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Fig. 1. This scenario illustrates a system implemented based on GestureGPT.

Existing gesture interfaces only work with a fixed set of gestures defined either by interface designers or by
users themselves, which introduces learning or demonstration efforts that diminish their naturalness. Humans,
on the other hand, understand free-form gestures by synthesizing the gesture, context, experience, and
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common sense. In this way, the user does not need to learn, demonstrate, or associate gestures. We introduce
GestureGPT, a free-form hand gesture understanding framework that mimics human gesture understanding
procedures to enable a natural free-form gestural interface. Our framework leverages multiple Large Language
Model agents to manage and synthesize gesture and context information, then infers the interaction intent
by associating the gesture with an interface function. More specifically, our triple-agent framework includes
a Gesture Description Agent that automatically segments and formulates natural language descriptions
of hand poses and movements based on hand landmark coordinates. The description is deciphered by a
Gesture Inference Agent through self-reasoning and querying about the interaction context (e.g., interaction
history, gaze data), which is managed by a Context Management Agent. Following iterative exchanges, the
Gesture Inference Agent discerns the user’s intent by grounding it to an interactive function. We validated our
framework offline under two real-world scenarios: smart home control and online video streaming. The average
zero-shot Top-1/Top-5 grounding accuracies are 44.79%/83.59% for smart home tasks and 37.50%/73.44% for
video streaming tasks. We also provide an extensive discussion that includes rationale for model selection,
generalizability, and future research directions for a practical system etc.

CCS Concepts: » Human-centered computing — Gestural input; User interface management systems.
Additional Key Words and Phrases: Free-Form Gesture, Zero-Shot, Gesture Recognition, Interaction Context
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1 Introduction

Gestures express human intent intuitively and promptly, enabling natural human-computer inter-
action with low cognitive load [50, 72]. Most existing gesture interfaces support only predefined
gestures, which can achieve a very high gesture classification accuracy [3, 65]. However, it requires
significant effort to learn and memorize different gestures and their respective mappings to system
functions, particularly with a large set of gestures [11, 15]. The gesture-function mapping is also
fixed, which cannot be easily expanded and may contradict users’ preferences [8, 45, 64].

To address the limitations of predefined gestures, researchers have proposed gestural interfaces
that support user-defined gestures [37, 67, 73]. Users can define their own gestures for each
function with only a few demonstrations, thus eliminating the learning effort and enhancing
system flexibility. However, each user must design and demonstrate their own gesture and associate
it with a system function [41, 57]. Users also still need to memorize their own gestures, which
may lead to frustration using the interface, especially when there are a large number of functions.
Such constraints degrade the natural interaction experience and hinder the broad adoption of
gestural interfaces, leading to Norman’s famous argument that “Natural User Interfaces are Not
Natural” [46]. While significant advances have been made in gesture recognition technologies
over the years, this naturalness challenge of gestural interfaces persists. To address the pursuit
of more natural gestural expressions, users expect high-frequency gestures to seamlessly link
various functions (e.g., common touchscreen gestures like zooming in/out, or typical semantic
gestures like thumbs-up and rock-and-roll) without being confined to a limited set of expressions
or frequently needing to customize their own [26, 34]. Additionally, as gestural interfaces become
more widespread, users will likely experience significant improvements in both their familiarity
with these expressions and the speed of their interactions [44, 58].

To that end, future gestural interfaces require direct, end-to-end gesture understanding rather
than merely gesture recognition. Users should not have to learn, memorize, or demonstrate
specific gestures. Instead, they can perform gestures naturally, according to their understanding of
the function’s semantics and their everyday interaction experiences with humans and machines.
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The interface automatically links the gesture to its corresponding function, considering both the
gesture and the interaction context. This gesture understanding task is inherently more challenging
than simple gesture recognition.

We propose GestureGPT, an LLM-based paradigm that comprehends natural free-form hand
gestures and automatically links them to their intended functions. The core idea of GestureGPT is
to utilize the LLM’s rich common sense for recognizing gestures and understanding the interaction
context, as well as its potent inference capabilities to map gestures to their intended functions.
Constructing such an LLM-based gesture understanding framework demands considerable effort.
For instance, gestures and context information must be transformed and formatted in a way that
LLMs can process. Additionally, there needs to be a mechanism for robust and thorough synthesis
of all relevant information without overlooking any details.

To that end, we design a triple-agent paradigm that generates gesture descriptions, manages
the context, and infers the intended function. This involves a Gesture Description Agent, a Gesture
Inference Agent, and a Context Management Agent, all based on LLMs. 1) The Gesture Description
Agent describes hand gestures in natural languages to facilitate the powerful text-based LLMs’
reading and understanding of gestures. A set of specially designed and tuned rules transforms
hand poses and movements into discrete states (e.g., the bending state of each finger) based on
visually extracted hand landmarks, triggered by raising the hand to the chest level. The agent
then synthesizes a general description of the gesture based on a matrix formed with the states. 2)
The Gesture Inference Agent analyzes the description and initiates a conversation with the Context
Management Agent to inquire about the context information. After multiple rounds of dialogue, it
infers which interactive function the user intends to activate. 3) The Context Management Agent
answers questions from the Gesture Inference Agent by referring to a context library, which includes
various types of context information, such as gaze points and interaction history, etc. The context
library is organized in JSON file format.

Figure 1 envisions a process in which a system, implemented through the GestureGPT concept,
understands a user’s gesture. In this scenario, he (a) triggers the system with a raised right hand
above the chest, followed by looking at the light and performing a “pinch and move up” gesture.
The (b) input camera captures this action through real-time video streaming. (c) The

processes the gesture by (d) filtering key frames from the video and extracting

hand landmarks to (e) generate the gesture state matrix. Subsequently, (f)
generates a description of the gesture’s pose and movement. Upon activation by the description, the
(g) analyzes this description to determine which function the gesture maps
to and (h) assesses the confidence level of the result. If the confidence is deemed insufficient,

requests context information from the (i) Context Management Agent, which
retrieves relevant data from the (j) context library containing all available context information in
the current environment, to inform the inquiry. According to the inquiry, as context information
such as “Gaze: user is looking at the light” and “History: the user turned on the light at 19:00”
is incorporated, the (k) concludes that the function designated by the
gesture is to “increase the brightness” of the light. The function could then be triggered to finish
the interaction process.

GestureGPT offers a number of advantages that address the challenges and limitations of previous
gestural interfaces. 1) GestureGPT allows users to perform natural free-form hand gestures, which
do not need to resemble those in a predefined gesture set or those previously defined by users. This
eliminates the need for learning, memorizing, or demonstrating specific gestures. 2) GestureGPT
automatically associates gestures with their corresponding interface functions through a step-by-
step inference process based on both the gesture description and the interaction context. Such a
novel LLM-based structure successfully addresses the ephemeral nature of gestures and their close
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relationship with context [46]. Additionally, the integration of context further enhances the accuracy
of gesture mapping. 3) GestureGPT analyzes spatial coordinates of hand landmarks to generate
gesture descriptions, making it independent of view angles and even modalities. For example, hand
landmarks can also be reconstructed by wearable sensors [28, 81]. Such flexibility makes it easy to
adapt GestureGPT for a wide range of applications. The natural language descriptions also preserve
user privacy and reduce data transmission load, which are important for interaction interfaces.

Describing nuanced finger states and movements is crucial for accurately understanding hand
gestures. Our hand landmarks-based method captures finger states accurately and thoroughly by
first calculating a set of discrete finger states based on rules, then using an LLM to synthesize a
gesture summary. The rules’ parameters are tuned using third-person view public gesture image
datasets and tested on both third-person view (HaGRID [30], 38576 test samples) and first-person
view datasets (EgoGesture [80], approximately 5000 test samples). The error rates are 2.3% for
third-person views and 6.3% for first-person views, respectively. Two gesture experts rated the
synthesized summary, which achieved a score of 3.51 (std = 1.14) on a 5-point Likert scale, where 1
indicates that almost none of the description is correct and relevant, and 5 indicates that almost all
of it is.

To evaluate our framework, we conducted experiments under two realistic interaction scenarios:
smart home IoT device control using an AR headset (first-person view with 18 functions) and online
video streaming on a desktop PC (third-person view with 66 functions). The highest zero-shot
Top-1/Top-5 gesture grounding accuracies achieved were 44.79%/83.59% for smart home control and
37.50%/73.44% for video streaming. We report accuracies at various levels to more comprehensively
understand and demonstrate the framework’s performance and boundaries. The results demonstrate
the significant potential of GestureGPT, which, to the best of our knowledge, is the first zero-
shot free-form gesture understanding framework that requires no learning, memorization,
demonstration, or association efforts.

However, GestureGPT is not yet a practical interface ready for everyday use, primarily due to the
slow inference speeds of current LLM systems. Our current system averages 227 seconds per task
in our evaluations, a delay caused by long prompts, multi-turn dialogues, and rate limits enforced
by LLM cloud services. Instead, it introduces a new paradigm for gestural interfaces. To the best
of our knowledge, GestureGPT is the first feasible framework for the inherently difficult task of
understanding free-form gestures. Previous efforts in gesture recognition have not successfully
addressed free-form gestures, let alone the more complex challenge of gesture understanding.
GestureGPT, therefore, not only pioneers a new approach but also lays the foundational framework
for future advancements. This framework can also be easily expanded to recognize a broader range
of user intents through different modalities, such as facial expressions and body postures, among
others. Technologies such as edge-side LLMs or specifically fine-tuned large multi-modal models
could significantly reduce response times, paving the way for a more practical implementation of
this paradigm in the future.

Our contribution is three-fold:

(1) We proposed and evaluated the first framework that mimics human reasoning processes to
achieve automatic free-form hand gesture understanding, as to our best knowledge.

(2) We designed a set of gesture description rules based on hand landmarks to thoroughly and
accurately capture states and movements of the hand, which has comparable performance to
SOTA large multi-modal modal GPT-4o.

(3) We carefully crafted prompts for each agent, analyzed the offline evaluation results, and
generated various insights. Such insights are invaluable for future context-aware agent-based
gesture understanding work.
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2 Background and Related Work
2.1 LLM as Autonomous Agent

Large language models have displayed an exceptional ability to understand and execute a broad
spectrum of tasks [2, 47]. LLM has the potential to emulate human-level intelligence, accurately
perceive generalized environments, act accordingly, and iterate to enhance outcome [55] when
faced with diverse situations [66]. Agents based on LLMs have shown potential in various domains,
from web browsing [9, 74, 83], strategic planning [75] to robotic control [4, 10]. This paper, on the
other hand, addresses a notable gap in existing literature and utilizes LLMs for free-form gesture
understanding and interaction.

