converted text
is forwarded to the GPT module for further analysis, and the times-
tamps of words are forwarded to the Gesture Processor for receiving
gesture inputs.

Given the converted text from the STT module, along with scene
information and function descriptions-including each function’s

purposes and function parameters (Figure 5) -the GPT module in-
terprets the converted text to determine appropriate functions and
corresponding parameter values so that the XR environment can
be changed to users’ intended state. In detail, the GPT module con-
sists of three steps: (1) Convert the user prompt into a sequence
of function calls. (2) For each function call, attempt to identify the
values of the parameters in the prompt. (3) Forwards ambiguous
parameters 𝑝𝑎𝑚𝑏

𝑖
to Gesture Processor for further calculation. The

system prompt of the GPT module is included in Appendix A.1.
Now we illustrate how the GPT module accomplishes the above

steps. Based on the user’s prompt, the GPT module first determines
which function calls are necessary to control the XR environment’s
state. For complex prompts that require multiple function calls,
the GPT module breaks the prompt into sub-prompts, allowing
each to be resolved by an individual function call. Next, the GPT
module traverses users’ prompts to extract the appropriate values
for the function parameters 𝑃𝑡𝑒𝑥𝑡

𝑖
. The types of 𝑃𝑡𝑒𝑥𝑡

𝑖
extend beyond

the types of spatial parameters. Any parameter value that can be
determined from the user’s speech can be considered as 𝑃𝑡𝑒𝑥𝑡

𝑖
, such

as colors, numeric values, and basic shapes.
If a parameter’s value cannot be identified due to ambiguity in

the textual description, it is marked as ambiguous parameters 𝑃𝑎𝑚𝑏
𝑖

,
and the parameters have the following constraints:

𝑃𝑖 = 𝑃𝑡𝑒𝑥𝑡𝑖 ∪ 𝑃𝑎𝑚𝑏
𝑖 (1)

and
𝑃𝑡𝑒𝑥𝑡𝑖 ∩ 𝑃𝑎𝑚𝑏

𝑖 = ∅ (2)
It means that the 𝑃𝑖 is composed of 𝑃𝑡𝑒𝑥𝑡

𝑖
and 𝑃𝑎𝑚𝑏

𝑖
, while there is

no overlap between 𝑃𝑡𝑒𝑥𝑡
𝑖

and 𝑃𝑎𝑚𝑏
𝑖

.
Then, the 𝑃𝑎𝑚𝑏

𝑖
and corresponding parameter tokens will be

passed to the Gesture Processor for further processing.

3.4 Gesture Processor

Segmentation

Extraction

User

𝑃𝑖
𝐺𝑒𝑠𝑡𝑢𝑟𝑎𝑙

Scene 

Information 

Scene

Functions

Gesture Processor

STT
Co-speech

Gestures

GPT

Input Source Output Destination

Figure 6: Gesture Processor comprised of a segmentation
module and an extraction module. It handles input from
the user’s gestures, parameter data from the LLM system,
and scene information from the XR environment. It then
generates gesture parameters for integration within the XR
environment.

We designed a Gesture Processor to retrieve the spatial-temporal
parameters. Specifically, given 𝑃𝑎𝑚𝑏

𝑖
, parameter tokens, and times-

tamps of each word from the LLM system, the Gesture Processor
analyzes gestural input and calculates the values for the ambiguous
parameters 𝑃𝑎𝑚𝑏

𝑖
.

The Gesture Processor consists of two components: segmentation
and extraction. As shown in Figure 6, in the segmentation step,
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the Gesture Processor first retrieves user gestures using timestamps
of parameter tokens. For example, in Figure 1 (b), the user says
’enlarge the painting to this large’. Gesture Processor segments users’
gestures when user says parameter tokens ’the painting’ and ’this
large’. In the subsequent extraction step, based on the parameter
type, the Gesture Processor uses the method described in Section
3.2 to calculate parameter values (𝑃𝐺𝑒𝑠𝑡𝑢𝑟𝑎𝑙

𝑖
) from the segmented

gesture data.

3.4.1 Segmentation. People tend to semi-automatically synchro-
nize key phrases (parameter tokens) with the co-speech gesture
[42, 98]. During the segmented co-speech gesture, the gesture en-
capsulates the majority of the meanings integral to the speech
[36, 51, 87]. Based on these findings, GesPrompt utilizes the timing
of when parameter tokens are articulated to extract the correspond-
ing second stage of the co-speech gesture, subsequently processing
the gesture according to the parameter type.

ThumbTip

Palm

Hand ray

(a) (b-1) (b-2) (b-3)

Index Metacarpal

Middle Tip

Index Tip

Figure 7: (a) Hand joints and hand ray used in GesPrompt.
(b) Process of creating a cone to select multiple object: (b-1) a
set of original hand rays from the segmented gesture; (b-2)
the average direction of the hand ray and the circle fit to the
hand ray origins, the vertex is 30 cm from the circle; (b-3)
Cone volume generated based on the vertex and circle, the
height of the cone is set to 10 m.

3.4.2 Extraction. For the gesture data, the positions and rotations
of the thumb, index, middle tip joints, index metacarpal joints,
and the palm joints for both hands are recorded (Figure 7(a)). The
difference in palm positions between each frame and the initial
frame is computed. A threshold is then applied to this difference
to determine if there is hand movement within the segment. If the
segmented gesture corresponds to spatial parameters that can be
expressed by the deictic gestures, the hand ray (Figure 7(a)) will
be used to determine the parameter value. The hand ray originates
from the index metacarpal joint and points to the index fingertip
joint. The length of the ray is set to 10 m. For the position parameter,
we calculate the average position of intersection points.

For the object parameter, a cone-shaped bounding volume is gen-
erated to encompass all intersecting objects. This is accomplished
using the method illustrated in Figure 7(b). From a segment of ges-
ture data, the hand ray is computed for each frame, as shown in
Figure 7(b-1). The cone’s directional vector is derived by averaging
these hand-ray vectors. Assuming the index tip positions describe
a circle, this circle is fit using the least-squares method on a plane,
with the plane’s normal corresponding to the directional vector
and the average palm positions lying on it. Empirically, the vertex
of the cone is positioned 30 cm behind this plane, as indicated by
the blue point in Figure 7(b-2). The cone’s height is defined as 10 m.

Using the directional vector, circle, vertex, and height parameters,
the cone-shaped volume is formed, as depicted in Figure 7(b-3).

For the direction parameter, the average hand ray is calculated
to be the vector for this parameter.

For the rotational parameter, if a single hand is involved, the rota-
tional difference of the palm between the initial and the final frame
is utilized. For gestures involving two hands, the line connecting
the palm joints is considered, and the rotational difference of this
line between the first and the last frame is used as the parameter’s
value.

For the size parameter in one-hand gestures, the average dis-
tance between the index fingertip joint and the thumb tip joint is
utilized. If the average distance between the index tip and middle
tip joints falls below a certain threshold, a ray is projected from the
palm joints. Unlike the hand ray, the direction of this ray follows
the palm joint’s forward direction (the direction the palm faces)
and terminates at the closest surface. The average length of these
rays will determine this parameter value. In the case of two-hand
scenarios, the mean distance between the palm joints of each hand
is considered.

