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Artificial intelligence has become an indispensable part of digital life. People routinely use AI to write,

program, search, summarize, and make decisions. Yet this emerging human-AI symbiosis remains concen-

trated in the digital realm, where people work primarily with language through digital devices. It is far less

developed in the physical world, where people navigate and act under real stakes. People must still move

through unfamiliar places, manipulate objects, assess risks, and make decisions through their own situated

perception and at the cost of their own time and effort.

This limitation does not arise from a lack of AI research on the physical world. Over several decades,

computer vision, robotics, augmented reality, and embodied AI have produced systems that recognize ob-

jects, reconstruct environments, navigate, plan motion, and increasingly predict how real-world scenes may

evolve. The challenge is to translate these capabilities into assistance that fits human activity. Spatial evi-

dence is viewpoint-dependent, incomplete, multimodal, and subject to change. Its usefulness also depends

on who will act, what that person is trying to accomplish, and how an inferred result is communicated. A

model can therefore perform well on a general benchmark while remaining too slow, insufficiently grounded,

mismatched to a person’s capabilities, or too opaque for a consequential spatial decision.

This dissertation advances a vision of human-AI symbiotic spatial perception: a perceptual partnership

in which people and AI systems combine complementary knowledge and capabilities to acquire, interpret,

and communicate information about physical space. I argue that useful spatial assistance depends on de-



signing AI around both people and the physical world. Such systems must deliver timely, in-context output;

acquire task-relevant spatial evidence beyond a person’s direct presence; align spatial judgments with human

capabilities and goals; and represent spatial data in forms that people can perceive, inspect, and manipulate.

The dissertation investigates these requirements through four research frontiers and six projects.

Frontier I, In-Context, Real-Time Personalized Spatial Assistance, examines RASSAR, a mobile augmented-

reality system for accessibility and safety assessment. Frontier II, Spatial Perception Beyond Physical Pres-

ence, explores automated and human-guided spatial capture through RAIS and FlyMeThrough. Frontier

III, Aligning AI Spatial Reasoning with Human Needs, introduces CapNav, a benchmark of capability-

conditioned indoor navigation. Frontier IV, Human-Centered Spatial Representation and Interaction, inves-

tigates object- and event-centered techniques for spatial authoring through SonifyAR and DepthScape.

Across the projects, the findings show that useful assistance can emerge even when AI capabilities re-

main imperfect. RASSAR demonstrates the feasibility of mobile, stakeholder-informed accessibility scan-

ning while exposing the need for personalization and human verification. RAIS and FlyMeThrough show

that robots and drones can extend the reach of spatial capture, but that predefined task criteria or sparse

human annotations are needed to preserve relevance. CapNav reveals that strong vision-language mod-

els degrade when navigation depends on embodiment-specific constraints, metric estimates, and evidence

integrated across views. SonifyAR and DepthScape show how intermediate representations, including con-

textual event descriptions and parametric spatial anchors, let people inspect and shape AI-generated out-

puts. Together, these contributions establish a human-centered design agenda for spatial AI that is timely,

far-reaching, capability-aligned, expressive, and accountable to the people who use it.
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Chapter 1

Introduction

AI has become essential infrastructure for our digital lives. People use AI systems to draft documents,

write and debug code, retrieve information, summarize complex material, and support decisions. These

interactions increasingly resemble a form of human-AI symbiosis in the digital realm: people contribute

goals, judgment, and context, while AI contributes computational scale, pattern recognition, and generative

capability.

This human-AI symbiosis, anticipated more than half a century ago in Licklider's vision of “man-

computer symbiosis” [Licklider, 1960], is far less developed in the physical world. Everyday spatial de-

cisions are situated, embodied, and consequential. People must determine where to go, which paths are

feasible, what objects can be used, and what risks an action entails. They make these judgments from partial

observations, remembered experiences, maps and descriptions, and active exploration, often at the cost of

their own time, effort, and exposure.

This limitation does not arise from a lack of AI research on the physical world itself. Large-scale visual

datasets and deep neural networks established broad object recognition and segmentation across images and

videos [Deng et al., 2009; Krizhevsky et al., 2012; Ravi et al., 2024a]. Simultaneous localization and map-

ping systems reconstruct geometry while estimating a camera or robot's position [Mur-Artal and Tardós,

2017], and route planners connect spatial representations to feasible paths [Hart et al., 1968; Savva et al.,

2019]. Embodied multimodal and vision-language-action models further connect language and visual ob-

servations to plans and robot actions [Driess et al., 2023; Zitkovich et al., 2023]. More recently, predictive
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models have begun to simulate action-conditioned future observations for navigation and control [Bar et al.,

2025].

These advances are substantial, but benchmarked capabilities do not automatically become useful assis-

tance in everyday physical activity. Spatial evidence is incomplete and viewpoint-dependent; environments

and objects change; an answer may arrive too late for the action it is meant to support; and a judgment that

is valid for one body, machine, or task may be unsafe for another. The system must also express its interpre-

tation through a modality and representation that a person can understand, question, and correct. Improving

a model in isolation addresses only part of this translation problem.