Though LLM agents have shown promising intelligence, a single agent implementation may suf-
fer from performance degradation in long context scenarios [27]. Instead, multi-agent systems have
shown superiority to accomplish more complex tasks in collaboration, reducing hallucination [68],
and information exchange [61]. For instance, Park et al. [49] designed a multi-agent system that
simulates human behavior in a virtual environment. Park et al. [48] relies on conversational inter-
actions among multiple agents to aid online decision-making, which shows multi-agent’s great
potential in reasoning under unfamiliar scenarios. Other applications software development [51],
span reasoning [35], evaluation [5, 79], and a myriad of intricate tasks [48, 85]. So, GestureGPT
chooses a triple-agent architecture to better handle the complicated context-aware gesture under-
standing task. The goals of the three agents are clearly defined and isolated, so that they can be
optimized individually while collaborate seamlessly to achieve accurate gesture comprehension.

2.2 Natural Free-form Gesture Understanding

Gestural interfaces working with pre-defined gesture set demand large annotated dataset, and
the confinement to pre-defined gestures also hampers the naturalness of interaction [70]. The
conflicts in different system designs further exacerbate user adaptation challenges across platforms.
User-defined gestural interfaces mitigates the learning burden by allowing users to define their
own gestures. Only several demonstrations of the gesture are necessary for the system to learn
new gestures with the help of advanced few-shot learning algorithms [73]. Gesture Coder [37]
allows the user to demonstrate a gesture, and, instead of defining a gesture name for it, the user
directly associate it to a designated function with auto-generated recognizer. But in these works,
users still need to demonstrate and memorize the gesture while ensuring its distinctiveness from
existing gesture commands.

Nevertheless, all aforementioned approaches are still limited by a finite set of distinguishable
gestures defined by interface designers or users. This leads to a mismatch between the fixed
gesture set and the flexible gestures humans perform in different scenarios, greatly restricting
gesture expressiveness. Thus, both pre-defined and user-defined gestural interfaces require users
to adapt to them, rather than the reverse [70]. Free-form gestural interfaces, however, do not have
these limitations. For instance, Gesture Avatar [36] enables any drawing gesture on a screen. The
input gesture is linked to a Ul element based on appearance resemblance, providing an intuitive
interaction experience. Yet, gaps remain in the research of free-form hand gesture understanding.
Compared with screen gestures, hand gestures are more complex, do not necessarily resemble UI
elements, and can vary under different scenarios for the same function.

Recent advances in zero-shot learning make it possible to recognize unseen gesture classes [39, 40,
71]. Madapana [39, 40] proposed frameworks that define a set of attributes for gestures, recognizing
unseen gestures by manually labeling these attributes for each unseen gesture. Similarly, Wu et al.
[71] introduced a prototype-based approach that requires the definition of “semantic prototypes”
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for unseen gesture categories. These methods explore to some extent the recognition of “unseen”
gestures, enabling the system to recognize new gestures without additional training.

However, above methods focus solely on the task of gesture recognition. Even for the recognition
task, they only identify key features of new gestures, not their semantic names. Gesture under-
standing, however, requires not only recognizing gestures but also mapping them to functions,
which demands a comprehensive integration of complex contextual information (such as available
functions, interaction history, and physical environment). Such analysis and reasoning necessitate
mimicking human thought processes, a task that traditional machine learning models struggle to
achieve.

To tackle such challenges, our framework relies on LLMs to understand the semantic meanings
of both the hand gestures and the system functions to ensure correct gesture-function mapping,
because LLMs are currently the most promising tools capable of human-alike inference and com-
prehensive context understanding. An overview of current gesture-based interaction systems and
the placement of our work is shown in Figure 2.

Related Work User Efforts

Learning Memorization Demonstration Association
References GeStUre \hen using the When using the  For recording the - For mapping the
Type |[systemforthe systemlateron gesture example input to a
first time function

or
Pre-defined |, .- + + . -
Gestures
3 Gesture Coder
User-defined| (and 12012 Hand Gesuure + + ~
creen Gesture -
Gestures Xu et al, 2022
Gesture Avatar
Cand 30Ty Screen Gesture - - _ +
Free-form
Gestures Wexelblat, 1995+ Hand Gesture
GestureGPT Hand Gesture - - - -

Fig. 2. Overview of current gestural interaction systems.

2.3 Gesture Understanding with Context Information

As Norman pointed out, gestures are ephemeral in nature and highly context related [46]. They in-
herently possess diverse semantics across different contexts, and may embody social metaphors [59].
Contextual information such as spatial distance [42], gaze [6], speech [70], user history [7, 43] and
domain-specific knowledge [62] have been integrated into gestural interaction systems to improve
gesture recognition accuracy. However, most previous work only leverage gaze information for
simplified tasks [1, 16, 23, 54, 56]. The handling of different types of context typically require highly
specialized models [7, 24, 56], which limits the generalizability of such systems.

LLM agents’ promising ability to solve complex problems provides an alternative solution for
inference based on different types of context information. LLM agents can retrieve higher-level
context like semantic meaning of interaction elements [21] and users’ profile and preferences [52].
The way it utilizes context and the intentions it can deal with are also greatly enlarged. For
example, [20, 31, 32, 52] have shown that LLM agents can turn loosely-constrained commands
into appropriate actions. Inspired by existing research, we use a Context Management Agent to
manage context information stored in the context library, and a Gesture Inference Agent to infer the
intention behind a gesture based on context cues.

3 Method

GestureGPT has a triple-agent framework to efficiently manage gesture description, context, and
inference tasks, enhancing system flexibility and scalability while addressing the shortcomings of
single or dual agent systems, consists of: (1) Gesture Description Agent, generating descriptions
of gestures from videos; (2) Context Management Agent, handling interaction context; and (3)
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Gesture Inference Agent, synthesize information to infer gesture intentions through dialogue and
reasoning.

The workflow initiates with the transformation of user gestures, captured by an RGB camera, into
natural language description. The Gesture Description Agent first uses a set of rules to transform the
gesture into a “Gesture State Matrix”, which delineates hand and finger states over time. The agent
then relies on this matrix to produce a summary of gestures, which is forwarded to the Gesture
Inference Agent. Upon receiving the gesture description, the Gesture Inference Agent engages in
multi-round dialogue with the Context Management Agent. This involves identifying and soliciting
relevant context information from a context library managed by the Context Management Agent.
Through iterative dialogue, the Gesture Inference Agent gains a comprehensive understanding of the
interactive scenario and completes a dynamic mapping between the gesture and possible functions.

3.1 Gesture Description Agent

The Gesture Description Agent is crucial for translating video-captured gestures into natural
language descriptions that is understandable by LLMs. We choose LLM since it has richer common
knowledge and stronger inference than existing Large Multimodal Models (LMMs) that we can
access, which is vital to deal with context-aware free-form gesture understanding tasks.

3.1.1  Rule-Based Gesture Description Generation We design a set of 6 rules to encode the hand
gesture in terms of finger flexion, proximity, contact, direction, as well as palm orientation and
hand position (Table 1). The detailed rule definition can be found in Appendix A.1.

Each state is calculated using the coordinates of hand landmarks, as shown in Fig 4, which are
generated by MediaPipe [77] from videos captured with an RGB camera. For each rule, parameters
(such as the distance between fingers to determine their proximity) are trained on a third-person
view (i.e., viewed from an external perspective, typically through a camera not aligned with the
subject’s viewpoint) public gesture dataset, and tested on first-person view (i.e., viewed from
the subject’s own perspective, typically through a head-mounted camera) and third-person view
datasets. Test results show an error rate of 2.3% for third-person view and 6.3% for first-person
view samples, indicating the rules’ efficacy in retaining accurate information from gestures across
different viewpoints, validating it a universal solution applicable to various gesture capture devices.
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Fig. 4. Illustration of gesture description rules. (a) The flexion of a finger is calculated from the sum of
bending angle of ip joint (for thumb) or pip and dip joint (for other fingers). (b) The proximity of two fingers
is calculated from the average distance from each finger’s pip/dip/tip joint to the other finger. (c) The contact
of thumb and another finger is calculated from the distance of their fingertips. (d) The pointing direction of
thumb is calculated from the vector from thumb’s mcp to tip. (e) The palm orientation is calculated from the
dot product of the two vectors on the hand, pointing towards the reader.

The details of parameter training and the evaluation metrics for these rules are thoroughly described
in Appendix A. The pseudocode for the rules is provided in Appendix A.3. An evaluation and error
analysis of the rules can be found in Appendix A.2.

The gesture period of interest starts when users raises their hands to or above their chest level.
Frames within a gesture period are processed at 0.2-second intervals, with each sampled frame
undergoing rule-based calculations. However, the natural language descriptions concatenated from
each rule are too long to fit into a prompt of an LLM. So we introduce a gesture state matrix
that contains vectors of each frame, which capitalizes on LLMs’ proficiency with code-formatted
content [14]. The detailed definition of the gesture state matrix is given in Appendix A.4.

3.1.2  Gesture Summary Description Generation The system needs to extract the rich information
embedded in the matrix and generate a concise summary of gesture descriptions for the Gesture
Inference Agent. A significant challenge is the gesture state matrix data type; the pre-trained data
of the LLM likely does not contain exactly similar data. We employ a chain-of-thought [69] process
to guide the LLM step-by-step, supplemented by high-quality expert examples that demonstrate
how the analysis should be conducted. We choose to use two prompts to generate the hand pose
(finger flexion, finger proximity, fingertip contact, thumb direction and palm orientation) and hand
movement description separately. As is shown in Figure 3, the Gesture Description Agent first
converts pose-related rows of the matrix to descriptions of possible gestures, along with the time
span during which this gesture happened. The time span is then used to select the corresponding
part of movement-related rows, and another prompt is used to convert it to movement description.
Aslong as the agent correctly finds the valid pose of the gesture, irrelevant movements are naturally
filtered out.

