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Fig. 1. Overview of pose-based Human-AI communication

We propose hand pose as a novel output modality, treating the user’s hand as a dynamic medium through which AI agents can express
their responses. To realize this, we introduce a pneumatic haptic glove that delivers AI responses by constraining hand poses. This I/O
interface enables reciprocal gestural communication: users convey intent with gestures, and AI agents “replies” by guiding, holding, or
inhibiting poses.
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1 Introduction

In this study, we propose hand gestures as a novel modality for enabling direct, bodily, context-rich communication. Our
approach is grounded in the common sense that hand gestures are a natural and expressive medium for conveying one’s
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intent and sentiment. Gesture recognition is widely adopted in HCI studies and practices as a means of communication,
e.g., using a thumbs-up gesture to indicate a positive response. Conversely, movement assistance systems can be used
to induce hand movements in the context of teaching and learning manual tasks [4], such as helping users coordinate
timing and finger placement while learning to play the piano. Through these bi-directional gestural communications,
AI agents can express their subtle intentions via a user’s hand and understand the user’s intentions by observing their
hand poses. A key technical challenge addressed in our system is how to assist—or occasionally inhibit—fine-grained
human hand movements in a fast and reliable manner.

2 Problem Framing and Position Statement

Our overarching goal is to enable seamless, reciprocal gestural communication between users and AI agents. For this
purpose, we demonstrate an AI software framework supporting fine-grained object-hand interaction, where AI agents
can assist or even constrain hand poses during manual tasks. By integrating real-time hand tracking and offline pose
estimation, our system allows for dynamic, context-aware physical assistance that adapts to user context.

3 Pose-based Human-AI Communication

In this paper, we define bodily assistance as any form of involuntary physical actuation that either intervenes in or
supports the user’s bodily movements. This includes mechanisms that cue or prompt the user’s actions to facilitate or
enhance physical interactions, as well as mechanisms that constrain movements to modify actions.

Our research aims to propose a novel form of physical intervention in communication with AI agents. With the
advent of VLMs, the possibility of combining assistance and guidance with involuntary interaction has emerged, as
suggested by [2, 7]. In line with these theoretical foundations, we design and develop a gestural communication system
in which AI agents can assist hand poses (e.g., grasp, release, hold, and refrain) based on inferred user intent or context.

Our system integrates robust real-time hand/eye tracking, AI-driven hand-object interaction, and haptic actuation
system, forming a complete and functional pipeline for AI-human gestural communication. Through this implementation,
we demonstrate how physical intervention can support expressive, intuitive, and agent-driven interaction beyond
conventional input-output modalities.

4 System and Future Directions

4.0.1 Pneumatic Actuator & Glove. For a wearable glove form factor, we modify a commercial pneumatic glove for
rehabilitation (ML-115A), equipped with five bellow-type pneumatic actuators and operated by our pneumatic control
systems. Moreover, we integrate a hand motion capture device (Quantum Metaglove, Manus) to the glove by installing
the mount structure of its sensing components for each digit on the pad side of the glove. We use a 3d-printed arUco
marker onto the glove, enabling global hand position tracking useful for interaction design.

4.1 AI Software Framework

Starting from pose and eye tracking, we create an end-to-end pipeline that generates output poses for the pneumatic
glove according to user context. Our AI framework has two major functionalities: scene understanding and interaction.

4.1.1 Scene Understanding. The scene understanding module utilizes images captured by the eye-tracking device
(Neon, Pupil Labs) and gaze points. The overall pipeline is activated by a predefined command, such as a text prompt
input or a wake-up word like "Hey, Siri." Upon activation, a target object is specified as the object nearest to the gaze
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Fig. 2. This illustrates the workflow of our system.

point at the moment of activation, and it is segmented using SAM [3]. This segmented scene image can then be used as
visual input for AI agents (or LLMs) to support contextual queries with ChatGPT API (see our supplementary materials).

4.1.2 Interaction. Our interaction module selectively executes either the gestural response submodule or the hand-
object interaction submodule.

First, the gestural response submodule is responsible for answering to user queries with affirmative or negative
gestures and their corresponding intensity. Depending on the polarity of the agent’s response, the appropriate gesture
is commanded; for example, a thumbs-up gesture for a positive response and a fist gesture for a negative response.
Here, users may choose to comply with or reject the given constraint, whose intensity is naturally conveyed as haptic
feedback (see Figure 2). Their decision can be explicitly confirmed by, for instance, pressing a key, and the final pose is
recorded by the mocap system.

Second, the hand-object interaction submodule is designed to output a suitable grasp pose when users attempt
to manipulate an object. This component first reconstructs a 3D mesh from the segmented 2D object image using
TripoSR [5]. The generated 3D mesh is fed into a offline hand-object interaction model G-HOP [6] to infer potential hand
poses for interacting with the segmented object. We select a set of hand-object configurations and then encode these
configurations with ArUco markers [1] and their positions. A grasp pose is selected by checking the proximity between
the markers attached to the real object and one on the hand (see Figure 3). The selected pose is safely reproduced by
the glove according to additional decision rules, including priority, conflict resolution, and timeout constraints.

Approaching Grip Pose Assistance Context-Aware Pose Locking

Fig. 3. Scenarios of Pose-based Human-AI Communication. Depending on motion trajectory toward the frying pan, different poses
are assigned to assist or inhibit subsequent actions.
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4.2 Scenario: Hand-Object Interaction

We prepared two objects (pan and wine glass) for demonstration. We attached three fiducial markers to the pan: one on
the handle, one on the base, and one representing hot oily foods. They repeated with or without the marker representing
hot oily foods in the pan. For example, all fingers are extended to signal caution when they approaches a pan with a hot
food marker. For the wine glass, a marker was place on the top to assist a grasping pose suitable for holding the stem.
We used pre-recorded hand poses to ensure stable and safe operation.

5 Conclusion

This work advances a new interaction paradigm—to our knowledge—that lets AI agents convey semantically grounded,
context-aware information through physical hand-pose intervention. This enables bi-directional AI-human gestural
communication that goes beyond text or speech. This modality can influence the sense of agency; however, it opens up
unique interaction capabilities with intuitive and satisfactory experiences, differently across intervention scenarios.
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