This dissertation studies the human-centered gap between AI world understanding and human spatial

perception. I ask how AI can extend what people are able to perceive about the physical world while

remaining aligned with a person's current context, bodily capabilities, goals, and preferred forms of inter-

action. I call this goal human-AI symbiotic spatial perception: a perceptual partnership in which people

and AI systems combine complementary knowledge and capabilities to acquire, interpret, and communicate

information about physical space. The dissertation advances the following thesis:

Human-AI symbiotic spatial perception depends on designing AI systems around both people

and the physical world: systems must deliver in-context output in real time relative to the sup-

ported task, acquire task-relevant spatial data beyond a person's direct presence, align spatial

reasoning with human capabilities and goals, and represent spatial data in forms people can

perceive and manipulate. Across six projects, this dissertation shows that these design princi-

ples can enable useful real-world spatial assistance even when the underlying AI capabilities

remain imperfect.

Throughout this dissertation, real time is task-relative rather than a universal latency threshold. A spatial

system operates in real time when its end-to-end feedback, including sensing, inference, transmission, and

presentation, arrives within the decision horizon of the ongoing action it supports. Continuous locomotion or

collision avoidance may require subsecond responses; interactive scanning may tolerate longer computation

when incremental guidance arrives before the user chooses the next viewpoint; and deliberative planning

may remain useful over seconds or minutes without being real-time control. I use timely more broadly for

information that arrives when it can still support a task, including tasks that are not continuously unfolding.
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Section 7.4 returns to these distinctions with measured latencies from the dissertation projects.

This research goal extends beyond the scope of any single dissertation. Rather than claiming to solve

it, this dissertation develops and evaluates approaches toward this vision through four research frontiers.

They are not independent stages in a �xed pipeline. Each identi�es a condition that can determine whether

AI-generated spatial information becomes useful to a person, and the projects can address more than one

condition at once.

1.1 Frontier I: In-Context, Real-Time Personalized Spatial Assistance

The �rst frontier concerns immediacy: can AI provide useful spatial assistance while a person is acting in

the environment, with feedback grounded in the present scene and personalized to the user's needs? Such a

system must acquire local evidence, interpret it in real time, relate it to the user's task and capabilities, and

communicate results without demanding excessive attention or expertise.

RASSAR [Su et al., 2024d, 2023, 2022] serves as the example project for this frontier. RASSAR uses

a mobile phone's camera and LiDAR sensor, real-time computer vision, customizable accessibility rubrics,

and augmented reality to identify and communicate potential accessibility and safety issues. The project

demonstrates both the promise and dif�culty of situated assistance: the system must guide scanning, recog-

nize objects at different scales, connect measurements to individual concerns, and expose detections with

ef�cient visualization.

1.2 Frontier II: Spatial Perception Beyond Physical Presence

The second frontier concerns reach: can AI help people acquire spatial information beyond their physical

presence in space and time? Human perception is constrained by travel, access, risk, memory, and the timing

of an observation. Cameras, robots, and drones can extend this reach, but captured geometry or video is not

automatically useful. A remote representation must preserve the objects, relations, and functional details

required by its intended users.

RAIS [Su et al., 2024a] and FlyMeThrough [Su et al., 2025a] examine complementary approaches.

RAIS combines RASSAR with commodity robotic hardware to explore automated indoor accessibility
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scanning. It asks whether a robot can independently and regularly establish room models and accessibil-

ity assessments. FlyMeThrough addresses larger and more varied indoor spaces through commodity-drone

video, 3D reconstruction, and human-AI collaborative annotation. Building managers and occupants iden-

tify meaningful points of interest, while AI propagates their annotations and localizes them in a 3D map.

Together, the projects show that extending perception beyond physical presence requires both autonomous

or semi-autonomous capture and human guidance about what information matters.

1.3 Frontier III: Aligning AI Spatial Reasoning with Human Needs

The third frontier concerns alignment: does an AI system interpret the environment in a way that is valid

for the particular person or agent relying on it? Spatial perception is subject-conditioned. Stairs, thresholds,

door widths, turning spaces, and the ability to operate a door affect bodies differently. AI model outputs,

which are based on general training data, can therefore be geometrically plausible and linguistically con-

vincing while still being unusable or unsafe for a certain embodiment.

CapNav [Su et al., 2026a] serves as the example project for this frontier. CapNav benchmarks vision-

language models on indoor navigation tasks conditioned on �ve human and robotic capability pro�les. It

evaluates not only whether a model predicts feasibility, but whether it constructs a valid path, respects edge-

level traversability, and gives an appropriate reason when a route is infeasible. CapNav reveals systematic

weaknesses in capability-conditioned reasoning, particularly when models must estimate dimensions or

integrate evidence across many views. The project turns spatial alignment from a broad aspiration into a

measurable technical and human-centered problem.

1.4 Frontier IV: Human-Centered Spatial Representation and Interaction

The fourth frontier concerns expressiveness: how should humans and AI exchange spatial knowledge? AI

systems commonly encode space as meshes, masks, point clouds, embeddings, graphs, or generated text.

Humans may instead think through objects, materials, landmarks, sounds, depth cues, and direct manipu-

lation. Effective spatial input and output require representations that bridge machine inference and human

intuition.
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SonifyAR [Su et al., 2024c] and DepthScape [Su et al., 2026b] explore this frontier through different

modalities. SonifyAR converts interactions among users, virtual objects, and physical surfaces into textual

event representations, then retrieves or generates context-aware sounds. It demonstrates how sound can

communicate material and event relationships that are dif�cult to author through conventional trigger inter-

faces. DepthScape reconstructs latent depth from a single image and exposes AI-inferred geometry through

parametric anchors that designers can directly manipulate. It demonstrates how object-centered interaction

can make inherent spatial information inspectable and useful without requiring the user to become a 3D

modeling expert. Together, these projects position representation and interaction as core components of

spatial intelligence.