For pose description, we developed a prompt structured into three parts shown in Figure 5: Intro-
duction, Procedure and Examples. The introduction outlines the task, describes the the gesture state
matrix, and explains the concept of “interactive gestures” versus non-ineractive hand movements,
helping the agent to distinguish between different types of gesutres and understand their lifecycle.
The procedure section teaches the agent to understand the gesture state matrix and guess possible
gestures from the matrix, while addressing some common mistakes to regulate its behaviors. In
paticular, it instructs the agent to decompose the matrix, guess possible gestures from each part,
and synthesize the conclusions from all parts to get the most possible gestures, encouraging a
human-like process of understanding and summarizing data, while using transcription to counter
LLM’s forgetfulness and improve accuracy. The last part provides two typical examples of static and
dynamic gestures to enhance LLM performance by reflecting back to the guidelines stated before.
This well-structured prompt ensures that the LLM model correctly processes the matrix data type.
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Table 1. Summary of rules, their meanings, and corresponding values.

Rule Name Applicable to Calculation Value
Finger Flexion Thumb, Index, Middle, | measured as the total | 1: Straight;
Ring, Pinky bending angle of each | 0: Between;
joint: for the thumb, | -1: Bent

the IP joint; for other
fingers, the PIP and

DIP joints.
Finger Proximity Index-Middle, Middle- | calculated as the | 1: Pressed Together;
Ring, Ring-Pinky average minimal | 0: Between;
distance from each |-1: Apart
finger’s joint to the
other finger.
Thumb Fingertip Con- | Thumb-Index, computed as the dis- | 1: Contact;
tact Thumb-Middle, tance between their | 0: Between;
Thumb-Ring, Thumb- | fingertips. -1: No Contact
Pinky
Pointing Direction Thumb the direction from | 1: Upward;
thumb’s mcp joint to | -1: Downward,;
tip joint. 0:  Other  Direc-
tions/Bent
Palm Orientation Palm computed as the direc- | One-hot  encoding:
tion to which the palm | [Left, Right, Down,
is facing. Up, Inward, Out-
ward];
All zeros: Unknown
Hand Position Hand computed as the ge- | Float coordinates

ometrical center of a
hand by taking av-
erage of all 21 land-
marks’ coordinates.

The hand movement description prompt shares a similar structure. The generated description of

the gesture will be like:

- Thumb and Index Finger transition from non-specific/bent to straight.

- Fingers start close together and then spread apart.

- Palm orientation starts facing left but becomes non-specific.

3.2 Gesture Inference Agent

Middle, Ring, and Pinky Fingers transition from bent to straight.
Thumb starts in contact with all fingertips but then moves away.

The hand moves left slightly with negligible vertical and depth movements.

Upon receiving gesture descriptions from Gesture Description Agent, the Gesture Inference Agent
engages in a dialogue with Context Management Agent. This conversational exchange is pivotal
for the Gesture Inference Agent to discern the user’s actual intent in the context, i.e., associating
the gesture with a target system function from a list of potential functions supplied by Context
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Gesture Description Agent - Pose (Prompt Overview)

# Introduction:

## Task Introduction:

Your task is to analyze hand poses ... identifying the gesture ...
## Input Data Introduction:

A 2D array ... represents hand and finger states. Each time step
is 0.2 seconds ...

## Gesture Introduction:

Users can use static or dynamic gestures to interact ...

# Procedure:

## step 1:

Decompose the input array ...

## step 2:

Synthesize observations and guesses gesture ...
## Behavior Guide:

things should and should not to do ... Commmon Mistakes ...

Gesture Inference Agent (Prompt Overview)

# Introduction:

## Task Introduction:

you will understand an interactive gesture from its description
map it with a specific function ..

## Gesture Description Introduction:

The init input contains content related to hand posed and hand
movements.
## Context
The **Context Agent** manages all type of interaction context

Agent I ion:
information..

# Behavior Guidelines:

## Requirements:

Things need to do like 'asking for the function list' and
'requesting one context at a time’..

## Prohibitions:

Things can not to do like ‘ask **Context Agent** to align the

gesture to a function’ ..

# Examples ## Output block:
## Example 1 The output includes 'Thought', 'Gesture Guess', and 'Question for
(A specific example of Static Gesture ‘peace’) Context Agent' when the information is insufficient.
## Example 2 It contains 'Thought' and 'Results' once a decision has been made.
(A specific example of Dynamic Gesture ‘Zoom In with Two Llngers')) All outputs are requested in JSON format.
(& & J

Fig. 5. Prompt for Gesture Description Agent. Fig. 6. Prompt for Gesture Inference Agent.

Management Agent. This setup epitomizes a collaborative conversation aimed at overcoming the
challenges of gesture ambiguities under different interactive scenarios and context.

We outline the agent’s tasks and some behavioral guidelines to better demonstrate the semantic
nature of the agent task revolves around thinking, summarizing, and inferring. The overall prompt
is structured into two parts shown in Figure 6.

The introduction part includes a Task Introduction, a Gesture Description Introduction, and
a Context Management Agent Introduction (its conversational counterpart). A critical aspect to
convey in this part is that the initial gesture description may contain errors. Therefore, the Gesture
Inference Agent must utilize context information to help with the inference, correct potential
mistakes, and make decisions. Behavioral guidelines for the agent consist of seven directives and
five prohibitions, acquired by iteratively updating the prompts during implementation. When new
error tendencies are observed, corrections are introduced into the prompt, akin to a teacher’s
guidance. Then, we define the output format. We opt for JSON due to its ease of parsing, allowing
for efficient extraction of useful information for subsequent conversational rounds. Importantly, we
require the agent to first articulate its thoughts before posing questions or drawing conclusions.
This approach has been proven to make the agent’s behavior more reasonable. Once the agent
deems that it is confident to decide or that no further context can be gleaned, it proceeds to make a
final decision, listing the top-5 possible functions for the current interface, ranked from most to
least likely. The Gesture Inference Agent emphasizes the importance of precise communication,
contextual reasoning, and analytical capabilities in interpreting and responding to gesture-based
interactions.

3.3 Context Management Agent

The Context Management Agent plays a crucial role in our system, offering intelligent management
of various types of context information. Unlike static, rule-based context management system, this
agent dynamically adapts to unfamiliar context thanks to LLM’s vast and intricate knowledge base,
ensuring a flexible and responsive interaction environment.

A dedicated Context Management Agent represents a significant step forward in the evolution
of gesture-based interfaces. By segregating context handling from the inference processes, we
streamline system operations and enhance the overall system’s ability to effectively utilize diverse
contextual data. This separation allows for more sophisticated and nuanced interaction paradigms,
where gestures can be interpreted in varying scenarios with greater precision. Moreover, this
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architecture facilitates easier updates and scalability, as new contexts or rules can be integrated
without disrupting the core inference mechanisms. Consequently, this approach not only addresses
previous limitations but also sets a new standard for the development of adaptive, efficient, and
user-centric gesture recognition systems. The overall prompt is structured into two parts shown in
Figure 7.

Context Management Agent (Prompt Overview)

Fig. 7. Prompt for Context Management Agent.

The introduction includes a Task Introduction and a Context Library Introduction. The latter
introduces the currently accessible contexts and is designed to be adjustable. Similar to the Gesture
Inference Agent, iterative implementation guides the Context Management Agent’s requirements
and prohibitions, with 4 requirements and 2 prohibitions. The output is structured in JSON format
for easy parsing, allowing efficient information extraction and facilitating subsequent conversation
rounds.

3.3.1 Context Library Operations The Context Management Agent supports three main operations
within the context library: Adding new context types, retrieving context information based on
queries and calculating specific context values.

e Adding Context Types: Context types and their values are organized using markdown for
text and JSON for structured data. New context types are introduced with natural language
descriptions, and associated values are formatted in JSON. This facilitates easy system
expansion and automatic incorporation of new contexts into the operational prompt.

e Retrieving Context Information: The agent automates retrieval operations, streamlining
the process by organizing data in a standardized format (e.g., JSON), which the LLM can
autonomously interpret.

e Calculating Context Value: The agent can calculate specific context values based on
predefined methods in the context’s description. These methods can be implemented in
a Python script. Upon activation of a calculation operation, the agent generates a unique
placeholder. This placeholder triggers the system to execute the Python script, automating
the retrieval of context values and producing the desired output. The placeholder is then
replaced with this output in the final response.

The design of Context Management Agent offers significant benefits, such as the ease of adding
new context types using simple natural language descriptions and the automated retrieval and
understanding of context information. This enhances the system’s versatility and usability. Our
design also inform the design of context management components of future interactive systems.

4 Evaluation
We designed two experiments to assess GestureGPT’s adaptability and effectiveness under different
interaction scenarios with varying context environments and camera perspectives.

In the first interaction scenario, a user controls smart home appliances through an AR headset. In
this setup, gestures are captured from the user’s own viewpoint, offering a first-person perspective.
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It is a key interaction scenario in the future when users interact with environment using head-
mounted devices.

Our second interaction scenario mimics the case when a user is watching online videos. The user
watches the video on a monitor with a camera capturing gestures from the third-person perspective.
This setup is prevalent in a variety of settings, including smart TVs, interactive public displays,
educational environments, gaming, etc. The complexity increases in this scenario, as there are
plenty of functions and interactive elements on a webpage.

We selected four contexts in our experiments to evaluate GestureGPT’s performance in different
context settings:

e Interface Function List: Crucial for mapping gestures to interface functions, this context
includes interface name and a list of functions with their names, locations, and unique IDs,
key for navigating the user’s interaction environment.

o Gaze Information: Data on the user’s gaze, given in 3D (in home scenario) or 2D (in video
scenario) coordinates.

o Interaction History: A record of the user’s recent interactions.

e External Context Information: Information from other devices or sensors. We introduce
this type of context to explore how other factors impact gesture understanding and whether
the agent can leverage this information.

We informed participants that both video and eye movement data would be collected during
the study, and we assured them of the confidentiality and safety of their data. The study is IRB
approved by our local institution. All participants provided informed consent. In both experiments,
we asked participants to perform the gesture as they see fit to finish the task. Both static hand
poses and dynamic gestures involving hand movements were permitted.

We employed the OpenAl GPT-4 model as the underlying architecture for our triple-agent system.
Specifically, we utilized the gpt-4-1106-preview version for our evaluations. We configured the
request temperature to 0 so that the model’s output is as consistent as possible. Apart from this, we
adhered to OpenATI’s default settings for other parameters. To mitigate the effects of randomness
and enhance the reliability of our findings, we ran the experiment repeatedly for three times. The
aggregated results from these iterations were used to substantiate our conclusions.