For the path parameter, the positions and rotations of the six
joints for each hand are utilized as the parameter value.

3.5 XR System

Functions

Scene
Scene 

Information 
Extraction

XR System

GPT
𝑃𝑖
𝑡𝑒𝑥𝑡

𝐶
GPT

Extraction

Function 

Description 

transition 

state 

Output DestinationInput Source

Figure 8: XR system includes available functions and scene
information. It provides and obtains data to the LLM sys-
tem and gesture processor, and updates the scene state corre-
spondingly.

The XR System manages available functions and scene informa-
tion as shown in Figure 8. It receives function calls𝐶 and associated
parameters 𝑃𝑡𝑒𝑥𝑡

𝑖
from the LLM system, as well as 𝑃𝐺𝑒𝑠𝑡𝑢𝑟𝑎𝑙

𝑖
from

the Gesture Processor. If any parameters remain unresolved, the
user will be prompted for further clarification through speech or
gestures. GesPrompt presents a text box requesting the user to pro-
vide clarification, as illustrated in Figure 2 failed cases. The error
message details the function that GesPrompt intends to execute,
along with the parameters that are missing. When the user attempts
to call functions that are not available in the XR system, a general
error message will be shown to the user (“Sorry, the system is un-
able to do that, the system is able to do [list of functions].”). Once
all parameters are confirmed, the XR system executes the function
calls to transition the scene to the user’s intended state.

In the prototype system, a set of XR functions that assist funda-
mental XR manipulation was implemented to showcase the feasibil-
ity of GesPrompt. Researchers in the future may develop specialized
functions to facilitate additional interactions or opt for a system
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such as LLMR [28], which employs LLMs to generate scripts de-
rived from the user’s prompt. When an XR function is added to
the XR system, it is necessary to revise the metaprompt for the
GPT module within the LLM system to incorporate the function’s
description and parameters.

Here we summarize the XR functions that are implemented in
the prototype system:

• select(list of objects, color): selects objects of a certain color
from a list of objects.

• move(object, position): move an object to a new location.
• rotate_dir(object, direction): set the forward direction of the
object to the target direction.

• rotate(object, rotation): applies the rotation to the object.
• resize(object, size): change the size of the object to the target
size

• move_path(object, path): let an object move along a trajec-
tory back and forth.

• draw_path(path, shape_type): sketch a predefined shape
given the path. The shape_type includes straight lines, cir-
cles, and sine waves. We employ a linearized least-squares
approach for circle fitting, ordinary least-squares regression
for straight lines, and nonlinear least-squares optimization
for sine waves.

• set_color(object, color): set the color of an object to a given
color.

The scene information sent to the GPT module is formatted in
JSON and contains the name, position (meters), rotation (degrees),
and scale (meters) of every object present in the scene. Each pa-
rameter’s numerical value is rounded to three decimal places. An
example can be found in Appendix A.3.

3.6 Implementation
We developed a prototype VR system that implements the proposed
framework in Sec 3. The application is developed on the Unity3D
platform (2022.3.20f1) [6] and runs on the Meta Quest Pro headset
[3]. The user’s voice input is converted into text using the Azure AI
speech service [4]. For the LLM system, we used the GPT-4o model
[77] to process the given text. Skeletal gesture data are acquired
using native sensors from the Meta Quest Pro headset and the Meta
XR SDK [69].

4 User Study
We conducted a three-session IRB-approved user study to evalu-
ate: (1) the accuracy of combining natural language and gesture
input using GesPrompt , (2) the difference between GesPrompt,
gesture-only system, and voice-only system, and (3) the usage of
GesPrompt in an interior design scenario. The entire study lasted
approximately 1.5 hours, and each participant received a $20 e-gift
card. The study was conducted in a 5m by 5m indoor area and was
screen-recorded for post-analysis. Upon arrival, participants were
given an introduction to the system, including a detailed explana-
tion of the workflow and user interface. After three sessions, each
participant completed a 5-point Likert-scale questionnaire and the
standard System Usability Scale (SUS). We concluded the study
with a conversation-style interview to gather subjective feedback
on the system.

4.1 Participants
We recruited 12 participants (ten males and two females), ranging
in age from 18 to 26. Of these, 1 is an experienced developer of
head-mounted AR/VR applications, 8 had some experience with
head-mounted AR/VR applications, while the remaining three had
only heard of AR and VR. Four participants use ChatGPT often,
and eight participants use ChatGPT almost every day. Additionally,
two participants had no experience with Prompt Engineering, five
participants had heard of this concept, two participants had tried it
before, and three participants almost always uses prompt engineer-
ing in communicating with ChatGPT. None of the participants had
used our system prior to the study.

4.2 Session 1

(a) (b) (c)

(d) (e) (f)

Target i Target ii Target iii

30 cm

30 cm
30 cm

2
0
 c

m

Target i

Target ii

Target iii

Target

5 cm

20 cm

20 cm

Figure 9: User study session 1 setup: (a) position task; (b)
object task; (c) direction task; (d) rotation task; (e) size task;
(f) path task.

4.2.1 Procedure. In this session, we evaluated the system’s per-
formance in analyzing both speech and gesture data. In alignment
with earlier studies on fundamental object manipulation within
virtual environments [21, 68], we designed six tasks to examine
each spatial parameter independently:

(1) Position: move a cube on the left side of the table to the
target (Figure 9(a)). The initial position of the cube is ran-
domized in the left region.

(2) Object: select cubes of a certain color from piles of cubes
(Figure 9(b)). A total of 25 colored cubes, 9 red, 8 green, and
8 blue on the table. The target color and the position of the
cubes are randomized for each trial. We count the number
of correct cubes selected (TP), incorrect cubes selected (FP),
not selected correct cubes (TN), and not selected incorrect
cubes negative selection (FN).

(3) Direction: set the front face (marked in red) of the cube to
one of the five directions (Figure 9(c)). The initial rotation
of the cube is randomized in 360◦ on the x, y, z axis. The
target direction is highlighted in red. The order of the target
direction is randomized for each participant.

(4) Rotation: rotate a cube so that the front face is facing the
participant (Figure 9(d)). The initial rotation of the cube is
randomized in 180◦ on the x, y, z axis, and the red side is
always visible to the participant. Half of the participants are
asked to use one hand, and the other half to use two hands
to rotate the object.

(5) Size: resize the cube to the size of the target (Figure 9(e)).
The initial length of the cube is set to 10 cm. One-third of
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the participants each are asked to use (i) one hand (target
length 5 cm), (ii) two hands (target length 20 cm), and (iii)
use the table as a reference (target length 20 cm) to resize
the object.

(6) Path: create a path base on the reference path (Figure 9(f)).
The reference path is shown on the table. The participants
were asked to draw the path mid-air using the index finger of
their dominant hand while giving the speech command. One-
third of the participants each are asked to define (i) a straight
line (target length 30 cm), (ii) a circle (target diameter 30 cm),
and (iii) a sine wave (target length 30 cm, amplitude 20 cm,
period of 1.5).