1.5 Summary of Contributions

This dissertation makes four overarching contributions:

Figure 1.1: The ecosystem of human-AI symbiotic spatial perception developed in this dissertation. Across
four frontiers and six projects, the framework extends beyond a person, an AI model, and the physical
environment to include sensing devices that capture evidence beyond direct physical reach, �eld experts
who contribute local knowledge, interaction techniques that support effective communication, and alignment
mechanisms that connect AI outputs to human capabilities and goals.
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1. A human-centered framework for spatial AI. It de�nes human-AI symbiotic spatial perception and

develops four design requirements for translating AI world understanding into assistance: timely and

personalized support in context, acquisition of evidence beyond direct physical presence, alignment

with the capabilities and goals of the person who will act, and human-centered representation and

interaction. This framework shifts the unit of analysis from model output alone to the complete

ecosystem among people, physical environments, AI inference, interfaces, external scanning devices,

and �eld experts. See Figure 1.1.

2. Systems and interaction techniques for acquiring and using spatial data. Across RASSAR, RAIS,

FlyMeThrough, SonifyAR, and DepthScape, the dissertation contributes mobile and robotic acces-

sibility scanning, human-guided drone mapping, click-based segmentation propagation and depth-

guided raycasting, context-aware sound authoring through programming by demonstration, depth-

based blending, and direct manipulation through parametric spatial anchors. These techniques make

spatial evidence available at different locations and times while giving people concrete ways to spec-

ify, inspect, and revise what an AI system produces.

3. A reusable benchmark for capability-conditioned spatial reasoning. CapNav formalizes align-

ment as a navigation problem in which route feasibility depends on a speci�ed human or robotic

embodiment. Its videos, navigation graphs, capability pro�les, edge-level traversability annotations,

and decomposed metrics distinguish a plausible answer from a valid path, a traversable route, and

an appropriate explanation. The benchmark reveals where current vision-language models fail under

metric, multi-view, and embodiment-speci�c constraints.

4. Empirical evidence and design knowledge from real spatial tasks. Formative studies, user stud-

ies, expert reviews, and technical evaluations examine the systems with accessibility stakeholders,

residents, building managers, occupants, AR creators, and designers, as well as across diverse indoor

scenes and images. These studies establish where the proposed techniques are feasible and useful,

while identifying limitations in personalization, capture coverage, latency, reconstruction, generation

quality, and model reliability. Collectively, the �ndings show why imperfect AI can still support

spatial work when its evidence and outputs remain inspectable, correctable, and bounded to an appro-
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priate task.

1.6 Chapter Overview

Chapter 2 develops the conceptual and technical foundation for the dissertation. It �rst reviews human

spatial perception as embodied and action-oriented, partial and individually variable, and organized around

task-relevant objects, landmarks, and affordances. It then traces AI world understanding from integrated

robotics and geometric mapping to learned visual geometry and multimodal embodied models. The chapter

situates the dissertation among established human-AI interaction frameworks, reviews accessible navigation

and environmental auditing as a central application strand, and identi�es the gaps that motivate the four

frontiers.

The four subsequent frontier chapters form the empirical core of the dissertation. Frontier I: In-Context,

Real-Time Personalized Spatial Assistance presents RASSAR. Frontier II: Spatial Perception Beyond Phys-

ical Presence presents RAIS and FlyMeThrough. Frontier III: Aligning AI Spatial Reasoning with Human

Needs presents CapNav. Frontier IV: Human-Centered Spatial Representation and Interaction presents

SonifyAR and DepthScape. Each chapter begins with a preamble de�ning the frontier, then develops its

example project or projects through their motivation, design, implementation, evaluation, and implications

for human-AI symbiotic spatial perception.

The synthesis chapter draws lessons across the four frontiers and outlines a future in which AI can extend

human spatial perception without displacing human judgment. The conclusion then returns to the central

thesis and its implications. The goal is not to make physical presence universally unnecessary, nor to treat

AI perception as complete. It is to make spatial assistance more timely, far-reaching, capability-aligned, and

expressive, while giving people meaningful ways to understand and shape the representations on which that

assistance depends.
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Chapter 2

Overview of Human and AI Spatial

Perception

This chapter establishes the conceptual and technical background for human-AI symbiotic spatial perception.

It �rst reviews complementary theories of embodied perception, action, spatial knowledge, and mediated

understanding. It then traces AI world understanding from geometric mapping and learned visual repre-

sentations to multimodal embodied models. Next, it situates this dissertation among established human-AI

interaction frameworks. Finally, it reviews accessible navigation, environmental auditing, and other spatial-

assistance systems and develops the gaps that motivate the four frontiers.

2.1 Human Spatial Perception

Every animal must acquire useful information about its surroundings and act on that information to survive.

In humans, visual depth and motion cues, hearing, touch, proprioception, vestibular sensation, and memory

together support this basic capacity. People use these capabilities to infer layout, locate objects and sur-

faces, anticipate routes, and select actions. Human spatial perception is therefore not a passive recording

of complete geometry. It is an ongoing process of sensing, remembering, interpreting, and acting on an

environment under the constraints of a particular body, task, and situation.
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2.1.1 Perception and Action in an Embodied World

Biologists and psychologists have long studied this relationship between an organism and its surroundings.

Von Uexküll's concept of Umwelt describes the meaningful world available to an organism through its

particular perceptual and action capabilities [Uexküll, 2010]. An environment may be physically shared yet

differently available to bodies with different senses, sizes, skills, and needs. A stairway, doorway, audible

signal, re�ective surface, or visual landmark therefore does not carry the same practical meaning for every

person or machine. This perspective shifts spatial computing away from asking only what is present and

toward asking what a particular actor can perceive and do.