4.1 Experiment 1: Augmented Reality-Based Smart Home loT Control

This study explores the interaction between users and smart home devices through augmented
reality (AR), specifically using gesture controls in a simulated kitchen environment. Participants
perform gestures as they see fit to control various IoT devices, triggering changes in device state
accordingly.

4.1.1 Experiment Setting and Procedure

¢ Experimental Platform and Data Collection - The Microsoft HoloLens 2 served as the
primary experimental platform, offering APIs to capture user gaze and hand gesture data
accurately. The experimental environment was developed using Unity (version 2020.3.24f1),
the Mixed Reality Toolkit (MRTK 2.8.0), and the OpenXR Plugin (1.7.0). The devices were
represented by 3D models anchored in the space: a light, a smart cabinet, a smart screen, an
oven, and an air cleaner.

e Context Library Setup - The experiment implemented context library as follows:
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— Interface Function List: Drawing from the XiaoMi SmartHome API', five devices and their
corresponding functions were synthesized to form a function list. Each device has 3-5
functions with a total of 18 functions in this scenario.

— Gaze Information: User gaze data was captured using the HoloLens 2 Gaze API and saved
as 3D spatial coordinates.

— Interaction History: Interaction history was extracted from the task sequence.

— External Context Information: There might be context information that is external to our
system, which can significantly impact the grounding reasoning. We defined several ex-
ternal contexts corresponding to different tasks to understand if our system can correctly
leverage those.

Task Descriptions - Eight tasks were designed to simulate smart device control (Table 6).
Participants - We recruited 16 participants from three local schools, compensating them at
arate of $12 per hour. Their ages ranged from 15 to 35 years (MEAN = 26.625, SD = 5.325),
comprising 13 males and 3 females. Participants included 1 high school student, 4 undergrad-
uate students, 9 graduate students, and 2 research engineers. None of the participants had
prior experience with AR/VR devices, which helped minimize bias due to varying familiarity
with such technology.
Task Procedure - Upon their arrival, participants were briefed about the scenario and the
devices involved. They are asked to make any gesture deemed most intuitive using the right
hand after raising their hand above their chest to initiate the trigger. A preliminary warm-up
session was conducted to familiarize the participants with the AR devices and gesture control
operations. Following this, they were instructed to complete the eight tasks. Feedback from
the devices was simulated to enhance the interaction experience and realism of the study.

Detailed information on the experiment simulation interface, the list of devices and their functions,
and the task list are provided in Appendix B.1. A total of 16 participants X 8 tasks = 128 gestures
were collected.

Table 2. Main Results of GestureGPT in the Two Experiments

Smart Home Scenario Video Streaming Scenario

Top1(1) Top3(]) Top5(1) Negative(]) | Top1(l) Top3(1) Top5(1) Negative(l)

Random Guess 5.56% 16.67% 27.78% 72.22% 3.15% 9.46% 15.76% 84.24%
Baseline 10.94%.335 24.48%.351 35.16%:207  64.84%.20p | 19.53%.355 38.28%us110 54.43%s181  45.57%1s4
Only Gaze 35.16%:128 70.05%:133 83.59%:110  16.41%s110 | 25.78%1064 47.66%:310 60.42%:085  39.58%1288

Only History and External = 23.18%.4425 37.50%1447 49.48%+4314  50.52%4434 | 26.30%1301 47.14%4512 63.28%4338  36.72%4338

All

44.79%, 551 67.45%.410 T79.69%i160  20.31%s160 | 37.50%415 59.90%.453 73.44%.101  26.56%:101

4.1.2  Results Analysis We evaluate GestureGPT’s performance by running the collected data
through our system under four different context settings: 1) the baseline with only the function list
(Baseline), 2) with gaze information (Only Gaze), 3) with interaction history and external information
(Only History and External), and 4) all contexts are available (All). For comparison, we also provide
results from Random Guess, which randomly selects one from all functions. We repeat the tests
three times under each setting to ensure robust conclusions. The main results are presented in the
left part of Table 2, and a corresponding illustration is provided in Figure 8.

Our first observation is that GestureGPT can effectively utilize the context information to
determine the exact intention of the users. The accuracy is effectively improved to an impressive

Thttps://iot.mi.com/new/doc/design/spec/xiaoai
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extent when either gaze or history and external is incorporated. When all contexts are combined
together, the overall framework achieves the best Top-1 performance at 44.79%.

When comparing the benefits of gaze versus history and external information, we empirically find
that gaze significantly outperforms history and external information. As shown in Table 2, the Only
Gaze setting achieves 35.16%/83.59% at Top-1/Top-5 accuracy, outperforming the 23.18%/49.48%
achieved by the Only History and External setting by a considerable margin. We attribute this to
the semantic similarity between candidate functions shared by different home devices and their
broad spatial distribution across the entire room space. These two factors significantly increase the
reasoning difficulty under the Smart Home scenario. Facing such challenging situations, GestureGPT
can fully exploit the gaze information as well as its own commonsense knowledge to finally
locate and zoom in on possible candidates through multi-step, collaborative spatial reasoning.
As explained in Section 3.3.1, when the Gesture Inference Agent requests gaze information, the
Context Management Agent not only outputs the gaze coordinates but also identifies the relevant
device within the gaze path using external tool-augmented Python scripts.

Home Scenario Task Results

50| ™ Rank | Rank 2,3 Rank 4,5 Negative In Four Context Setting

o0l
Task Index: 12345 6738 1 2 345 6738 [}

1203 3 67
Without Any Context(Baseline) With Gaze With History and External With All Context
etting

Fig. 8. Illustration of results from Experiment 1: Home Scenario, encompassing all 4 settings (across the x-axis)
and 8 tasks (indicated by hue). For each setting, the 8 tasks are arranged from left to right as follows: task 1
Unlock Carbinet, task 2 Increase Light Brightness, task 3 Next Recipes, task 4 Open Oven, task 5 Open Air cleaner,
task 6 Set Timer, task 7 Switch Input, and task 8 Phone Call. Each specific bar is further divided into Top 1/ Top
3/ Top 5 accuracy (Top 1, , in gradient brown) and Negative outcomes ( ), totaling 48 data
points.

Moreover, while integrating all context achieves the highest Top-1 performance, it unexpect-
edly underperforms in the Top-5 metric compared to the Gaze Only setting (79.69% vs 83.59%).
Through further case analysis, we hypothesize that an excess of context can sometimes disrupt the
agent’s analysis, leading to the following behaviors: 1) Irrelevant context information can at times
mislead the agent. For example, the mention of “fingerprint unlocking” (in task 1) within external
information might lead the agent to infer fingerprint recognition as the unlocking method, rather
than a gesture. 2) An abundance of context causing the agent to overlook certain information. For
example, in the “Open the air cleaner” task (in task 5) where the agent wrongly assumes the device
is on, based on external information “The air purifier’s sensor detected heavy cooking fumes,” while
ignoring its actual OFF status. These insights will be further discussed in Section 5.4 regarding
optimal context selection.

Finally, we observe that Tasks 2, 3, and 7 exhibit relatively high baseline performance, all involving
operations related to “switching”. Finally, we observe that Tasks 2, 3, and 7 exhibit relatively high
baseline performance, all involving operations related to “switching”. Similarly, for Tasks 3 and
7, GestureGPT employed a comparable analytical approach to discern the correct answer. This
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demonstrates GestureGPT’s strength in analyzing gestures alongside current device states, thereby
accurately interpreting user intentions even in the baseline context.

In conclusion, our investigation into GestureGPT’s performance across different contexts under-
scores the significant enhancements brought about by gaze data and the contributions of history
and external information. Further refinement in how external information is presented and queried
will unlock greater performance of our system.

4.2 Experiment 2: Online Video Streaming on PC

This scenario is set when a user is watching online video on a PC monitor. Grounding gestures to
the correct function is much more challenging in this scenario compared to the previous one. The
video streaming interface contains a considerably broader range of functions, with numbers up to
66 in some tasks from the previous 18 functions. Moreover, many functions have similar semantic
meanings, such as the “vlog channel” button and the “anime channel” button, making them difficult
to distinguish solely through gestures. Furthermore, the interactive buttons and elements on the
screen are much smaller than the smart appliances in the previous experiment, which reduces the
performance of gaze-based function differentiation. The size of function elements ranges from
0.27 to 20.71 cm? (MEAN = 2.73, SD = 3.67). By navigating through an interface rich in functions
and semantic complexities, we intend to explore the boundary of our system’s performance and
understand whether it can differentiate user intentions with only minor differences, which is
essential for real-world applications.

4.2.1 Experiment Setting and Procedure

e Experimental Platform and Gesture Data Collection - Our experimental framework
utilizes Python and Selenium?® to interact with a video streaming platform, specifically
targeting the website “[China] From the Spring and Autumn Period to the Prosperous Tang
Dynasty (Season 1, 12 Episodes)” on Bilibili®. The platform automates video control operations
via Selenium. User gestures are captured using a 1080P resolution webcam.

e Context Library Configuration - The study incorporates a comprehensive context library
comprising four distinct aspects same as in previous scenario:

— Interface Function List: The function list is automatically extracted from the webpage and
organized. Functions on the website included their position and raw HTML code are
identified via JavaScript. The code for each function is then extracted and fed into GPT-4
to generate function names, aiding in the compilation of the interface function list. For
tasks 4, 5, and 6, the function count is 17; for all other tasks, it is 66.

— Gaze Information: The Tobii Eye Tracker 5 is used to collect gaze data from participants.

— Interaction History and External Context Information: Interaction history was extracted from
the task sequence, while the external contexts were predefined.

e Task Descriptions - Eight tasks were designed to simulate common operations performed
while watching videos (Table 8).

e Participants - We recruited 16 participants from four local schools, compensating them at a
rate of $12 per hour. Their ages ranged from 18 to 35 years (MEAN = 26.875,SD = 4.689),
comprising 10 males and 6 females. Participants included 5 undergraduate students, 8 graduate
students, and 3 research engineers. None of the participants had prior experience with AR/VR
devices, which helped minimize bias due to varying familiarity with such technology.

e Task Procedure - Participants were briefed on the experiment’s aims and the devices utilized
upon their arrival. They were also asked to make any gesture deemed most intuitive with their

Zhttps://www.selenium.dev/
3https://www.bilibili.com/video/BV1sh411j7A4/
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right hand, similarly triggered by raising their hand above the chest. There was a warm-up
phase for the participant to familiarize with gesture controls. Following this, the participant
sequentially completes the eight tasks. Specific gestures triggered predefined responses on
the website, simulating real-time interaction for a more realistic experience.