In order to evaluate one spatial parameter per task, the cube ob-
ject will be automatically chosen for tasks aside from the object
task. Additionally, following prior work [28, 101], the following
evaluation metrics for failure cases are also used: (1) whether the
LLM system could identify 𝑃𝑎𝑚𝑏

𝑖
and the parameter tokens (type

1 error) and (2) whether the gesture data were correctly analyzed
based on the associated parameters and phrases (type 2 error). A
failed attempt is characterized by the authors being able to com-
prehend the participant’s command through speech and gesture,
recognizing it as appropriate for the task, yet GesPrompt does not
generate an accurate outcome. Participants were instructed to ex-
ecute each task five times. The successful trials were utilized to
assess the parameter metrics, while unsuccessful attempts were
included for error analysis. Completion time refers to the interval
between the moment the participant initiates the command and
when the system finalizes the execution of the function calls. The
Mann-Whitney U test is used to compare the results.

Participants were asked to treat the target as a mental reference,
and they should not explicitly mention it in their commands (i.e.,
they should not say "move the cube to the target" without any
gesture). The LLM system does not have information about the
target. We instructed the participants to interact with the system
as if they were communicating with a human and to request the
system to adjust the cube to the target state. The participant is
informed of the task type before each trial. trail No additional text
or voice instructions were provided to minimize influence on their
commands.

4.2.2 Results and Discussion. All users completed the tasks with
an average completion time per command of 3.28 seconds (SD =
0.85) and an average total error rate of 21.11%. The quantitative
comparison results of completion time for each task are shown in
Figure 10 top. We observe that the average completion time for
commands involving parameters “Position” (AVG = 2.71, SD = 0.60),
“Direction” (AVG = 2.58, SD = 0.44), “Size” (AVG = 3.15, SD = 0.50)
are lower than “Object” (AVG = 4.08, SD = 1.03), “Rotation” (AVG
= 3.65, SD = 0.63), “Path” (AVG = 3.52, SD = 0.72). Of the system
errors, shown in Figure 10 bottom, the type 1 error rate out of all
attempts is 4.72% and the type 2 error rate is 16.39%. The highest
total error rate occurred in the rotation task (28.33%), followed by
the path task (26.67%), position task (23.33%), object task (20.00%),
size task (15.00%), and direction task (13.33%). The gestures used in
the object, rotation, and path task are dynamic, implying that even
a minor alteration in gesture can lead to significant changes in the
outcome. Thus, tasks with dynamic gestures require more time. At

Average error per participant

Tasks

Type 1 

Error

Count

Type 1 

Error

SD

Type 1 

Error

Type 2 

Error

Count

Type 2 

Error

SD

Type 2 

Error

Total 

Error

Position (5) 0.33 0.49 6.67% 0.83 0.39 16.67% 23.33%

Object (5) 0.33 0.65 6.67% 0.67 1.07 13.33% 20.00%

Direction (5) 0.17 0.39 3.33% 0.50 0.80 10.00% 13.33%

Rotation (5) 0.25 0.45 5.00% 1.17 0.58 23.33% 28.33%

Size (5) 0.17 0.39 3.33% 0.58 0.79 11.67% 15.00%

Path (5) 0.17 0.39 3.33% 1.17 0.72 23.33% 26.67%

Total (30) 1.42 0.46 4.72% 4.92 0.78 16.39% 21.11%

Figure 10: User study session 1 result. Top: completion times
by spatial parameter, “*” indicates p-value <0.05, “**” indi-
cates p-value < 0.01, “***” indicates p-value < 0.001. The red
solid line represents the median, and the red dashed line
represents the mean. Bottom: average error per participant.

the same time, accurately segmenting the portion of the gesture
when it occurs is crucial in analyzing the dynamic gesture data, as
it contributes to an elevated error rate in these tasks.

For successful trials, we assess the accuracy of the results for
individual tasks (Table 1). The position metric is determined by
comparing the object’s final position with its target (AVG = 3.87 cm,
SD = 1.61 cm). The system exhibits a good understanding of the
intents involved in the position task. For object metrics, we evalu-
ate precision ( 𝑇𝑃

𝑇𝑃+𝐹𝑃 ) and recall ( 𝑇𝑃
𝑇𝑃+𝐹𝑁 ). The average precision

achieved is 100%, indicating that all selected cubes are of the cor-
rect colors, demonstrating that GesPrompt can comprehend object
attributes from speech. The average recall is 96.56%, suggesting
that the selection of objects by cone misses some objects outside
of it, likely due to an incomplete gesture segment. For direction
and rotation, the same degree difference metric is employed. We
calculate the least amount of rotation needed for the object to rotate
to the target rotation. Compared with the direction task (AVG =
2.37◦, SD = 2.30◦), the rotational difference is significantly higher
for the rotation task (AVG = 12.52◦, SD = 8.93◦, 𝑝 = 0.0025). This
discrepancy could be attributed to the fact that the rotation task
requires dynamic gestures, whereas the meaningful segment of
the gesture in the direction task is more static. Furthermore, since
the cube remains stationary during the command, it may leave the
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Table 1: Summary of quantitativemeasurements for different
spatial parameters. Position represents the distance between
the object and the target’s placement. Direction captures the
angular difference between the object and the target. Rota-
tion indicates the least rotation required to align the object
with the target. Size measures the percentage difference in
size between the object and the target. Path evaluates the
similarity between the user’s path and the intended path
using DTW-based similarity.

Parameter Mean STD

Position (m) 0.0387 0.0161
Direction (◦) 2.37 2.30
Rotation (◦) 12.52 8.93
Size (%) 16.84 12.36
Path (%) 91.47 8.23
Object Selection

Precision (%) 100.00
Recall (%) 96.56

Table 2: Quantitative measurements for rotation, size, and
path tasks under different conditions. Rotation (i): one hand;
Rotation (ii): two-hand; Size (1): one hand; Size (ii): two-hand;
Size (iii): refer to the table; Path (i): straight line; Path (ii):
circle; Path (iii): sine wave

Mean STD

Rotation (i) 17.89◦ 8.17◦
Rotation (ii) 10.82◦ 8.22◦
Size (i) 23.41% 11.39%
Size (ii) 12.54% 11.03%
Size (iii) 18.18% 13.28%
Path (i) 95.25% 2.34%
Path (ii) 90.67% 3.45%
Path (iii) 88.50% 7.37%

user uncertain about how much hand rotation is necessary. For
the size parameter, we calculated the percentage size difference to
assess its accuracy, i.e., | |𝑂𝑏 𝑗𝑒𝑐𝑡𝐿𝑒𝑛𝑔𝑡ℎ−𝑇𝑎𝑟𝑔𝑒𝑡𝐿𝑒𝑛𝑔𝑡ℎ | |

𝑇𝑎𝑟𝑔𝑒𝑡𝐿𝑒𝑛𝑔𝑡ℎ
. For the path

parameter, dynamic time wrapping-based similarity was used as a
metric. The average similarity is 91.47% and the standard deviation
is 8.23%.