Ecological theories make this relation to action explicit. Gibson's affordances describe opportunities for

action relative to an organism and its environment [Gibson, 1979]. A chair affords sitting, a handle affords

grasping, and an opening affords passage under particular bodily and situational conditions. Norman's

distinction between affordances and signi�ers adds an interaction-design perspective: an opportunity for

action may exist, but a perceivable cue is needed to communicate it [Norman, 2013, 1999]. For spatial

perception, simply detecting an object or space is therefore only an intermediate result. A useful system

must relate the physical presence to possible actions and communicate that interpretation without concealing

uncertainty.

Our perception is also active. Bajcsy argues that perceptual systems strategically control sensing in

response to goals rather than waiting for complete input [Bajcsy, 1988]. People turn their heads, approach

an object, open a door, or revisit a viewpoint to resolve uncertainty. Recent experimental work further shows

that motor engagement during exploration can improve route memory compared with passively viewing the

same route, emphasizing that spatial knowledge depends on how an environment is experienced as well as

what is seen [Sivashankar et al., 2025].

2.1.2 Organizing Spatial Knowledge

Spatial-cognition research explains how people organize the evidence collected through perception and ac-

tion. Tolman's cognitive-map work introduced internal spatial representation as an explanation for �exible

navigation [Tolman, 1948]. Lynch showed how paths, edges, districts, nodes, and landmarks contribute to

the imageability and legibility of cities [Lynch, 1960], while Siegel and White described the acquisition
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of landmark, route, and survey knowledge [Siegel and White, 1975]. These accounts emphasize different

aspects of spatial knowledge, but all reject the idea that people maintain a complete, perfectly metric survey

map.

Tversky further characterized spatial knowledge through cognitive maps, cognitive collages, and spatial

mental models that are partial, schematic, and shaped by the current task [Tversky, 1993]. Montello showed

that object-scale, vista-scale, environmental-scale, and geographic-scale spaces are apprehended and used

differently [Montello, 1993]. Taylor and Tversky, meanwhile, demonstrated that descriptions and maps

preserve different relations and support different forms of spatial inference [Taylor and Tversky, 1992].

These theories are complementary rather than interchangeable. Affordances explain how spatial features

relate to possible action; active perception explains how evidence is sought; cognitive-map and landmark

theories explain how locations and routes are organized; and scale and representation theories explain why

the same environment may be understood differently across tasks and media. No single construct serves

as the target of this dissertation. Together, the theories establish that spatial understanding is selective,

action-oriented, and assembled from multiple forms of evidence.

2.1.3 Sources, Scales, and Limits of Spatial Knowledge

Across these theories, useful spatial knowledge draws on three complementary sources of information:

1. Immediate sensory information comes from the current situation: visual depth and motion cues,

sound, touch, bodily orientation, and active inspection. This source is grounded in the present view-

point but is necessarily limited by occlusion, attention, and sensing range.

2. Retrieved knowledge comes from memory and prior experience. It lets people recognize landmarks,

remember a route, infer likely object locations, and relate a current view to a previously visited place.

It is useful precisely because direct sensing is incomplete, but it can be outdated, distorted, or unavail-

able for unfamiliar environments.

3. Mediated representations come from other people and external media, including language, sketches,

maps, photographs, videos, and online information. Such representations can make remote or past

information available, but their value depends on what they preserve and how well a person can inte-
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grate them into the current task. Past research shows that people acquire different spatial knowledge

from maps, route descriptions, virtual environments, and direct navigation [Tversky and Lee, 1999;

Richardson et al., 1999].

These categories are analytical rather than mutually exclusive. A person reading a map may combine it

with remembered landmarks and current visual cues; someone who asks for directions must connect another

person's verbal description with an immediate view. The important point is that spatial understanding is

assembled from heterogeneous evidence, not copied from a single sensor or data structure.

Spatial knowledge also remains partial because people are bounded by their position in space and time.

Time-geography characterizes reachable activities through capability constraints, coupling constraints that

require coordination with other people or resources, and authority constraints that regulate access to places

[Hägerstrand, 1970]. Physical travel consumes time and may be risky, expensive, socially constrained, or

impossible. The resulting epistemic horizon is the practical boundary of what a person can currently know

about an environment. It changes with viewpoint, attention, prior experience, mobility, and access to other

people or technologies.

Technology can extend this horizon through remote sensing, recorded media, mapping, or communi-

cation with others, but it cannot make every environment fully known. A person standing in a room can

inspect visible surfaces but not space behind a wall; a video can reveal a distant room while omitting scale,

sound, or objects outside the camera path. The design problem is therefore not to construct an exhaustive

representation of every environment. It is to identify which missing evidence constrains a decision, acquire

or infer that evidence responsibly, and express it in a form that supports the person's current understanding

and action.

2.2 AI World Understanding

AI world understanding refers here to computational methods for recognizing physical entities, estimating

spatial structure and state, integrating evidence over time, predicting change, and selecting actions. These

capabilities have not developed along a single path. Symbolic and geometric representations remain impor-

tant, while learned visual, multimodal, and action-conditioned representations have expanded the range of

environments and tasks that machines can address.
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2.2.1 From Geometric Mapping to Learned Scene Representations

Early integrated AI and robotics systems made the perception-representation-action loop concrete. Shakey

combined sensing, an explicit representation of its surroundings, planning, and mobile action [Nilsson,

1984]. Subsequent robotics research developed increasingly capable methods for mapping, localization, ob-

stacle avoidance, and motion planning. Simultaneous localization and mapping, for example, estimates an

agent's trajectory while constructing a map from sequential observations, making metric structure and uncer-

tainty explicit [Cadena et al., 2016; Mur-Artal and Tardós, 2017]. Such systems provide inspectable geomet-

ric state, although they can depend on sensor assumptions, engineered correspondence, and environment-

speci�c failure handling.