As a result, a total of 16 participants X 8 tasks = 128 data points were collected. Detailed infor-
mation about the experiment simulation interface, the list of devices and their functions, and the
task list is provided in Appendix B.2.

Video Scenario Task Results

50| W Rank | Rank 2,3 Rank 4,5 Negative In Four Context Setting

0
Task Index: 12345 678 12 345 6738 12345 6738

78
Without Any Context(Baseline) With Gaze With History and External With All Context
Setting

Fig. 9. Illustration of results from Experiment 2: Video Scenario, encompassing all 4 settings (across the x-axis)
and 8 tasks (indicated by hue). For each setting, the 8 tasks are arranged from left to right as follows: task 1
Adjust Volumn, task 2 Video Progress Control, task 3 Enter Fullscreen, task 4 Pause Video, task 5 Play Video, task
6 Exit Fullscreen, task 7 Like the Video, and task 8 Next Video. Each specific bar is further divided into Top 1/
Top 3/ Top 5 accuracy (Top 1, , in gradient brown) and Negative outcomes ( ), totaling 48
data points.

4.2.2  Results Analysis In this scenario, we evaluate GestureGPT under the same four context
settings. The results are presented in the right part of Table 2 as well as Figure 9.

The main conclusion that GestureGPT can effectively incorporate various context information to
reason and predict user intentions remains consistent. Specifically, Top-1 accuracy improved from
19.53% to 37.50% when all types of context are available, significantly outperforming each single
context setting: +11.20% compared to only the history and external setting, and +11.72% compared
to the only gaze setting. Both contexts contribute to the final performance, and it greatly drops if
either is excluded. Compared with Experiment 1, where gaze information brings relatively more
utility, these results further demonstrate that it requires joint reasoning over all available contexts
to achieve the best performance under such a more complicated scenario.

An intriguing observation from our results was that the baseline performance was superior to
that observed in the home scenario, thereby necessitating task-specific exploration. Tasks such as
pausing, playing videos, and selecting the next video (Tasks 4, 5 and 8), which require less context,
exhibited strong performance across all tested context settings. This phenomenon suggests that the
agent’s inherent knowledge of video streaming interfaces makes it likely to infer actions commonly
seen in such a video streaming interface. To some extent, the agent’s success in identifying these
operations can be attributed more to an educated guess rather than a calculated match of gesture
and context, indicating a form of intuition derived from the model’s extensive training data. This
intuition helps our system’s performance in certain tasks, but also acts as bias in other tasks. This
phenomenon is discussed further in Section 5.5.
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Another special case is Task 7, which is semantic specific task, highlights the essential role of
accurate gesture description in achieving precise gesture grounding. Out of 16 participants, 12
performed the “thumbs-up” gesture for the task. In such cases, if the agent accurately recognizes
the gesture, the outcome is correct, notably reflecting in high Top-1 accuracy results. The failures
predominantly occurred due to incorrect gesture segmentation. For example, because users formed
a fist after lifting their hand, leading the agent to mistakenly focus on the action of making a fist,
which leads to map the “Full Screen” or “volume” function. We conducted a pilot validation exercise
on the gesture segmentation rule used in our system with a human labeler splitting gesture frames
from the whole video on data from eight participants as the ground truth in gesture segmentation.
Our results, compared to the ground truth, revealed a high recall rate of 95.28%, yet a precision of
only 43.91%, reflecting the inclusion of non-gesture-related frames. Future enhancements could
involve advanced object detection techniques, differentiating interactive vs non-interactive gestures,
or a specially designed beginning gesture to improve segmentation precision.

In cases where gesture descriptions were poorly articulated, incorporating additional context
proved beneficial. For example, considering interaction history context, such as users exiting full-
screen mode, allowed the agent to infer that the user might want to perform operations unrelated
to video control, like “liking” a video. This various context adaptation significantly improved this
task performance in Top-5 accuracy metrics in this task from 35.42% to 68.75%.

Despite the challenges we designed in the video streaming scenario, GestureGPT still demon-
strates commendable performance, largely attributed to the LLM’s robust common sense and
contextual interpretation capabilities.

4.3 Result Analysis: Gesture Description Quality Assessment

The quality of the Gesture Description Agent was evaluated through an expert questionnaire.
For this evaluation, we randomly sampled descriptions generated from three repetitions for 256
gestures across two scenarios, resulting in a compilation of 256 gestures and their descriptions. The
same questionnaire was then distributed to two gesture experts, who rated each gesture description
on a 5-point Likert scale (1 being “Almost no description is correct or relevant to the gesture” and
5 being “Almost all of the description is correct or relevant to the gesture”). Both expert have
published gesture-related research articles on premier conferences. One expert scored 3.28 (std =
1.41), and the other scored 3.74 (std = 0.73). Their Kendall’s W score was 0.853, indicating a high
level of agreement between the two experts. The positive ratings show that our description agent
can capture key information of the gesture.

4.4 Pilot Study: Human Performance in Gesture Understanding

Gaze Trace Recording Interface Function List

Fig. 10. Pilot study interface showcasing. On the left, a video stream with a highlighted gaze trace indicating
user focus during the task. On the right, a gesture recording from a video streaming scenario alongside
a detailed interface function list. This setup was used to assess participant ability to map gestures to
corresponding interface functions, facilitated by context such as gaze trajectories and historical information.
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To gauge human performance on tasks similar to those managed by GestureGPT, we conducted a
pilot study with four participants who were unfamiliar with the system and its experimental setups.
We randomly selected data from four users involved in Smart Home and Video Streaming scenarios.
During the pilot, participants were provided with video recordings that included the user’s gesture
poses and movements, along with a list of interface functions available at that time. They were
tasked with mapping each gesture to its corresponding function. The pilot study interface as shown
in 10.

Initial attempts by participants were guided by gaze context, as demonstrated through gaze tra-
jectory recordings, and historical context. Subsequent attempts were further supported by providing
external context, the pilot study interface shown in 10. Subsequent attempts were further supported
by providing external context. Results revealed significant challenges in gesture understanding
even for humans: initial Top-1 and Top-5 accuracies were 43.8% and 81.3% for the smart home, and
18.8% and 50% for video streaming, respectively. With added external context, accuracies increased
notably to 58.3% (Top-1) and 91.7% (Top-5) in the smart home, and to 83.3% (Top-1) and 100% (Top-5)
in video streaming. This preliminary result underscores the inherent complexity of interpreting
gestures, even for humans, in contextually rich settings. So compared with gesture recognition,
gesture understanding is much more difficult and challenging.

5 Discussion
5.1 Integration and Utilization of Top-N Predictions

Due to the inherent complexity of gesture understanding—far surpassing that of mere gesture
recognition—we approach this challenge as a recommendation task, which is why we show the
Top-3 and Top-5 accuracies. GestureGPT currently outputs a Top-5 candidate function list, which
can be readily augmented with list selection interaction optimizations, as studied in many existing
works. Specifically, Isomoto et al. [25] developed a dwell selection system that employs machine
learning to predict user intent solely based on eye movement data. Furthermore, statistical design
of dynamic menus could also expedite user selection particularly in AR/VR contexts. G-Menu [63]
utilizes gestures and keywords to design a dynamic menu, aiding in swift function selection.
These techniques and designs can be readily integrated into GestureGPT to achieve efficient user
selection of the target function. The rapid advancement of LLMs and their increasing capability as
contextualized agents, LLM-driven frameworks like GestureGPT will provide improved performance
so that its Top-1 accuracy reaches a directly applicable level, ultimately ease the burden of secondary
selection of users.

5.2 Language Input (LLM) vs. Visual Input (LMM) for Agents

GestureGPT is currently built with a Large Language Model for its superior understanding and
reasoning capability. For the Gesture Description Agent, an alternative implementation could
employ a Large Multimodal Model (LMM), which seems more intuitive. So we tested replacing the
rule-based Gesture Description Agent with GPT-40’s vision in a video streaming scenario. With
All Context considered, the Top-1 and Top-5 accuracy results were 41% and 72%. These results
demonstrate performance comparable to our rule-based module which is 37.5% and 73%, thereby
validating the effectiveness of the rule-based approach.

On the other hand, LMMs require users to upload gesture recordings, which raises further privacy
concerns. By contrast, our solution can process the gesture input with end-affordable devices and
only send anonymized skeleton signals to the data center, where LLMs can perform dense computing.
Nevertheless, it is anticipated that with further development of LMMs, GestureGPT could integrate
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both the visual recognition capabilities of LMMs and the prominent commonsense understanding,
contextual reasoning capabilities of LLMs, to ultimately better serve its purpose.

5.3 Single Agent vs. Multi Agent

Assuming privacy concerns regarding LMMs are not considered, employing gesture visuals with
contextual information in a LMM-based single-agent architecture could significantly reduce the
system delay. Unlike multi-agent systems, which require multiple reasoning cycles to interpret
gestures, a single-agent approach can deliver immediate results within one iteration. We conducted
a preliminary test with data from one user in the smart home scenario, and the LMM-based single-
agent approach achieved a Top-1 accuracy of 25.0% and a Top-5 accuracy of 75%. Due to privacy
concerns, comprehensive testing was limited because other users did not authorize the publication
of data.

Although the end-to-end LMM approach exhibits shorter delays, it presents several disadvantages:
it is cumbersome to adjust and train, lacks task transferability, and falls short in terms of scalability
and generality. Conversely, the multi-agent architecture offers significant advantages, such as
enabling component reuse, and facilitating modular training and optimization. Each architecture
has its own applicable scenarios, and together, they can complement each other to achieve superior
results.

However, the multi-agent architecture of GestureGPT inherently offers greater flexibility and is
designed for broad applications. For example, instead of cameras, the description agent can work
with sensors like IMUs, electromyography, and LiDAR, provided they can reconstruct the hand
pose to some extent. The framework handles complex interaction contexts to mimic human gesture
understanding, such as interpreting gestures linked to ongoing events. Integrating context into
the inference agent would greatly increase the workload and limit flexibility. The independently
implemented modules allow for easier optimization. Smaller models within the architecture are
plug-and-play, thereby avoiding constant end-to-end training.