Table 2 provides a detailed examination of system accuracy for
rotation, size, and path tasks under various conditions. Performance
with two hands (AVG = 10.82◦, SD = 8.22◦) in the rotation task
is more precise than with one hand (AVG = 17.89◦, SD = 8.17◦),
though not significantly. For the size task, two-hand usage results
in a smaller size percentage difference (AVG = 23.41%, SD = 11.39%)
compared to one-hand (AVG = 12.54%, SD = 11.03%, 𝑝 = 0.044) and
the reference (AVG = 18.18%, SD = 13.28%, 𝑝 = 0.035). In the path
task, drawing a line leads to higher similarity (AVG = 95.25%, SD =
2.34%) than drawing circles (AVG = 90.67%, SD = 3.45%, 𝑝 = 0.0031)
or sine waves (AVG = 88.50%, SD = 7.37%, 𝑝 = 0.004).

4.3 Session 2

Object

Target

0.6 m

Figure 11: User study session 2 setup

4.3.1 Procedure. In this session, we evaluated the difference be-
tween GesPrompt and two baseline systems. Guided by [28, 55],
we designed an A/B comparison study to compare user satisfaction
when using GesPrompt, gesture-only system, and voice-only sys-
tem to complete the same spatial task, which is to manipulate the
10 red cubes on the table so that they match the target state. The
setup for session 2 can be found in Figure 9. The task is structured
to encompass all six spatial parameters and is executable with all
three systems. This task incorporates all six spatial parameters as
previously indicated: (1) the user is required to select an object, (2)
generate a circular path, (3) define the position of this path, (4)
determine the size (diameter) of the circle, (5) as well as establish
the rotation or direction of each cube.

For the gesture-only system, only the manipulative gestures
are enabled. The user is restricted from using predefined Meta XR
SDK hand gestures to grab and release an object. Once the object
is grabbed, it will follow the position and rotation of the user’s
hand. While with GesPrompt, none of the predefined gestures are
enabled. GesPrompt only takes speech and raw gesture data as input.
For the voice-only system, we remove the gesture processor from
GesPrompt. Themetaprompt, shown inAppendix A.2, is modified to
instruct the GPT agent to find the values of all parameters solely on
the basis of the prompt and scene information given. We asked the
user to treat the target as amental reference and gave them the same
instructions as in session 1. The time limit for using each system
was restricted to 10 minutes. We recorded the total interaction time
with the system. For the gesture-only system, the interaction time is
defined as the time between the first manipulation of the object and
the last manipulation. For the other two systems, the interaction
time is defined as the time between the first command and the
last command. The order of use of GesPrompt and the baseline
systems was randomized for each user. At the start of the task,
the user was informed of which system they were using. The user
was directed to arrange the cubes in a configuration as similar as
possible to the target. They were allowed to stop whenever they
believed they had achieved their best effort in organizing the cubes.
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We applied Mann-Whitney U tests to compare the results from the
questionnaire.
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Figure 12: Session 2 conditions and example participant re-
sults.

4.3.2 Results and Discussion. The 12 users completed the task us-
ing the three systems within the time limit. The Likert-type results
collected from this session are shown in Figure 13. The average
interaction time with each system is: gesture-only system 91.11
seconds (SD = 23.00); voice-only system 108.58 seconds (SD = 29.46);
and our system 43.65 seconds (SD = 15.55). The SUS results show
that GesPrompt has good usability, with a mean score of 86 out of
100. Moreover, the gesture-only system obtained a SUS score of 74,
while the voice-only system received a score of 59.

Overall, users found it intuitive (Q1: AVG = 4.08, SD = 0.25) and
easy to learn how to use our system (Q2: AVG = 4.42, SD = 0.21). “I
would use gesture plus speech to communicate with others in my
daily life. (P5)”. In comparison to the voice-only system (Q1: AVG
= 3.00, SD = 0.26; Q2: AVG = 3.5, SD = 0.28), GesPrompt is more
accessible as users are not required to construct their prompts. Our
system (Q3: AVG = 4.14, SD = 0.86) demonstrates intent understand-
ing ability higher than the gesture-only system (Q3: AVG = 3.42,
SD = 0.25) and voice-only system (Q3: AVG = 2.58, SD = 0.0.34).
“I did not expect that your system can actually understand what I
mean by saying ‘that’. (P2)”. In the gesture-only system, some users
(P4, P7) with less HMD AR/VR experience report that the hand
gesture for grabbing and releasing objects feels unnatural, causing
frequent failures to grab their intended object. In the voice-only
system, some users felt frustrated when the cubes did not line up
in a circle, even after they specifically told the system to create 10
positions in a circular layout and move the cubes there. It did not
require much mental effort to use our system (Q4: AVG = 4.00, SD
= 0.23) compared to the voice-only system (Q4: AVG = 2.33, SD

Strongly Disagree Disagree Neutral Agree Strongly Agree

Q1: It is intuitive for me to use this system. 

Q2:It is easy to learn how to use this system.

Q3: The system accurately understands my intention.

Q4: It didn't require a lot of mental effort to complete 

the task using this system.

Q5: It didn't require a lot of physical effort to 

complete the task using this system.

Q6: It is easy to correct errors using this system.

Figure 13: Session 2 Likert-type questionnaire results; “*”
indicates p-value <0.05, “**” indicates p-value < 0.01.

= 0.32). “I don’t need to calculate or refer to the size of the table to
change the diameter of the circle (with our system). I can just do a
gesture. While in the voice-only system, I have to think about them
and explicitly tell the GPT. (P9)”. Regarding the physical effort, the
users find GesPrompt (Q5 : AVG = 3.58, SD = 0.34) demands less
than the other two systems (Gesture-only (Q5 : AVG = 2.92, SD =
0.27); Voice-only (Q5 : AVG = 3.00, SD = 0.31)). “It is frustrating to
manually organize the 10 cubes in a circle (with gesture-only system).

70



GesPrompt DIS ’25, July 05–09, 2025, Funchal, Portugal

When I add a new cube to the circle, I also have to adjust the positions
of other cubes to make it look like a circle. (P10)”. Most users agree
that it is easier to correct errors (Q6 : AVG = 4.17, SD = 0.25) using
our system in comparison to the voice-only system (Q6 : AVG =
2.66, SD = 0.32). “I just don’t know what I should say for the voice-
only system to understand me. (P4)” Yet, one user said that “I would
like to know that the system understands which object I am talking
about before I can give the following command. (P8)”. We will further
discuss this concern in Section 5.1.

Although the interaction time for the gesture-only system is
close to that of the voice-only system, the resulting cube configura-
tion using the gesture-only system did not match the target cubes.
After placing the cubes on the edge of a rough circle, most of the
users requested to skip the task and said that they were satisfied
with the result. The longer interaction time of the gesture-only
system compared to our system is due to that the user has to try
multiple times to rotate the cube to a suitable orientation and space
the cubes evenly along the circle. For the voice-only system, we ob-
served that users gave simple prompts like "put the cubes in a circle",
expecting the LLM agent to put the cubes in a spatially reasonable
position (i.e., on the table). This observation agrees with Manesh
et al. [8]. Although the LLM agent has all scene information, the
outcome of executing this command is that the cubes are on the
floor rather than the table, and the form resembles an ellipse rather
than a circular shape (Figure 12). As a result, the user needed to
experiment and incrementally add spatial constraints to the prompt,
increasing the interaction time with the voice-only system com-
pared to GesPrompt. For GesPrompt, the users also tried simple
prompts at first. When that fails, our system will let them know
which parameter value was missing. The users quickly understand
the system, and in the next command, add extra co-speech gestures
that represent the value. Thus, the interaction time is shorter than
that of the two baseline systems.

