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POINTER: A Real-Time Framework for Dynamic, Object-Centered Augmented
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Fig. 1. The POINTER end-to-end workflow. (1) The user begins at the main inventory screen and initiates a scan. (2) During scanning,
the user captures sparse, multi-view images of a novel object to generate semantic and geometric priors. (3) During inference, the
system robustly estimates the real-time pose of a target object and anchors interactive digital content directly to it.

Current Extended Reality (XR) systems predominantly rely on spatial anchors that bind digital context to static environmental features,
such as walls and floors. While effective for stationary scenes, this assumption breaks down in dynamic contexts where objects
are actively manipulated or moved. We present POINTER, a real-time framework that anchors digital content to the semantic and
geometric identity of unique physical objects. Using a hybrid edge-server architecture, POINTER "retrofits" intelligence onto arbitrary
objects via sparse RGB views. By combining Vision Language Models (VLMs) for semantic extraction with a 6 Degrees of Freedom
(6DOF) pose estimation pipeline, the system tracks dynamic objects in real-time, allowing them to serve as both mobile canvases for
digital overlays and tangible controllers, where rotation and movement drive digital inputs. We demonstrate these capabilities through

a series of live scenarios, ranging from dynamic instructional guides to tangible smart home control.
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1 Introduction

We are witnessing a fundamental shift in personal computing toward Pervasive Augmented Reality [26]. Driven by
the dual maturation of high-fidelity wearable AR hardware and live multimodal Al agents, this evolution envisions
computing not as a discrete task, but as an ambient layer embedded within our physical environment. In this future,
digital interaction follows the intuitive physics of the real world.

However, current XR systems remain somewhat detached from this type of reality. Built predominantly on "top-down"
SLAM (Simultaneous Localization and Mapping) pipelines, modern XR devices excel at understanding spaces—the rigid
geometry of walls and floors—but remain surprisingly blind to things within them. To a modern headset, a book is
indistinguishable from the nightstand on which it sits; it is merely a patch of geometry. This approach creates a brittle
user experience: the moment a user interacts with the environment, the spatial anchor fails.

To move beyond this configuration, we consider a transition to a "bottom-up" architecture that rebuilds the physical
world not as a static stage, but as a dynamic database of indexed entities. In this object-centric model, everyday
items possess a persistent digital identity that travels with them. This vision is now technically feasible due to the
convergence of two specific Al breakthroughs. First, the arrival of Vision-Language Models [2, 14], and open-vocabulary
segmentation [11, 30] has effectively solved the recognition problem, allowing systems to identify arbitrary objects
without prior training. Second, advances in real-time 6DoF pose estimation [29] have addressed the dynamic tracking
problem, localizing objects in 3D space even as they move through a changing environment.

In this work, we present POINTER, a framework that synthesizes semantic intelligence with robust geometric
tracking. By coupling the reasoning capabilities of VLMs with state-of-the-art pose estimation, POINTER "retrofits"
intelligence onto arbitrary dynamic objects, transforming them from passive matter into active, tracked controllers. We
demonstrate how this shift enables a more resilient class of interfaces, from persistent instructional guides to tangible

inputs that let users manipulate their smart home.

2 Related Work
2.1 Object-Centric Interaction

The ambition to couple digital information with physical matter was formalized in Ishii and Ullmer’s seminal Tangible
Bits [8]. Early implementations like metaDESK [27] introduced "phicons"—physical handles for digital data—but were
constrained to instrumented tabletops. The shift to Augmented Reality moved these interactions into 3D space, initially
via fiducial markers [9, 23], but these markers still break the "seamless" vision of Tangible User Interfaces by requiring
users to interact with codes rather than the natural objects themselves.
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As tracking technology matured, research shifted toward interacting with unmodified physical objects. Heun et al’s
Reality Editor [7] demonstrated the power of "patching" digital functions onto physical switches, though it required
manual authoring. Recent work has sought to lower this authoring barrier through "ad-hoc" binding: systems like
Teachable Reality [18] allow users to define interactions by demonstrating visual states, while XR-Objects [5] and
OmniActions [13] use Vision-Language Models to infer affordances directly from an object’s identity. POINTER extends
this lineage by synthesizing both semantic understanding (via VLM) with geometric registration to produce a more

complete object understanding.

2.2 Model-Free Pose Estimation

Improving the fidelity of these tangible interactions requires precise 6DoF object pose estimation. While Model-Based
methods often rely on predefined CAD models or category priors, Model-Free approaches, which require only a set of
reference images, are essential for open-world, zero-shot generalization to novel objects.