Furthermore, we contend that the multi-agent architecture of GestureGPT is ideally suited for
complex interaction scenarios where single-step reasoning is insufficient. For example, an agent
might need to interact with users or external databases before making decisions. Our architecture
supports distributed processing, enabling different agents to handle specific tasks asynchronously,
thereby having the potential to further enhance efficiency in managing complex interactions. For a
detailed discussion on how this architecture addresses system delays, see Section 6.2.

5.4 Context Selection in Complex Systems

Our experiments revealed that although adding more contexts is supposed to be informative and
useful, for certain circumstances, it might also bring overwhelming irrelevant information and
accordingly distract the reasoning process of LMM agents (See Top-5 accuracy of All setting vs
Only Gaze setting in Smart Home scenario). In Smart Home scenario, most informative contexts
are concentrated on gesture itself and gaze, while history and external provide relatively less
contribution to the final performance.

On one hand, the inclusion of more heterogeneous contexts increases the complexity and difficulty
of context organization and management, which then requires more competent agents to process
and reason over them. On the other hand, contexts with less information entropy inevitably brings
irrelevant implications, and may result in misleading of agents for specific cases. This underscores
the importance of making informed trade-offs between context incorporation and agent capability
to optimize the system performance.
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5.5 LLM Common Sense Bias

This phenomenon pertains to the cognitive biases of LLM, which has been recognized as a common
issue that influences LLM outputs [53].

Such a bias was also observed in our system, notably within the video streaming scenario. When
the agent learned that this is a video streaming scenario, there is a bias towards predicting video
control functions that are commonly used on such an interface, such as play, pause, and volume
control. On one hand, even in the absence of context, the agent can make accurate guesses if the
intended function is one of such functions. On the other hand, it leads to the consistent inclusion
of these functions within the candidate options, detrimentally impacting the top-1 accuracy.

One way to address this bias could involve employing Modular Debiasing Networks [13] to
mitigate bias or utilizing sophisticated prompt engineering to diminish its effects, which we plan
to investigate in the future.

5.6 System Scalability

By substituting the Gesture Description Agent with specially designed counterparts, our system
can adapt to more input modalities and more generalized form of gestures.

In our implementation, gesture feature extraction is solely based on a RGB camera and MediaPipe.
Yet this approach is susceptible to lighting conditions and finger occlusion issues. Wearable devices
provide an alternative robust solution for hand reconstruction [22, 73, 78], which even works
with subtle gestures like thumb-tip gestures [19] and wrist gestures [17, 18]. Hand landmarks
reconstructed from wearable sensors can then be used to generate gesture description.

Our system can also be extended to general gestures, beyond the scope of merely hand gestures.
For example, touch-screen gestures can be extracted as traces and pressure intensity, which differ
significantly from the form of hand gestures. But a specially designed Gesture Description Agent
can extract the features of such gestures (either using rule-based methods or leveraging large
language or vision models) and describe it to Gesture Inference Agent, thus easily integrated into
our framework.

6 Limitation and Future Work

6.1 Handling Left-Handed Gestures, Multiple Hands, and Non-Interactive Gestures in
Frame

GestureGPT currently identifies meaningful gestures when a right hand is raised above chest level.
However, this implementation assumes that only one hand, typically the right hand, is visible.
This assumption is often unrealistic, as interactions in real environments may involve left-handed
users or require two-handed gestures, thereby limiting the system’s inclusivity. Furthermore, this
simplification can lead to false activations, as unintended gestures or non-interactive movements
may inadvertently trigger the system. This issue is exacerbated in scenarios where various non-
interactive hand movements and multiple hands are present within the camera frame, potentially
confusing the model and degrading system performance. Evaluating the system’s robustness when
both hands are visible or when left-handed gestures are involved is essential for fully understanding
its practical capabilities. Future iterations of our system will focus on distinguishing between
intentional gestures and extraneous hand movements, even in the presence of multiple hands, and
on improving left-hand gesture recognition to better accommodate left-handed users.

Several existing studies have addressed these challenges. Research [29] has explored techniques
for distinguishing between the static and dynamic aspects of hand movements, along with the chal-
lenges of recognizing one- and two-handed gestures. Similarly, vision-based interaction approaches
for augmented reality [60] emphasize the importance of simplifying hand models and applying user
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intention recognition methods to achieve robust performance in complex scenarios. Additionally,
frameworks that incorporate body pose, gaze direction, and multimodal feedback mechanisms have
shown promise in predicting interaction intent [12, 54], while other studies have integrated EEG
and gaze patterns to differentiate between meaningful and irrelevant gestures during tasks [16, 33].

The architecture of GestureGPT is designed to be adaptable and scalable, enabling the integration
of these advancements to further enhance its capabilities. Incorporating a left-hand recognition
module within the Gesture Description Agent would allow the system to support both left-hand
and two-handed gestures. Additionally, expanding the contextual input processed by the Context
Management Agent could improve the system’s ability to distinguish non-interactive gestures,
thus reducing the likelihood of false activations. In the future, we plan to explore these challenges
further, including validating the accuracy of left-hand gesture recognition, providing comprehensive
support for two-handed gestures, and refining the system’s activation mechanisms to enhance its
practicality and robustness.

6.2 System Delay and Applicability

The overall time cost of the framework is primarily driven by LLM-related processes, accounting
for up to 90% of the total time expenditure. These costs include LLM API request costs. For each
gesture understanding task, GestureGPT typically requires 1 request for the gesture description and
6 rounds of conversation between the Gesture Inference Agent and Context Management Agent,
highlighting the significant impact of response delay on the real-time performance of our system.
In its current conceptual form, without a focus on practicality, our framework averages 227 seconds
and 38,785 tokens per task.

Although the conceptual framework of GestureGPT demonstrates promising potential for HCI
applications, the current implementation faces significant challenges related to system delays,
which affect its real-world applicability. Addressing these delays is essential for transitioning
GestureGPT from a theoretical model to a practical tool capable of functioning in dynamic, real-
time environments. Possible directions for improvements include:

e KV-cache: API calls require concatenating long system prompts in each round, exponentially
increasing time costs. Our current implementation appends the entire context library (11,000
tokens) to each query. Implementing a KV-cache would reduce the need to reprocess identical
contexts, potentially decreasing interaction time to approximately 20 seconds per task. This
enhancement is expected to streamline operations by preserving computed attention values
for recurring queries.

¢ High-Performance Hardware Utilization: Integrating advanced computational resources,
such as Groq’s hardware, could further reduce processing times. Groq’s fast model inference
services offer an output speed of over 700 tokens per second.

By combining Groq and KV-cache, the first context round would take 2-3 seconds, with subsequent
rounds taking a total of about 1-2 seconds (averaging 6 dialogue rounds, each with 200 tokens
input and 100 tokens output). This would reduce the theoretical optimal latency to under 5 seconds.
Although we do not currently have access to KV-cache-enabled high-performance LLMs or the
computing acceleration hardware provided by Groq, we anticipate that GestureGPT will attract
interest from other research domains, fostering collaborative efforts towards developing a practical
and accessible free-form gesture interface.

On the other hand, since each agent of our system has specialized and clear goals, we believe a
properly fine-tuned LLM could mirror GPT-4’s effectiveness with fewer resources as demonstrated
in NLP tasks [84]. Besides, advances in model distillation and acceleration hardware suggest that
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lightweight LLMs could be deployed directly on devices with fast inference [38, 82, 82] for real-time
performance in the future. Under which circumstances, the API request cost can also be removed.

While the current system delays may limit immediate real-world applications, the outlined
advancements and potential collaborations offer a promising path toward minimizing these delays.
Future iterations of our system, supported by ongoing research and technological improvements,
could effectively reduce latency to levels suitable for dynamic, real-time user interactions. Such
developments would not only address the practical limitations discussed but also pave the way for
broader adoption and impact across various domains, ultimately fulfilling the potential of real-time,
intuitive gesture-based interfaces.

7 Conclusion

In this work, we introduce GestureGPT, a human-mimicking framework for understanding free-form
hand gestures, which capitalizes on the capabilities of LLMs. Unlike traditional gesture recognition
systems that require predefined gestures, GestureGPT automatically maps spontaneously performed,
free-form gestures to their targeted interface functions without any user training. This is achieved
through a collaborative framework involving three specialized agents: a Gesture Description Agent,
a Context Management Agent, and a Gesture Inference Agent. These agents work together to
interpret gestures, manage context, and apply common sense reasoning to accurately discern user
intents.

Our offline evaluations in two realistic scenarios demonstrated promising results, achieving
the highest zero-shot Top-5 gesture grounding accuracy of 83.59% for smart home control and
73.44% for video streaming. These outcomes highlight the significant potential of GestureGPT as a
conceptual model for future gesture-based interaction systems. They underscore the viability of our
approach in reducing the cognitive load on users by eliminating the necessity to learn, memorize,
or manually link gestures to functions.

As a conceptual framework, GestureGPT sets the groundwork for future advancements in natural
interaction interfaces. While not yet a practical system ready for everyday use, our framework
serves as a foundational step towards realizing more adaptive and intuitive ways to interact with
technology. Future research could focus on refining this paradigm, enhancing its responsiveness,
and expanding its applicability to include a broader array of natural user interfaces supporting
different modalities like facial expressions, body movements, and postures, unleashing the full
potential of the framework proposed by GestureGPT.
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A Gesture Description Rules
A.1 Rules Calculation Method

Flexion of a finger is calculated as the total bending angle of each joint. For thumb it is the bending
angle of the ip joint, and for other fingers, it is the bending angle of the pip and dip joint. Then, two
parameters straight_threshold and bent_threshold are set to determine if the finger is straight,
bent, or “unsure” if the result falls between them. Since thumb has a different joint structure
compared with other fingers, a new pair of thresholds are specially set for thumb.
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Proximity of two fingers is calculated as the average minimal distance from each finger’s joint
to the other finger. Two thresholds i.e., together_threshold and separated_threshold are set to
determine if the two fingers are pressed together, separated, or “unsure” if the result falls between
them.