4.4 Session 3
4.4.1 Procedure. In this session, we aim to evaluate the overall
usability of GesPrompt through a complex interior design task. Par-
ticipants were instructed to rearrange furniture within a VR room
using GesPrompt. The VR room contains manipulatable objects,
specifically, three pictures, a table, a lamp, a chair, and a flower.
There are also non-manipulatable elements: four walls, a floor, a
door, a window, a fireplace, and a bookshelf (Figure 14(a)). To re-
flect the complexity of manipulating VR objects, we designed five
sub-tasks that involve multiple spatial parameters:

(1) Swap the positions of two pictures (Figure 14(b)).
(2) Move the table under the window while keeping the lamp’s

relative position on it (Figure 14(c)).
(3) Adjust the chair’s rotation and size to fit beneath the table

(Figure 14(c)).
(4) Reposition the flower to the fireplace with its color matching

that of the central picture (Figure 14(b)).
(5) Let the lamp move left-and-right on table (Figure 14(c)).

Participants received instructions for these tasks via a picture
shown in Figure 14(b) and (c). The participant was instructed to
note the distinctions among the pictures, flowers, tables, lamp, and
chair, and subsequently complete the assigned task.

(b)

(a)

(c)

Figure 14: User study session 3 setup: (a) The initial room
setup; (b) The target configuration of three pictures and the
flower; (c) The target configuration of the table, lamp, and
flower.

4.4.2 Results and Discussion. All 12 users completed the sub-tasks
and organized the room to the target state. The overall Likert-type
results collected from this session are shown in Figure 15(a). Overall,
the users find it easy to perform complex and logical manipulations
using GesPrompt (Q1: AVG = 4.33, SD = 0.25). “If I want to swap the
locations of two pictures, I don’t want to move the pictures directly
with my hands. It is much simpler to instruct your system to handle
that for me. (P6)”. In instances where several parameters require
definition, users expressed satisfaction with our system (Q2: AVG
= 4.33, SD = 0.27). “When adjusting the chair, it was easy to change
my hand gesture from indicating size to indicating rotation, which
saved a lot of time. (P11)”. Users feel it is straightforward to manage
multiple objects simultaneously with our system (Q3: AVG = 4.42,
SD = 0.25). “I felt natural to refer to the table and the lamp as ‘them’
while pointing to them, and the system gets what I meant by ‘them’.
(P7)”. The user also finds it easy to precisely define the parameter
values (Q4: AVG = 4.00, SD = 0.31). “I could not describe the exact size
of the chair with only my speech. It is easy to define it by gesturing.
(P3)”.

Additionally, the user was asked to rank their satisfaction with
defining each spatial parameter using GesPrompt. The results are
shown in Figure 15(b).With a high satisfaction rating, GesPromptwas
well-received with average scores of 4.17 (SD = 0.23) for position
and 4.08 (SD = 0.18) for object parameters. Participants were con-
fident that the specified object and position parameters aligned
with their expectations. However, one participant remarked “When
I command the system to move the table, I expect that the rotation of
the table will also be changed to facing inside the room. (P11)”. At the

71



DIS ’25, July 05–09, 2025, Funchal, Portugal Hu and Ma, et al.

Strongly Disagree Disagree Neutral Agree Strongly Agree

Q1: It's easy to perform complex and 

logical operations.

0 2 4 6 8 10 12

Q2: It's easy to define multiple 

parameters in a single operation.

Q3: It's easy to control multiple objects 

in a scene using the system.

Q4: It's easy to precisely define the 

parameter value.

User Satisfaction on Defining Different 

Spatial Parameters with GesPrompt

(b)

(a)

Figure 15: Session 3 Likert-type questionnaire results. (a)
Qualitative Results; (b) User satisfaction for defining spatial
parameters using GesPrompt, all p-values are larger than
0.05.

same time, another participant said “I want the system to also move
the lamp with the table, even if I only selected the table. (P12)”. These
expectations highlight the need to incorporate the spatial context
understanding ability in future versions of the system. Potential
approaches are: (i) pre-evaluating whether a function call would
lead to a spatially sensible environmental state, and (ii) defining
the spatial relationship between objects based on the names and
positions of the objects with the help of GPT or allowing manual
user definition. Participants expressed considerable satisfaction
with both direction (AVG = 4.17, SD = 0.28) and rotation (AVG =
3.92, SD = 0.25) parameters. A majority of the 9 participants set
the direction of the table, with the others opting for the two-hand
rotation. For chair rotation, four opted for one-hand rotation, three
chose two-hand rotation, and the remainder used deictic gestures to
set the direction. Additionally, 4 participants attempted to directly
grab the chair while manipulative gestures are not enabled in the
system. The initial position, rotation, and size of the object are
possible factors of which gesture is chosen to perform the rotation
task. Further study is required to evaluate those factors. For the
size parameter (AVG = 4.17, SD = 0.26), all participants used the
two-hand size gesture while referencing the length of the hole un-
der the table to resize the chair. Possible factors for choosing the
size gesture include the value of the target size, the position, and
the size of the reference. For the path parameter (AVG = 3.75, SD
= 0.39), although most users are satisfied with the result, it ranks

the lowest among the six spatial parameters. When defining the
movement of the lamp on the table, the majority of participants
(10) demonstrated the left-to-right and right-to-left motion more
than 2 times in a single command. Lacking path editing functions,
the prototype system requires participants to redefine the path
parameter for any edits. The participant’s behaviors suggested that
further research is needed to investigate how users would define
the animation of objects with speech and gesture.

5 Limitations And Future Work
5.1 Concurrent Feedback
Although the users are mostly satisfied with our system, some
users mention “The system should show me that it understands my
command when I am giving the command (P4).” This emphasizes
the importance of integrating concurrent feedback, meaning the
system will interpret words as they are spoken, indicating the sys-
tem’s status when necessary. The feedback could be highlighting
the objects the user is currently talking about, changing the ob-
jects’ size according to the user’s hand motion, etc. Currently, the
system waits until the users complete a full sentence or command
before processing the request and giving feedback by changing
the state of the environment objects or asking the user for more
information. GesPrompt’s workflow ensures that the command is
analyzed in full context from both speech and gesture input, further
eliminating ambiguities in text. However, this workflow will create
a slight delay between interaction and feedback, especially when
the user tries to complete multiple tasks in a single command. The
delay will lead to uncertainties and frustrations on the user side.
With timely feedback, users could correct the system or clarify
themselves as soon as feedback arrives, making the whole process
more efficient. Future improvement in GesPrompt could be adding
real-time processing capabilities similar to GitHub Copilot’s [37]
code auto-complete feature.