Early model-free methods established 2D-3D correspondences by reconstructing objects from video or dense
reference images. For example, GenéD [16] retrieves the nearest reference images from a dense-view database for pose
refinement. Moreover, the OnePose family [6, 25] uses Structure-from-Motion (SfM) [24] to build point clouds and find
correspondences between the reconstruction and the query image. However, these are hindered by the dependency on
dense-view captures, which are impractical for spontaneous real-world interaction.

To reduce these requirements, sparse-view works [4, 12, 17, 19, 21] focus on matching a query image to a single
or small set of reference images. This improves efficiency and practicality, but reduces robustness. As such, several
methods implement pose refinement by representing the object in a more complete space: LatentFusion [22] uses a
latent space representation, GS-Pose [3] uses 3D Gaussians [10], and GigaPose [20], HIPPo [15], and SceneComplete [1]
use synthesized meshes generated by image-to-3D diffusion models. Nevertheless, despite their increased robustness,
these approaches, alongside foundation models like FoundationPose [28], reintroduce real-time latency bottlenecks due
to optimization-heavy "render-and-refine" loops or iterative generative synthesis.

To bridge the gap between real-time performance and robust pose estimation, we use BoxDreamer [29], as it serves
as an ideal middle ground. BoxDreamer uses a transformer-based point synthesizer to predict 2D corners and reproject
a 3D bounding box, achieving state-of-the-art accuracy in sparse-view settings while maintaining real-time inference

rates.

3 POINTER

POINTER (Persistent Object-anchored INteractions and Tagging for Enriched Reality) uses a "Scan-and-Play" workflow
to transform dynamic everyday physical objects into user interface elements. While the system relies on a heavy
computer vision backbone, our primary contribution is the interaction itself. We specifically target mobile devices (iOS)
rather than Head-Mounted Displays (HMDs) to maximize interface accessibility. Along the same lines, we lower the
barrier to entry by scanning novel objects using only RGB data, without inputs of depth or 3D texture.

The user workflow is divided into two phases: scanning and inference. To "store" an object, the user initiates a scan by
capturing a few photos of the object from various angles. Unlike traditional SLAM, the system performs open-vocabulary
discovery, automatically (or manually) identifying the object and its potential affordances. Once registered, the object

becomes a persistent anchor.
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Fig. 2. Overview of the POINTER demonstration scenarios. The top row illustrates Information Augmentation, where digital
content reveals context inherently tied to the object’s identity. Supermarket displays nutrition facts, ingredients, and allergens overlaid
on food items; Language Learning translates object names to a target language; Task Guidance overlays step-by-step instructions for
complex machinery or electronics; Pop-up is an advertising scenario where advertisers attach "new version" advertisements to previous
product generations. The bottom row illustrates Tangible Input, where the physical object is used as a controller to manipulate
external systems. Smart Light uses a physical object to control a smart lightbulb; Design Visualization is a visual design tool to inspect
a virtual model with a physical prop; Digital Workspace is a portable office setup that anchors virtual screens to a physical device.

3.1 Inference Modes

Once an object is registered, POINTER supports a range of interactions governed by the user’s intent. We categorize

these into two primary inference modes based on how the user conceptually frames the object.

3.1.1 Information Augmentation (Object as Canvas). In this mode, we use the semantic identity of the object to enable
situated querying. The physical object retains its identity, but its surface becomes a handle for metadata and instructions.
Importantly, pose estimation binds the content based on the user’s physical perspective and proximity, making the

binding more interactive.

3.1.2  Tangible Input (Object as Controller). In this mode, the object is appropriated as an input device for external
systems. The object’s specific identity is secondary to its physical affordances (shape, weight, graspability). This
leverages the natural haptics of the object, which provide the user with passive tactile feedback that screen-based

interfaces lack.

4 Conclusion

We have presented POINTER, a framework that moves Augmented Reality beyond static spatial anchors to focus on the
dynamic objects that populate our lives. By coupling the semantic flexibility of VLMs with the geometric fidelity of
pose estimation, we enable a new class of "retrofit" interfaces that grant digital capabilities to physical matter with only
a set of sparse RGB images. Our work explores the potential of this object-centric approach to support a class of more
resilient and diverse interactions.
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Generative Al Disclosure

The conceptual illustrations presented in Fig. 2 were produced with the assistance of generative Al tools. These images

are used strictly for the purpose of visualizing the target application scenarios and do not represent actual system

outputs or raw data.
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