Contact of thumb and another finger is computed as the distance between their fingertips. Then,
two thresholds, i.e., contact_threshold and not_contact_threshold are set to determine if the two
fingers’ fingertips are in contact or not, or “unsure” if the result falls between them.

Point direction of thumb is computed as the direction from thumb’s mcp joint to tip joint. Then,
it is compared with two reference vectors representing upward and downward. If a reference vector
has the minimal angle with the palm orientation vector and the angle is below angle_threshold,
the reference vector would be the thumb’s pointing direction. Note that it is only applicable when
thumb is straight. If thumb is bent, the result is set to “unsure”. This is especially useful when
discriminating between gestures like “thumb up” and “thumb down”.

Palm orientation is computed as the direction to which the palm is facing. It is computed
by the cross product of two vectors within the plane of the palm (Figure 4). Then, the direction
is compared with six reference vectors representing upward, downward, left, right, inward and
outward. If a reference vector has the minimal angle with the palm orientation vector and the
angle is below angle_threshold, the reference vector would be the palm orientation. Otherwise the
orientation of palm is set as “unsure”.

Hand position is computed as the geometrical center of a hand by taking average of all 21
landmarks’ coordinates. No parameter or threshold is applied here.

A.2 Training for Threshold and Evaluation for Gesture Description Rules

We use HaGRID [30] dataset to tune and evaluate our rules. HaGRID contains images of 18 kinds
of gestures (call, dislike, fist, four, like, mute, ok, one, palm, peace, peace inv., rock, stop, stop inv.,
three, three 2, two up, two up inv.).

A.2.1  Training Process A subsample split of HaGRID has 100 images per gesture, and it is used to
tune the rule parameters.

To tune the rule parameters, we first manually annotate the ground truth label for each rule
on each gesture class. For each gesture, we assume that most people perform it in the same way,
and thus the ground truth label is obtained by common knowledge. (For example, for “thumb up”
gesture, we label thumb as straight, index to pinky fingers as bent, index and middle finger are
pressed together, etc.)

However, there exist ambiguous cases, in which more than one labels are acceptable. (For example,
in “peace” gesture, it is reasonable for thumb to be either straight or bent.) In this case, the label is
more than one, and consequently cases like this are not used for parameter tuning.

Most rules are tuned using the whole subsample split. One exception is Finger Flexion on thumb,
because in most gesture classes, the ground truth of thumb is either [“straight”] or [“straight”,
“bent”] (thus not used for training), and only one class is [“bent”]. To address the issue of severe
imbalance for thumb flexion, we specially select the training set, which is composed of gesture
“like” (thumb is straight) and gesture “ok” (thumb is bent), and each image in this set is manually
checked to ensure the quality of the training data.

As is shown above, for those cases used to tune the rules, the ground truth label is one of the two
possible states (e.g., “straight” or “bent”). But during prediction, we use Three-Way Decision Making
method [76]. When the rule cannot clearly determine the state, it will predict it as “unsure”, to
avoid wrong conclusions that may easily mislead LLMs. Consequently, different from the classical
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binary classification, some modifications have been made to the correctness assessment and tuning
criteria to accommodate our specific setting.
Correctness Assessment. For each (prediction, label) pair, there are three possible circum-
stances:
e Unsure: Prediction = “unsure”.
o Error: Prediction # “unsure”, and prediction # label.
o Correct: Prediction # “unsure”, and prediction = label.
Tuning criteria. To find the optimal parameters, we define the loss in different cases as follows:
e Unsure: Loss = 0.2
e Error: Loss =1
e Correct: Loss = 0

In “unsure” cases, the loss is between 0 and 1. This is because if we set the loss to be 0 (same as
“correct” case), then the rules tend to predict every case to “unsure’; if we set the loss to be 1 (same
as “error” case), then the rules tend to not predict any “unsure”, which may lead to misleading
predictions.

A grid search is conducted to find out the optimal parameter with minimal average loss. The
optimal parameters for each rule is shown in Table 3.

A.2.2  Test Performance We test the generalization ability of our rules on two dataset: HaGRID
test set (third-person view) and EgoGesture dataset (first-person view) [80].

The performance on HaGRID test set (38576 images) is shown in Table 3. For most rules, the
average error rate among all gestures is below 4.2% and the overall accuracy is above 88.2%. One
exception is flexion rule for thumb, in which the output “unsure” takes about 45% of all cases. This
may be attributed to the unique shape of thumb: the topmost segment of the thumb is curved by
nature, so when the thumb is extended, the landmark seems to be slightly bent, which may affect
the train and test process. But by a three-way decision, we use “unsure” to avoid the misleading
information that may potentially confuse the Gesture Description Agent.

When checking the algorithm’s performance for each gesture, it is shown that the error rates
for most gestures are below 5% and none of them are above 16%. The error could be attributed to
landmark mistakes made by MediaPipe, the shortcomings of our algorithm, and a small number of
people just perform the gesture differently from most people (i.e., different from the ground truth
we established before). The results show good generalizability since the parameters are only tuned
on a small number of samples.

Table 3. Rule Parameters, and Their Performance on HaGRID Test Set

Performance on HaGRID Test Set
Rule Parameters
error unsure correct

Flexion - thumb (16, 38) 0.036 0.457 0.507

Flexion - other fingers (57, 74) 0.019 0.049 0.932

Proximity (0.024, 0.029) 0.031 0.067 0.902

Contact (0.046, 0.055) 0.020 0.024 0.956

Pointing Direction - thumb 40 0.047 0.239 0.714

Palm Orientation 41 0.042 0.075 0.882
Overall - 0.023 £ 0.018 | 0.062 £ 0.039 | 0.916 + 0.053

To evaluate if the parameters trained on third-person view dataset can adapt to first-person view
images, we tested them on a first-person view gesture dataset EgoGesture. We choose 20 gesture
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classes (fist, measure, zero, one, two, three, four, five, six, seven, eight, nine, ok, three2, C, thumb
down, thumb right, thumb left, thumb backward, thumb forward) and label the ground truth for
each class. Each gesture has around 250 testing samples. The results are shown in Table 4. (Thumb
pointing direction is not evaluated on this dataset because there is no adequate gesture for testing.
Only the “thumb down” gesture has a clearly downward pointing direction, yet the images are not
pointing strictly downward.)

On this first-person view dataset, the error rate of the rules only increase from 2.3% to 6.3%
(though the correct rate decrease by around 19% because more “unsure” are predicted), showing
that our rules works across different views.

Table 4. Performance of Rules on EgoGesture Test Set

Performance on EgoGesture
Rule
error unsure correct

Flexion - thumb 0.046 0.532 0.422
Flexion - other fingers 0.060 0.218 0.722
Proximity 0.098 0.194 0.708
Contact 0.044 0.159 0.797

Pointing Direction - thumb - - -
Palm Orientation 0.108 0.250 0.642

Overall 0.063 +0.043 | 0.216 £ 0.096 | 0.720 = 0.123

More detailed error analysis of our rules’ performance on EgoGesture Dataset can be found in
Table 5. Only those with error rate above 15% are shown.
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Table 5. Analysis of Error Cases on EgoGesture Dataset

Rule Gesture Finger Error Observed Reasons
Rate
seven | ring 0.171 MediaPipe’s mistake for occluded fingers.
. ring 0.595 The finger in' this geﬁture is slighly bent by nature,
Flexion - C hard to predict precisely.
other fingers pinky 0.360 Same as above.
thumb e .
. 0.177 MediaPipe’s mistake for occluded fingers.
down | index
ring 0.326 Same as above.
tzhree- ring 0.281 Same as above.
C middle-ring 0.255 The rule does not generalize very well.
three | middle-ring 0.154 Same as above.
Landmarks mistake; some people perform it differ-
index-middle | 0.260 ently; the ﬁngers are slightly s.eparate(gi l?y nature,
four hard to predict precisely, but it doesn’t influence
Proximity the recognition of the gesture very much.
middle-ring 0.536 Same as above.
ring-pinky 0.353 Same as above.
index-middle | 0.289 Same as above.
five middle-ring 0.767 Same as above.
ring-pinky 0.488 Same as above.
ok middle-ring 0.404 Same as above.
ring-pinky 0.578 Same as above.
nine index-middle | 0.244 Landmarks mistake.
thumb-ring 0.202 nge people perform it differently; MediaPipe’s
seven mistake for occluded fingers.
thumb-pinky | 0.151 Same as above.
Contact measure| thumb-index | 0.198 Landmark mistake; in some gestures ‘thu.mt.) and
index finger are close so it is hard to discriminate.
nine thumb-index | 0.191 Landmark mistake.
thumb-pinky | 0.244 MediaPipe’s mistake for occluded fingers.
thumb thumb-index | 0.223 Landmark mistake.
down
thumb
back- | thumb-index | 0.249 Same as above.
ward
thumb
for- thumb-index | 0.186 Same as above.
ward
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A.3 Pseudocode for description rules
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Algorithm 1 Flexion of a finger

9:

1:
2
3
4
5:
6
7
8

10:
11:
12:
13:
14:
15:
16: end procedure

procedure FLEXION(finger, thresholdLow, thresholdHigh)

curl <0
if finger is thumb then

ey ey
curl < Angle(MCP-IP, IP-TIP)
else
curl < Angle(MCP-PIP, PIP-DIP)

e e
curl « curl + Angle(PIP-DIP, DIP-TIP)

end if

if curl < thresholdLow then
return straight

else if curl > thresholdHigh then
return bent

else
return unsure

end if

Algorithm 2 Proximity of two fingers

1
2
3
4:
5:
6.
7
8

9:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19: end procedure

: procedure PrOXIMITY(finger1, fingers, thresholdLo., thresholdp;gp)

jointDis < 0
polylineF1 « Polyline(fingery PIP, fingery DIP, finger; TIP)
polylineF2 « Polyline(fingery PIP, finger, DIP, fingery TIP)
distance; < Distance(finger; PIP, polylineF2)
distancey < Distance(fingery PIP, polylineF1)
jointDis « jointDis + min(distancey, distancey)
distances < Distance(finger; DIP, polylineF2)
distancey < Distance(fingers TIP, polylineF1)
jointDis « jointDis + min(distances, distancey))
jointDis « jointDis/3
if jointDis is less than thresholdLow then
return adjacent
else if jointDis is greater than thresholdHigh then
return separated
else
return unsure

end if

Algorithm 3 Contact of two fingers

1

1
2
3
4
5
6:
7
8
9
0

procedure CoNTACT(fingery, finger, thresholdy oy, thresholdgp)

distance < Distance(fingery TIP, fingery TIP)
if distance < thresholdLow then
return contact
else if distance > thresholdHigh then
return notcontact
else
return unsure

end if

end procedure
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Algorithm 4 Thumb Pointing Direction