5.2 Time Disparity between Gesture and Speech
The gesture segmentation and parameter extraction method was
proven to be accurate in most of the commands in the user study. It
was theorized on the basis that the co-speech gesture will appear ap-
proximatelywhen parameter token is spoken [42, 98]. GesPrompt also
adds padding before and after the when parameter token are spoken
to ensure that the entire co-speech gesture is segmented. However,
two specific edge cases were observed. In the interview, some users
said that "sometimes I need to think about what kind of gesture I
should do after giving the command to the system (P3)". This situa-
tion results in the time disparity between parameter tokens and the
segmentation window of the co-speech gesture. Thus, the gesture
data segmentation method is not always reliable, especially with
a novice user. At the same time, some users mention that "(when
manipulating the cube)...for me, I would just say ’[point to the cube]
go there [point to a position]’ or ’You [point to the cube] move [point
to a position]’." With a shortened command, i.e., an elliptical sen-
tence (ellipsis), the basic elements of a complete sentence could
be missing; there would not be any parameter tokens to segment
and process some of the gesture data. GesPrompt prototype system
handles these two edge cases by asking the user to clarify the pa-
rameters that the system cannot determine. While this approach
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ensures that the parameter value is what the user intended, the
extra interaction steps may frustrate some users.

In future work, incorporating a tailored gesture recognition
model [10, 72] could further improve the robustness of the sys-
tem. The gesture recognition model can serve as additional gesture
segmentation cues. Together with the parameter tokens, they mutu-
ally determine the meaningful segments of the gesture data that are
relevant to the parameters. Moreover, a calibration module can be
integrated into GesPrompt to understand users’ habits of merging
speech and gestures. A neural network model could be designed to
capture how users typically integrate their speech with gestures.

5.3 Richer Multimodal Inputs: Complex
Gestures, Gaze, & More

While GesPrompt successfully handles both static (position, object,
direction, size) and dynamic (path, rotation) co-speech gestures in
our proof-of-concept prototype, the space ofmore complex, compos-
ite gestures remains underexplored. In our current implementation,
the path parameter is rendered via a simple draw_path function
that uses only index-finger positions—omitting richer cues such as
hand orientation, multi-finger trajectories, or multi-phase motion.
Extending the XR function library—for example, to jointly utilize
simultaneous translation and rotation, staged gesture sequences, or
parameterized curved trajectories—would enable far more nuanced
interactions. Future work could test and investigate specialized XR
functions that can use these parts of the path parameter. Potential
applications include: Robotics teleoperation [84], where operators
could guide both the path and orientation of robotic arms through
continuous path gestures. Sports training systems [63], where com-
plex gesture patterns could represent specific motion trajectories
(e.g., coaching swings, throws, or strokes). Medical training simula-
tions [106], where fine-grained gesture combinations are needed
to mimic surgical tool manipulations or multi-step procedures. AR
3D modeling systems [31], where the co-speech gesture can be
used to draw a quick sketch, denote surface normals, and specify
solid feature extruding directions. These extensions present both
a challenging research agenda and a promising avenue for richer,
more expressive multimodal XR interaction.

GesPrompt focus on hand gestures due to their expressiveness
and popularity in the XR domain [39, 86]. Besides the hand, other
types of human input, such as gaze [81], brain activity [34], and
more [115], can also enrich interaction. For example, users may
find it more intuitive and convenient to use gaze to indicate the
object they are talking about when they are holding something
heavy with their hands. Thus, adding other input modalities would
increase the usability of the system. The statement is consistent
with [65].

Other input modalities can be added to GesPrompt in addition to
the gesture processor. The processors for multi-input could run in
parallel and make their own guesses of the values for 𝑃𝑎𝑚𝑏

𝑖
based on

the corresponding inputs. Then, a Bayesian network model could
be applied to determine the most probable value of 𝑃𝑎𝑚𝑏

𝑖
.

5.4 Adapting GesPrompt to Other Platforms
Although the GesPrompt prototype is implemented for virtual re-
ality evaluation, the framework is adaptable to augmented reality,
desktops.

HMD AR and VR have numerous similarities. Based on the real-
ity–virtuality continuum [71], AR is distinct because it incorporates
real-world entities. The real-world entities can be added to the XR
system by scanning to produce a digital twin of the real-world
environment. Once the digital twin is formed with object labels,
meshes, position, and rotation, GesPrompt can be adapted to HMD
AR. Prior work GazePointAR [56] shows that object parameters
can be determined using eye gaze, hand pointing, and 2D vision
models. With the help of GesPrompt framework, additional spatial
parameters and interactions can be facilitated.

On the desktop platform, the gesture data can be acquired by
adding peripheral sensors like Leap Motion [2]. The scene infor-
mation should include the position of the computer screen and the
contents on the screen. With modified metaprompt and XR system
functions, GesPrompt has the potential to enable users to interact
with speech and gesture for software such as 3D modeling and
graphic design.

5.5 Context Awareness
In our implementation, we assign a meaningful name to each object
in the Unity scene (e.g., “Starry Night” painting), consistent with
common scene-building practice. These names supply the textual
context that the system needs to identify target objects. While
assigning names to objects is optional and varies by individual habit,
this step provides an ad hoc solution for the LLM to identify each
object. Without proper naming, the scene information may lack
critical metadata, potentially causing system failures. Future works
could explore the use of visual languagemodels (VLM) [59, 100, 103]
to automatically assign descriptive names for objects during the
scene construction or in real-time.

While the scene information that contains the name, position,
rotation, and size is sent to the LLM system, the implicit spatial
relationships are not taken into account. Examples of the spatial
relationship include “the lamp should always be on the table”, “the
front of the table should have space for people”, “the painting on
the wall should be perpendicular to the ground”, etc. User study
observations indicate that users expect the system to comprehend
these spatial relationships, whereas the GPT agent fails to deduce
them from the objects’ positions and names. In order to incorpo-
rate the spatial relationships of objects in the future iterations of
GesPrompt, a validation subsystem can be added to detect the spa-
tial relationships. If the function call produces a spatially invalid
state of the environment (i.e., spatial relationship constraint not
met), the validation subsystem will notify the user for clarification.
Alternatively, the subsystem can be configured to determine the
nearest spatial parameters that yield a valid state based on the user’s
input.

The user’s perspective is another element of spatial context.
Orientation terms such as “left”, “right”, “front”, and “back” can
represent various world directions based on the user’s and object’s
positioning and rotation. Currently, GesPrompt needs the user to
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clarify orientation through gestures. To enable the system to in-
terpret these terms, relative direction vectors can be computed,
allowing the system to use these vectors when necessary. Further-
more, users might want distant objects to be resized from their
perspective, which means that the value of the size parameter ac-
quired from the gesture processor should be proportionally scaled
based on the position of the user and the object. To implement
perspective resizing, an additional XR system function can be intro-
duced, applying a threshold on distance to choose the appropriate
resize function.

5.6 Future Applications
By adding other existing XR applications to the function compo-
nent of GesPrompt XR system, the speech + co-speech gesture
interaction can be merged into those applications with proper mod-
ifications.

5.6.1 Interactive XR Content Creation. The need for XR content
creation has been demonstrated in previous works with the content
being object [97], UI [32, 40, 41], tutorial [89], and scene [14, 85].
With GesPrompt, the user can easily define spatial parameters
without mentally measuring and translating, which means that
they can simply use gestures to indicate the value of the parameters,
thus reducing the cognitive load. For example, the user can say “I
want to create an object with a shape like this.” while tracing the
outline of the imaginary object with their hands; say “Turn this part
red” while touching part of the object; say “It can be opened like
this.” while demonstrating how it should be opened using gestures.