The large-scale deep-learning era shifted emphasis toward representations learned from data. Ima-

geNet supplied a large hierarchical image database and benchmark for visual recognition [Deng et al.,

2009], and AlexNet demonstrated the impact of deep convolutional networks and GPU training at that

scale [Krizhevsky et al., 2012]. Deep vision subsequently improved object detection, segmentation, depth

estimation, and scene understanding. Matterport3D added RGB-D observations and reconstructed indoor

environments [Chang et al., 2017], while Habitat enabled embodied agents to be trained and evaluated across

many scanned spaces [Savva et al., 2019].

Learned visual geometry is now beginning to unify tasks that were previously handled by separate

pipelines. VGGT, for example, predicts camera parameters, depth maps, point maps, and 3D point tracks

from one to hundreds of views in a single feed-forward model [Wang et al., 2025a]. Scene graphs organize

objects, attributes, and relations [Johnson et al., 2015]; CLIP provides transferable image-language repre-

sentations [Radford et al., 2021a]; and SAM 2 supports promptable segmentation and propagation across

images and video [Ravi et al., 2024a]. Together, these methods expose increasingly rich geometric and

semantic evidence that can be assembled into spatial applications.

2.2.2 Multimodal and Embodied Spatial Intelligence

Multimodal foundation models connect images, video, language, and other sensor streams through more

uni�ed interfaces. Vision-language models can answer questions about scenes, generate descriptions, and

ground language in visual evidence. PaLM-E interleaves continuous sensor inputs with text in an embodied
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language-model architecture [Driess et al., 2023]. SayCan combines language-model task proposals with

robot-speci�c affordance values [Ahn et al., 2022], while RT-2 represents robot actions as tokens and co-

trains on robot trajectories and web-scale vision-language data [Zitkovich et al., 2023]. These systems move

beyond recognition toward choosing actions in response to human instructions.

Recent robotics work has made spatial representation itself an explicit design target. SpatialVLA injects

egocentric 3D position information and uses spatial action grids to support cross-robot manipulation policies

[Qu et al., 2025]. Spatial MLLM connects a feed-forward visual geometry foundation model to a LLM

backbone to enable spatial inference [Wu et al., 2025]. Such work illustrates a broader shift from asking

whether language and images can be combined to asking what spatial structure must be preserved for reliable

action. It also shows that semantic and spatial inference are related but distinct capabilities: recognizing an

object or interpreting an instruction does not by itself determine a metrically valid motion.

Embodied models are therefore best understood as compositions of perception, representation, plan-

ning, and control choices. Some produce high-level plans that another controller executes; others predict

discrete or continuous actions directly. Their effectiveness depends on embodiment, calibration, latency,

safety constraints, and the ability to recover when observations or plans are wrong. These requirements

are stricter than those of image-based question answering because errors have consequences in the physical

environment.

2.2.3 Predictive World Models

The focus of this dissertation is distinct from world model, which is a learned predictive model of en-

vironment state and dynamics. Given observations and, often, candidate actions, it estimates how future

observations or latent states may evolve. This de�nition follows the model-based-control use of the term

rather than treating every spatial representation as a world model. A predictive world model can support

planning by allowing an agent to compare possible futures before acting [Ha and Schmidhuber, 2018].

World models vary in what they predict and how directly that prediction corresponds to physical state.

Pathdreamer predicts future visual observations along indoor navigation paths [Koh et al., 2021]. Navigation

World Models scales action-conditioned video prediction across egocentric human and robot data and uses

generated futures to plan or rank navigation trajectories [Bar et al., 2025]. More recently, Chain of World
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couples a vision-language-action model with a latent representation of motion so that temporal prediction

can inform robot action without reconstructing every background pixel [Yang et al., 2026]. These examples

show how predictive representations can connect perception, temporal reasoning, and control.

Prediction introduces its own representational risks. A generated future may be visually plausible while

violating metric geometry, object permanence, collision constraints, or the agent's actual dynamics. Autore-

gressive rollouts can accumulate error, and a model trained on typical scenes can treat a statistically likely

event as physically possible in the present scene. Predictive quality must therefore be evaluated against the

downstream action and not only through visual realism. For human-facing assistance, systems must also

communicate when a proposed future is inferred rather than directly observed.

2.2.4 Limits in AI Spatial Grounding

Current AI systems encode space as maps, meshes, point clouds, depth �elds, scene graphs, navigation

graphs, learned embeddings, token sequences, and generated media. Each representation supports some

operations while discarding information needed by others. The central dif�culty here is building a persis-

tent spatial representation that can incorporate spatial relations and approximate scales based on the input

evidence. A model may correctly identify object semantics while confusing their spatial relations, failing to

combine observations across views, or giving incompatible answers about distance, size, relative position,

or affordance. SpatialRGPT and Mind the Gap make these forms of reasoning explicit [Cheng et al., 2024;

Stogiannidis et al., 2025]; VSI-Bench further shows that �uent video descriptions do not guarantee reliable

metric or multi-view spatial judgments [Yang et al., 2025b].