1: procedure CoONTACT(thumb, threshold)
2 if thumb is not straight then
3 return unsure
4 else
——
5: Thumb «— MCP-TIP
6: minAngle « +co
7 ThumbDir < None
8: for dir in [down, up] do
9: angle «— Angle(Thumb, dir)
10: if angle is less than minAngle then
11: minAngle « angle
12: ThumbDir « dir
13: end if
14: end for
15: if minAngle is greater than threshold then
16: return unsure
17: else
18: return ThumbDir
19: end if
20: end if

21: end procedure

Algorithm 5 Palm orientation

1: procedure PALMORIENTATION(hand, threshold)

2: PalmVecl « pinkyMCP, indexMCP
————
3: PalmVec2 «— wrist, middleMCP
4: if hand is left hand then
5: PalmOriVec < PalmVecl X PalmVec2
6: else if hand is right hand then
7: PalmOriVec « PalmVec2 X PalmVecl
8: end if
9: minAngle « +oo
10: PalmOri < None
11: for dir in [right, left, down, up, outward, inward] do
12: angle «— Angle(PalmOriVec, dir)
13: if angle is less than minAngle then
14: minAngle «— angle
15: PalmOri « dir
16: end if
17: end for
18: if minAngle is greater than threshold then
19: return unsure
20: else
21: return PalmOri
22: end if

23: end procedure
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A.4 Gesture State Matrix Details

The matrix generated by the rule-based module is subsequently interpreted by Gesture Description
Agent’s gesture summary description generation module, and the result is provided to the Gesture
Inference Agent for further analysis. This matrix encapsulates hand pose and movement status
across two distinct channels, each offering a different dimension of gesture representation. This
pose-movement split is proven to promote Gesture Description Agent’s performance, avoiding
omitting important characteristics or overemphasizing certain aspect.

Channel 1: Hand Pose The first channel is a 2D array comprising 19 rows and T columns, where
T denotes the number of time steps, with each step representing 0.2 seconds. The rows are indexed
starting from 1 and detail the following aspects:

e Rows 1-5 correspond to finger flexion for the thumb, index, middle, ring, and pinky fingers,
respectively. The values are encoded as 1 (straight), 0 (between straight and bent), and -1
(bent), describing the extent of finger flexion.

e Rows 6-8 represent finger proximity for adjacent finger pairs (index-middle, middle-ring,
ring-pinky) with similar encoding scheme. The aim is to indicate how closely each finger is
to its neighbor.

e Rows 9-12 detail thumb fingertip contact with the fingertips of the other fingers, again using
similar value encoding.

e Row 13 specifies the pointing direction of the thumb, with 1 (upward), -1 (downward), and 0
(no specific direction or unknown when thumb is bent).

e Rows 14-19 are dedicated to palm orientation, indicating the direction the palm faces from
the user’s perspective. A specific orientation is marked by a single row set to 1 among these
rows, representing left, right, down, up, inward, and outward directions. All rows equal to 0
means no specific direction can be identified.

Channel 2: Hand Movement The second channel consists of a 2D array with 2 or 3 rows (depending
on whether we can extract hand position in 3d space or 2d space) and T columns. On each time
step, the vector corresponds to the geometric center of the hand at this time:

e Row 1 tracks the horizontal position (0 for leftmost to 1 for rightmost), where increasing
values suggest movement from left to right.

o Row 2 follows the vertical position (0 for bottommost to 1 for topmost), where increasing
values suggest movement from down to up.

To gauge movement magnitude, the hand’s width is also provided. For example, a hand width of
0.05 with a rightward movement of 0.05 in the array suggests a displacement of approximately one
hand width.

This detailed matrix representation ensures a comprehensive and nuanced understanding of
hand gestures, facilitating advanced processing and interpretation in gesture recognition systems.
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B Detailed Experiment Setting

This section outlines the experimental setup for two experiments carried out within this research.

B.1 Experiment 1: Augmented Reality-Based Smart Home loT Control

(a) (b)

Fig. 11. The experimental platform utilized in the smart home scenario. (a) loT device control interface,
simulated using Unity. (b) User wearing the Hololens and performing gestures with the right hand for device
control.

The first experiment focuses on controlling IoT devices within a smart home environment
through augmented reality. The setup simulates a scenario where users interact with various home
devices using gesture controls.

As illustrated in Figure 11, the experimental platform integrates an augmented reality interface
for IoT device control within a home setting.

The experimental setup encompasses a variety of device functions and user tasks to mimic
real-world interactions with a smart home environment. Details for this experiment are presented
in Table 7 for device functions and Table 6 for tasks and external contexts. The smart home scenario
encompasses a total of 18 functions across 5 devices, offering a comprehensive assessment of
gesture-based control in an augmented reality context.

B.2 Experiment 2: Online Video Streaming on PC

The second experiment focuses on user interaction with online video content on a PC monitor. To
ensure familiarity with the website’s interface among participants, we selected a highly popular
video website for the experiment. Figure 12 illustrates the setup of our experimental platform.
Detailed descriptions of the tasks, including the number of functions and external context
information for the video streaming environment, are provided in Table 8. Additionally, the list
of functions available for tasks 4, 5, and 6 is presented in Table 9, while the function list for the
remaining tasks is shown in Table ??. The variation in the function list is attributed to task 3, which
involves full-screening the video page, resulting in a reduced number of available functions.

C System Cost for LLM Use

Our system employs the OpenAl API* gpt-4-1106-preview for experiments, which is one of the
best performance LLM and achieving near-human-level common sense and reasoning. The cost of
each run is determined by the total token count.

4https://openai.com/pricing#language-models
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Table 6. Task Instructions and External Context in the Smart Home Scenario

545:31

Task Instruction

External Context

Unlock the Smart Carbinet.

[“It is 7:00 PM now?,
“The child lock on this cabinet supports fingerprint unlocking.”

Increase the brightness of
the light.

[“It is 7:05 PM now.’]

Show the next recipes on the
smart screen.

[“It is 7:12 PM now.’]

Open the oven.

[“It is 7:14 PM now”’,
“Recipe instructions: now you need to open the oven”]

Open the air cleaner.

[“It is 7:20 PM now.’,
“The air purifier’s sensor detected that the current environmen
has heavy cooking fumes.”]

[

Set a timer on the smart
screen.

[“It is 7:30 PM now.’,
“Recipe instructions:
now you need to cook on high heat for five minutes.”]

Switch input source of the
smart screen to the smart

bell.

[“It is 7:32 PM now”’,
“The doorbell is ringing.’]

Make a phone call throught
the smart screen.

[“It is 7:33 PM now?,
“Just now, it was the deliveryman delivering goods;
the owner of the goods is the user’s roommate, Mark”]

Table 7. Device Functions in Smart Home Scenario (Totally 18 Functions in 5 Devices)

Device Name | Function Name

On / Off

Light Brightness Control

Mode Switch (Task Lighting / Morning Lighting / Accent Lighting)

Child Lock Activated / Deactivated

Smart Cabinet

Temperature Control

Humidity Control

On / Off

Switch Recipes (Recipe 1/ Recipe 2 / Recipe 3)

Smart Screen

Switch Input Source (Smart Screen / Smart Doorbell / IPad Video)

Phone Call

Settable Timer

On / Off

Oven

Temperature Control

Self Cleaning On / Off

Mode Switch (Bake Mode / Convection Roast / Bottom Heat Only / Keep Warm / Energy Efficiency)

On/Off

Air Cleaner

Airflow Speed Control

Mode Switch (Strong / Silent / Custom)

For each gesture, GestureGPT consumes an average of 38785 tokens (SD = 10432) for input and

an average of 3443 tokens (SD = 1339) for output, spanning 6.08 rounds of conversation (SD = 0.85).

This results in a cost of $0.389 per gesture.
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(a) (b) ©

Fig. 12. The experimental platform utilized in the video streaming scenario. (a) A user was watching the video
and performing gesture to control it. (b) and (c) are the video interface and the function distribution.

Table 8. Task Instructions, Function Numbers and External Context in Video Streaming Scenario

Task Instruction Function Numbers | External Context
Turn up the volume. 66 [“It is 8:01 PM now.’]
[“Tt is 8:02 PM now.”,
Drag the progress bar for-| 66 “The user has watched the earlier part of
ward. this video.”]
Enter full screen mode. 66 [“It is 8:04 PM now.’]
[“It is 8:15 PM now.”,
Pause the video. 17 “Right now, the user’s phone is actively

receiving an incoming call”]
[“It is 8:17 PM now.”,

Resume the video. 17 “The user hung up the phone”]
Exit full screen mode. 17 [“It is 8:48 PM now.’]
Like the video. 66 [“Tt is 8:49 PM now.’]
Go to the next episode. 66 [“It is 8:50 PM now.’]

Table 9. Video Scenario Function List in Task 4, 5, 6

ID | Name ID | Name
0 | VideoProgressBarUpdate | 9 | SelectEpisode
1 | PlayPauseButton 10 | ChangePlaybackSpeed
2 | NextButton 11 | SubtitleControl
3 | SeekTimeUpdate 12 | VolumeControl
4 | ToggleDanmakuDisplay | 13 | VideoSettingsMenu
5 | DanmakuToggle 14 | PictureInPictureToggle
6 | DanmuEtiquetteHint 15 | ToggleFullscreen
7 | SendMessageButton 16 | VideoPlayArea
8 | VideoQualitySelection

Although costs are currently elevated due to the premium on model resources and extensive
token requirements, we anticipate a reduction in expenses as LLM technology continues to evolve.

D Data Samples and Prompts Utilized in GestureGPT

GestureGPT utilizes a triple-agent collaborative architecture, with each agent guided by its own
specific prompt to steer the behavior of the LLM. The gesture data in GestureGPT also undergoes
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several format transformations. To facilitate better utilization by the community, we will make
our prompts and some corresponding data samples publicly available. Due to the length of the
system prompt, it has been archived in a GitHub repository. The full prompt can be accessed at
https://github.com/studyzx/GestureGPT_ISS.
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