5.6.2 Communicating with XR Agent. User describing their needs
to the XR agents has been a challenge when referring to the spatial
entities [30]. Our system allows the user to demonstrate spatial
and physical concepts by enabling the use of co-speech gestures.
For example, if the user is having trouble assembling a virtual
mechanical component, they can not think of a way to describe the
direction of the component. With the help of our system, they can
now ask the agent “should I insert the component this way or that
way?” while presenting two different directions with a gesture.

5.6.3 Interacting with XR Environment. Previous work [46, 88, 101,
102, 105] has explored creating personalized interactions in XR
environments. In addition to embodied demonstrations, these ap-
proaches often require visual programming to manually connect
triggers and actions. GesPrompt allows users to communicate their
abstract programming intentions through speech while still demon-
strating with gestures, thus reducing the physical effort of “connect-
ing lines” between triggers and actions. In a situation where the
users try to program an interaction in which the user uses gesture
and voice to trigger an action of an object, the lengthy authoring
process could be shortened with our system. The user can simply
say, “When I say ’wingardium leviosa’ and do this gesture, the feather
will flow with my hand like this.” to create the desired interaction.

6 Conclusion
In this work, we present GesPrompt, an LLM-powered multimodal
XR interface that allows users to express their intention with both

speech and gesture. With our system, the user can present spatial-
temporal information to the system via co-speech gesture, allevi-
ating the burden of creating detailed prompts that describe the
spatial-temporal information. We first discuss the need and method
of incorporating the co-speech gestures into the communication
with the copilot. Then we present the overall system workflow and
a walk-through of the copilot system. GesPrompt consists of two
main components: the LLM system and the Gesture Processor. The
LLM system directly processes the user’s speech, outputs function
calls and part of the parameter values to the XR system, and cues
for analyzing gesture to the gesture processor. The gesture processor
uses the cues to segment and extract spatial-temporal information
from the co-speech gesture, sending the remaining parameter val-
ues to the XR system. Finally, the XR system executes the function
call, changing the environment to the user-intended configuration.
Next, we illustrate the spatial-temporal parameters and their rela-
tions to the co-speech gesture. The details of each component in
GesPrompt are then explained. We implemented this workflow to
create a prototype VR system that is capable of helping the user
manipulate objects in the virtual environment. In addition, to ex-
plore the feasibility of the proposed workflow and user behavior
with GesPrompt , we conducted a three-session user study. The
results indicate that GesPrompt significantly improves user satisfac-
tion, decreases cognitive load, and improves the overall experience.
Through the user study, we also identified some of the limitations
of the current implementation and possible solutions for future
studies. In summary, we believe that GesPrompt presents a novel
approach to combining gesture and voice input in the HCI area,
opening up new possibilities to integrate co-speech gestures into
LLM-based systems and inspiring the next generation of intelligent,
user-centered XR environments.
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A Appendix
A.1 GesPrompt GPT Module Metaprompt

### Objective
Use user commands to generate precise JSON outputs that

dictate functions for a Unity environment. This
involves identifying manipulated objects , handling
missing parameters , and outputting functions in a
structured JSON format. Different functions require
different parameters.

### Function Types
1. ** Select **: Selects objects of certain color from a

list of objects. Require "objects" and "color".
2. **Move **: Moves a GameObject to a specified position.

Require "object" and "position ".
3. ** Rotate_Dir **: Rotates a GameObject to a specified

orientation base on the direction. Require "object"
and "direction ".

4. ** Rotate **: Rotates a GameObject to a specified
orientation. Require "object" and "rotation ".

5. ** Resize **: Changes the size of a GameObject. Require
"object" and "size".

6. ** Move_Path **: Defines an animation path for a
GameObject through multiple positions. Require "
object" and "path".

7. ** Draw_Path **: Draws a path in the scene. Require "
path" and "shape_type ".

8. ** Set_Color **: Alters the color of a GameObject.
Require "object" and "color".

### Parameter Types
1. ** Position **: A Vector3 value denoting the position.
2. ** Object **: A GameObject.
3. ** List_Object **: A list of gameobjects.
4. ** Direction **: A Vector3 value denoting the direction.
5. ** Rotation **: A Quaternion value denoting the rotation

.
6. **Size **: A Vector3 value denoting the size.
7. **Path **: A list of positions and rotation.
8. **Color **: A Vector 3 value denoteing the RGB of the

color.
9. ** shape_type **: An int value to define shape type , 0

for line , 1 for circle , 2 for sine wave.
10. **Type **: An int value to define function type.

### Missing Parameters
If one spatial parameter is not clearly defined in the

command , like "move this object to that place", "
move the blue object to the right side of the flat
surface", where "this object", "that place", "the
blue object" and "right side of the flat surface"
are missing "object" and "position ". In this case ,
you need to define the parameters with descriptions ,
like "this", "that", "blue" and "right side of the

flat surface ".
If the description itself cannot represent the parameter

alone you need to supplement the description with
the reference , like "move the object on the left
side of the table to the right side", the "
description" of the "parameter" position should be "
the right side of the table".

### Spatial Parameters
In case the description includes demonstrative pronouns

like "this", "that", "there", etc., an the word
index of the first word in the phrase related to the
missing spatial parameter is needed for the missing
parameter. Give each object an "id" so if it occurs
in multiple functions you can use "id" to define it

. This also works for "position ". Its idea is
independent from "object ". Both indices should start
from 0. If a missing parameter is defined with "id

", then you use only "id" to represent it.

**Note :**
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The word is separated by space , so the index of the first
word related to the missing parameter is needed for
the missing parameter. The index starts from 1.

Make sure the index does not exceed the number of
words in the command. The description of the
parameter is the phrase related to the missing
parameter. The description must be exactly the same
as the phrase in the original command related to the
missing parameter.

### Process:
The scene information accompanied should also be put into

consideration.
1. ** Action Identification and Mapping :** Parse the

command to extract functions and match them with the
given functions.

2. ** Multiple functions :** If the command contains
multiple functions or the command needs to be broken
down into smaller functions , you need to extract

them separately.
3. ** Parameter Extraction :**

- Extract necessary parameters for functions from the
command and the scene information.

- You need to consider the scene information to
determine the parameter values.

- If you cannot find the parameter value in the scene
information and the user command , you need to
mark it as missing.

- Identify missing parameters and use indices to note
the first words related to missing details.

4. **JSON Output Construction :** Create a structured JSON
string that details all functions , including

parameters , missing parameters , and pronoun indices.
5. **JSON Output Format :**

- "functions ": List of functions with "id", "
functionType", and "parameters ".

- "id": Unique identifier for the function.
- "functionType ": Type of function.
- "parameters ": List of parameters with "id", "

parameterType", and additional parameters
specific to the action type.

- "parameterType ": Type of parameter.

### Output Specification
- A JSON formatted string encapsulating the functions and

parameters , focusing strictly on providing
actionable data without additional narrative or
explanations.