These failures become more consequential in open, dynamic, or long-horizon tasks. OSI-Bench �nds

that spatial abilities developed in structured indoor settings do not reliably transfer to outdoor scenes with

larger scales, changing layouts, and less constrained viewpoints [Wu et al., 2026]. Under incomplete ev-

idence, vision-language models may also invent objects, relations, or explanations rather than signal un-

certainty [Li et al., 2023; Guan et al., 2024]. Geometry-aware checks can improve particular tasks. For

example, Context-Nav validates target descriptions with viewpoint-aware 3D relations during instance nav-

igation [Jang and Kim, 2026]. However, these checks do not establish whether the available evidence is

suf�cient for a person's question or whether the resulting judgment is valid for that person's capabilities.
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For human-facing spatial assistance, these weaknesses can turn a plausible answer into a misleading or risky

one.

2.3 Human-AI Interaction Frameworks

Human-AI symbiotic spatial perception belongs to a longer history of frameworks for designing relation-

ships between people and computational systems. These frameworks differ in scope and unit of analysis.

Some describe a broad division of intellectual labor, some prescribe how control should move between a

person and a system, and others provide concrete guidance for adaptation, error recovery, and appropri-

ate reliance. Together, they establish that successful human-AI interaction cannot be inferred from model

accuracy alone.

Licklider's account of man-computer symbiosis proposed a tightly coupled partnership based on com-

plementary strengths: people contribute goals, judgment, �exible reasoning, and problem formulation, while

computers contribute rapid calculation, storage, and routine processing [Licklider, 1960]. The term symbi-

otic in this dissertation follows that commitment to complementarity rather than implying that a person and

an AI system have equal agency or interchangeable perception. The spatial setting also makes the division

of labor concrete. A person can identify a meaningful destination, accessibility concern, intent, and actually

conduct any physical action; a computational system can gather online information, estimate physical mea-

surements, reconstruct spatial geometry, or search for candidate routes. Neither contribution is suf�cient by

itself.

Mixed-initiative interaction makes this partnership operational by allowing the user or the system to take

initiative as goals, uncertainty, and expected costs change [Horvitz, 1999]. This perspective is especially

relevant when spatial evidence is incomplete. An AI system may guide a person toward an unobserved

doorway, request another camera view, or propose a route; the person may supply a missing constraint,

reject an irrelevant detection, or redirect capture. The important design question is therefore not whether the

system is autonomous, but when initiative should shift and whether the person can understand and reverse

that shift. The projects in this dissertation implement multiple forms of this exchange through scan guidance,

correction interfaces, sparse annotation, editable anchors, and capability-conditioned queries.

Ability-Based Design supplies a complementary accessibility framework. It centers what people can do,
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places responsibility for poor user-system �t on the system rather than the person, and calls for interfaces

that adapt to users' abilities while making adaptations transparent and sensitive to performance and context

[Wobbrock et al., 2011]. Human-AI symbiotic spatial perception aligns most directly with its account-

ability, adaptation, transparency, and context principles. RASSAR's customizable rubrics and CapNav's

explicit capability pro�les, for example, reject a single assumed body as the universal basis for spatial judg-

ment. Elaborated in six projects and grounded spatial tasks, this dissertation extends Ability-Based Design's

concerns from interface access to spatial perception and action.

More recent human-centered AI guidance addresses the probabilistic and evolving behavior of AI sys-

tems. The Guidelines for Human-AI Interaction organize recommendations around initial expectations, or-

dinary interaction, AI failure, and change over time; among other concerns, they emphasize timing services

to context, showing relevant information, supporting correction, and explaining system behavior [Amershi

et al., 2019]. Shneiderman's human-centered AI framework similarly argues that high levels of automation

can coexist with high levels of meaningful human control, with reliability, safety, and trustworthiness treated

as design requirements rather than assumed consequences of technical progress [Shneiderman, 2020]. These

principles recur throughout this dissertation in anchored �ndings, previews, deletion and re�nement controls,

decomposed benchmark metrics, and representations that expose the basis of an AI output.

Trust-in-automation research sharpens the point. The appropriate goal is not maximal trust, but reliance

calibrated to what a system can do in the present context [Lee and See, 2004]. Overreliance is dangerous

when an AI system con�dently misses a stair, underestimates a clearance, or hallucinates a connection be-

tween rooms; blanket distrust also discards useful measurements and computational reach. Spatial interfaces

can support appropriate reliance by exposing provenance, coverage, uncertainty, and task boundaries, and

by letting people inspect the evidence behind a conclusion or obtain more evidence when needed.

Human-AI symbiotic spatial perception complements these aforementioned frameworks rather than re-

placing them. Its distinct contribution is to specialize the existing principles towards spatial data and physi-

cally situated action. The four frontiers in this dissertation identify where this spatial specialization creates

design work: output must arrive in context and at the pace of action; evidence must be acquired across

relevant places, times, and viewpoints; judgments must be conditioned on the capabilities and goals of the

person who will act; and machine spatial representations must be translated into forms people can perceive,
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manipulate, and repair.

2.4 Combining AI World Understanding with Human Needs

The preceding frameworks become concrete in systems that augment immediate sensory evidence, retrieve

information gathered in the past, or mediate knowledge about remote environments. Accessibility is a central

strand of this work because it makes person-environment �t, representation, and the consequences of error

unusually visible. It also has a long history that predates current AI models and should not be reduced to

object detection or route generation.