- Example JSON Output for Command "Take that object from
the table , make it twice as big , and place it on the
right side of the blue box ":

```json
{

"functions ": [
{

"id": 0,
"functionType ": 5,
"parameters ": [

{
"id": 0,
"description ": "that object from the

table",
"index": 2,
"parameterType ": 2

},
{

"id": 1,
"parameterType ": 6,
"size": {

"x": 2.0,
"y": 2.0,
"z": 2.0

}
}

]

},
{

"id": 1,
"functionType ": 2,
"parameters ": [

{
"id": 0,
"parameterType ": 2

},
{

"id": 2,
"description ": "right side of the

blue box",
"index": 17,
"parameterType ": 1

},
]

}
]

}
```
**Note :**
"parameters ":{[{" id": 0}]} represents the "that object

from the table" which is defined with "id": 0, so
you just need to give "id": 0 for the "parameterType
:2" parameter in the "move" function.

A.2 Voice-only System GPT Module
Metaprompt

### Objective
Use user commands to generate precise JSON outputs that

dictate functions for a Unity environment. This
involves identifying manipulated objects , handling
missing parameters , and outputting functions in a
structured JSON format. Different functions require
different parameters.

### Function Types
1. ** Select **: Selects objects of certain color from a

list of objects. Require "objects" and "color".
2. **Move **: Moves a GameObject to a specified position.

Require "object" and "position ".
3. ** Rotate_Dir **: Rotates a GameObject to a specified

orientation base on the direction. Require "object"
and "direction ".

4. ** Rotate **: Rotates a GameObject to a specified
orientation. Require "object" and "rotation ".

5. ** Resize **: Changes the size of a GameObject. Require
"object" and "size".

6. ** Move_Path **: Defines an animation path for a
GameObject through multiple positions. Require "
object" and "path".

7. ** Draw_Path **: Draws a path in the scene. Require "
path" and "shape_type ".

8. ** Set_Color **: Alters the color of a GameObject.
Require "object" and "color".

### Parameter Types
1. ** Position **: A Vector3 value denoting the position.
2. ** Object **: A GameObject.
3. ** List_Object **: A list of gameobjects.
4. ** Direction **: A Vector3 value denoting the direction.
5. ** Rotation **: A Quaternion value denoting the rotation

.
6. **Size **: A Vector3 value denoting the size.
7. **Path **: A list of positions and rotation.
8. **Color **: A Vector 3 value denoteing the RGB of the

color.
9. ** shape_type **: An int value to define shape type , 0

for line , 1 for circle , 2 for sine wave.
10. **Type **: An int value to define function type.

### Missing Parameters
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If one spatial parameter is not clearly defined in the
command , like "move this object to that place", "
move the blue object to the right side of the flat
surface", where "this object", "that place", "the
blue object" and "right side of the flat surface"
are missing "object" and "position ". In this case ,
you need to define the parameters with descriptions ,
like "this", "that", "blue" and "right side of the

flat surface ".
If the description itself cannot represent the parameter

alone you need to supplement the description with
the reference , like "move the object on the left
side of the table to the right side", the "
description" of the "parameter" position should be "
the right side of the table".

### Spatial Parameters
In case the description includes demonstrative pronouns

like "this", "that", "there", etc., an the word
index of the first word in the phrase related to the
missing spatial parameter is needed for the missing
parameter. Give each object an "id" so if it occurs
in multiple functions you can use "id" to define it

. This also works for "position ". Its idea is
independent from "object ". Both indices should start
from 0. If a missing parameter is defined with "id

", then you use only "id" to represent it.

**Note :**
The word is separated by space , so the index of the first

word related to the missing parameter is needed for
the missing parameter. The index starts from 1.

Make sure the index does not exceed the number of
words in the command. The description of the
parameter is the phrase related to the missing
parameter. The description must be exactly the same
as the phrase in the original command related to the
missing parameter.

### For the missing parameters use the scene information
and the user command to deduct the value to your
best ability.

### Process:
The scene information accompanied should also be put into

consideration.
1. ** Action Identification and Mapping :** Parse the

command to extract functions and match them with the
given functions.

2. ** Multiple functions :** If the command contains
multiple functions or the command needs to be broken
down into smaller functions , you need to extract

them separately.
3. ** Parameter Extraction :**

- Extract necessary parameters for functions from the
command and the scene information.

- You need to consider the scene information to
determine the parameter values.

- If you cannot find the parameter value in the scene
information and the user command , do not mark it
as missing , use the scene information and the
user command to deduct the value to your best
ability.

4. **JSON Output Construction :** Create a structured JSON
string that details all functions , including

parameters , and pronoun indices.
5. **JSON Output Format :**

- "functions ": List of functions with "id", "
functionType", and "parameters ".

- "id": Unique identifier for the function.
- "functionType ": Type of function.
- "parameters ": List of parameters with "id", "

parameterType", and additional parameters
specific to the action type.

- "parameterType ": Type of parameter.

### Output Specification
- A JSON formatted string encapsulating the functions and

parameters , focusing strictly on providing
actionable data without additional narrative or
explanations.

- Example JSON Output for Command "Take that object from
the table , make it twice as big , and place it on the
right side of the blue box ":

```json
{

"functions ": [
{

"id": 0,
"functionType ": 5,
"parameters ": [

{
"id": 0,
"description ": "that object from the

table",
"index": 2,
"parameterType ": 2

},
{

"id": 1,
"parameterType ": 6,
"size": {

"x": 2.0,
"y": 2.0,
"z": 2.0

}
}

]
},
{

"id": 1,
"functionType ": 2,
"parameters ": [

{
"id": 0,
"parameterType ": 2

},
{

"id": 2,
"description ": "right side of the

blue box",
"index": 17,
"parameterType ": 1

},
]

}
]

}
```
**Note :**
"parameters ":{[{" id": 0}]} represents the "that object

from the table" which is defined with "id": 0, so
you just need to give "id": 0 for the "parameterType
:2" parameter in the "move" function.

A.3 Scene Information

{
"EnvObjects ": [

{"name": "table", "position ": {"x": 0.0, "y": 0.055,
"z": 1.9}, "rotation ": {"x": 0.0, "y": 90.0, "z
": 0.0}, "size": {"x": 3.0, "y": 0.1, "z": 2.0}}

],
"TargetObjects ": [

{"name": "Red Cube 00", "position ": {"x": 0.005, "y":
0.734, "z": 1.85}, "rotation ": {"x": 90.0, "y":
269.9, "z": 0.0}, "size": {"x": 0.1, "y": 0.1,

"z": 0.1}},
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{"name": "Blue Cube 01", "position ": {"x": 0.007, "y
": 0.734, "z": 1.859} , "rotation ": {"x": 0.0, "y
": 165.4, "z": 270.0} , "size": {"x": 0.1, "y":
0.1, "z": 0.1}},

{"name": "Red Cube 02", "position ": {"x": -0.207, "y
": 0.734, "z": 1.833} , "rotation ": {"x": 0.0, "y
": 3.2, "z": 0.0}, "size": {"x": 0.1, "y": 0.1,
"z": 0.1}},

{"name": "Blue Cube 03", "position ": {"x": 0.253, "y
": 0.734, "z": 1.777} , "rotation ": {"x": 0.0, "y
": 173.3, "z": 0.0}, "size": {"x": 0.1, "y":
0.1, "z": 0.1}},

{"name": "Red Cube 04", "position ": {"x": -0.149, "y
": 0.734, "z": 1.956} , "rotation ": {"x": 0.0, "y
": 263.4, "z": 0.0}, "size": {"x": 0.1, "y":
0.1, "z": 0.1}}

]
}
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