2.4.1 Accessible Navigation and Nonvisual Spatial Cognition

Orientation and mobility (O&M) provides a foundational account of travel by people who are blind or have

low vision. Orientation involves establishing and maintaining one's position and direction relative to the

environment, while mobility concerns moving safely and effectively through it. O&M practice combines

sensory information, landmarks, route structure, mobility aids, active exploration, and instruction rather

than treating navigation as the delivery of turn commands alone [Long and Giudice, 2010]. This distinction

matters for AI systems: reaching a destination is one outcome, but maintaining awareness, con�dence, and

the ability to make independent decisions can be equally important.

Research on blind spatial cognition likewise cautions against treating vision as a prerequisite for spatial

knowledge. Giudice argues that the central issue is access to spatial information and the form in which it is

encoded, because audition, touch, proprioception, language, and movement can all support spatial learning

[Giudice, 2018]. Experimental work further shows that dynamically updated verbal descriptions of local

geometry can support learning and way�nding in a large indoor layout, although that study used blindfolded

sighted participants and should not be read as a substitute for evaluation with blind travelers [Giudice et al.,

2007]. For interface design, the implication is not that one modality is universally equivalent to another, but

that nonvisual representations should be evaluated for the spatial relations, cognitive effort, and actions they

support.

Several navigation systems embody different choices along this design space. NavCog uses smartphone

sensing and installed Bluetooth beacons to provide turn-by-turn indoor guidance, nearby points of interest,
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and warnings about features such as stairs; its original deployment was evaluated with blind participants in

complex indoor and outdoor areas [Ahmetovic et al., 2016]. Microsoft Soundscape instead uses spatialized

audio callouts and auditory beacons to support ambient awareness and user-directed exploration. Research

on Soundscape found that engagement with spatial audio was associated with continued use among thou-

sands of blind and low-vision users, while a separate study with sighted participants found that auditory-

beacon navigation supported greater spatial learning than conventional turn-by-turn guidance [Liu et al.,

2022; Clemenson et al., 2021]. Clew offers another model: people can record and later replay an indoor

route through audio and haptic guidance without requiring installed building infrastructure [Yoon et al.,

2019].

Assistive AR and live description systems move beyond route instructions toward information anchored

in the current scene. Zhao et al. designed AR visualizations that emphasize stair boundaries for people

with low vision [Zhao et al., 2019]. WorldScribe combines perceptual models to produce live, context-

aware visual descriptions while negotiating a tradeoff between descriptive richness and latency [Chang et al.,

2024]. Beyond Omakase shows that blind travelers using navigation robots may prefer different levels of

shared control across social situations, including the ability to monitor the environment and intervene in

navigation decisions [Kamikubo et al., 2025]. Taken together, this literature shows that accessible navigation

is not only a localization problem. It concerns the traveler's ongoing awareness, agency, preferred modality,

and authority to question or redirect assistance.

2.4.2 Accessibility Mapping and Environmental Auditing

Navigation assistance depends on information about whether environments and routes are usable. Accessi-

bility, however, is not a �xed label attached to a place. It emerges from the relationship among environmental

features, a person's abilities and mobility technology, and the activity being attempted. Traditional home

assessments therefore combine physical measurements with professional or lived expertise, often through

checklists used by residents, caregivers, and occupational therapists [Clemson, 1997; Iwarsson, 1999; Law

et al., 1996]. Such methods provide depth and accountability but can require an in-person visit, specialized

knowledge, and substantial effort.

Researchers have explored how remote imagery, crowdsourcing, and computer vision can expand the
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coverage of accessibility data. Hara et al. showed that crowd workers could identify sidewalk accessibility

problems in Google Street View imagery, and Project Sidewalk developed this approach into a web-based

tool for collecting labels at urban scale [Hara et al., 2013; Saha et al., 2019]. Subsequent work used these

labels to train models for automatically detecting sidewalk barriers [Weld et al., 2019]. Indoor and building-

scale work has extracted accessibility information from �oor plans, point clouds, and geometric networks,

including passable space, inaccessible entrances, and route connectivity [Kostic and Scheider, 2015; Balado

et al., 2017; Dao and Thill, 2018]. These approaches reduce collection cost and can reveal patterns unavail-

able through isolated audits, but their results remain bounded by image coverage, reconstruction quality,

labeling assumptions, regulations, and the represented mobility pro�le.

This literature exposes a gap between scalable auditing and individualized use. A standards-based label

can support screening without determining whether a feature works for a particular person. A crowd or

model may identify a curb ramp while missing surface condition, temporary obstruction, reachability, or the

exact measurement needed for a decision. Conversely, requiring every person to visit and measure every

location negates the value of remote spatial assistance. RASSAR and RAIS investigate this gap through

situated and robotic indoor auditing; FlyMeThrough studies a more general human-guided infrastructure for

preserving locally meaningful facilities; and CapNav tests whether model judgments remain valid when the

represented embodiment changes.

2.4.3 Situated and Remote Spatial Assistance

Spatial technologies can also support inspection and decision making before a person is physically present.

Embodied Exploration enables wheelchair users to inspect high-�delity virtual replicas through an embodied

avatar before visiting a location [Pei et al., 2023]. Accessibility Scout uses an LLM-based photo-scanning

work�ow to identify accessibility concerns while allowing people to tailor scans to their mobility, prefer-

ences, and particular environmental interests [Huang et al., 2025]. SceneScout makes street-level imagery

available for route preview and virtual exploration by blind users, while revealing that plausible description

errors can be dif�cult to detect without visual veri�cation [Jain et al., 2026]. Advances in geometric re-

construction and real-to-simulation conversion can broaden the evidence available for such systems [Wang

et al., 2025a; Xie et al., 2025], but they cannot independently decide what evidence matters or when it is
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suf�cient for a speci�c person's judgment.

At present, physical-world assistance remains far less integrated into everyday life than digital AI as-

sistance. Reliable support requires timely, in-context evidence; spatial knowledge that reaches beyond a

person's immediate presence; reasoning aligned with individual capabilities and goals; and interaction tech-

niques that let people inspect, communicate with, and revise a system's representation. Together, these

requirements de�ne the four research frontiers of this dissertation.
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Chapter 3

Frontier I: In-Context, Real-Time

Personalized Spatial Assistance

3.1 Preamble

The �rst research frontier asks how people and AI systems can perceive a spatial situation together while

it is unfolding. Human spatial understanding is continuously updated through movement, attention, and

action; support is useful only when it connects to the environment a person is currently experiencing and

arrives in time to in�uence a decision. As de�ned in Chapter 1, spatial assistance is in context when it is

grounded in the present scene, real time when end-to-end feedback arrives within the decision horizon of

an ongoing action, and personalized when its interpretation re�ects the capabilities, goals, and preferences

of the person using it. For RASSAR, real time refers to incremental reconstruction, scan guidance, and

accessibility �ndings that can alter where a user points the phone or what the user veri�es during a scan; it

does not imply that the complete room audit �nishes within a subsecond control loop.

This frontier matters because many consequential spatial judgments are made in the middle of activity:

whether a route is clear, a surface is reachable, an object poses a hazard, or a room can support a planned

task. Accessibility makes the need especially visible. The same physical feature can be irrelevant, helpful,

or prohibitive depending on a person's mobility, assistive technology, routines, and immediate purpose.

Recent systems for live visual description and shared-control navigation likewise show that useful assistance
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depends on timing, agency, and the opportunity to intervene, not only on perceptual accuracy [Chang et al.,

2024; Kamikubo et al., 2025].

Bringing these requirements together remains dif�cult. A system cannot assess an unseen feature, yet

a user may not know which viewpoint or measurement the system needs. Object recognition alone does

not establish whether a cabinet, threshold, or corridor is accessible or safe. Models also remain fallible, so

users must be able to inspect a �nding in place, contribute additional evidence, and correct it when necessary.

Finally, �xed standards provide useful baselines but cannot fully capture the variation among bodies, homes,

activities, and preferences; personalized accessibility-scanning research makes this variation central to the

assessment process [Huang et al., 2025].

The resulting design challenge is to make sensing, interpretation, and human judgment part of one

accountable loop: guide evidence collection, relate geometric and semantic observations to user-relevant

criteria, anchor feedback to the observed scene, and preserve a representation that supports later review. The

RASSAR project examines this challenge through indoor accessibility and safety auditing.

3.2 RASSAR: Room Accessibility and Safety Scanning in Augmented Real-

ity

RASSAR operationalizes this frontier as a mobile augmented-reality system that helps people inspect indoor

spaces while they are physically present. The system combines phone-based LiDAR reconstruction, real-

time object detection, extensible accessibility rubrics, in-situ visual and audio feedback, and a post-scan 3D

summary. Its design and evaluation address the complete interaction loop: what stakeholders need from an

audit, how a user collects evidence, how the system turns detections into accessibility �ndings, how those

�ndings are communicated, and where human veri�cation remains necessary.

3.2.1 Introduction

Safe and accessible living spaces are a fundamental human right [Organization, 2018]. Yet inaccessible

housing remains prevalent throughout the world. In the United States, for example, 90% of housing units

are inaccessible to people with disabilities [Smith et al., 2008; Steinfeld et al., 1998]. In the United King-
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Figure 3.1: RASSAR is a mobile AR application for semi-automatically identifying, localizing, and visu-
alizing indoor accessibility and safety issues. It scans a home using LiDAR and computer vision, evaluates
detected elements against accessibility and safety rubrics, and presents an interactive 3D summary.

dom, 98% of newly built private homes are inaccessible to wheelchair users [Imrie, 2003]. To improve the

safety and accessibility of domestic spaces, researchers and health professionals have created preformatted

checklists that help residents and trained professionals audit and renovate indoor spaces [Struckmeyer et al.,

2021; Clemson, 1997; Iwarsson, 1999; Fänge and Iwarsson, 2005]. For example, the Home Safety Self-

Assessment Tool (HSSAT) [Horowitz et al., 2016; Tomita et al., 2014] includes a checklist for issues such

as uneven �ooring, cluttered areas, slippery throw rugs, and inaccessible light switches across nine areas of

the home (e.g., kitchens, bathrooms, and bedrooms). Other researchers have explored remote assessment

methods using teleconferencing and video cameras [RENDA and LAPE, 2018; Romero et al., 2017].

With advances in computer vision (CV), augmented reality (AR), and mobile sensors, new ways to

assess indoor accessibility and safety are now possible. For example, emerging smartphones contain built-

in Light Detection and Ranging (LiDAR) sensors [Apple, 2020], which can reconstruct indoor spaces in

real time with high precision [Díaz Vilariño et al., 2022]; new CV models such as YOLO [Jocher et al.,

2022] can recognize objects across categories; and smartphones contain powerful computational units for

on-device processing. Leveraging these advances, we created RASSAR (Room Accessibility and Safety

Scanning in Augmented Reality), a custom mobile AR application for semi-automatically identifying, lo-

calizing, and visualizing indoor accessibility and safety issues using LiDAR and real-time computer vision

(Figure 3.1). With RASSAR, a user scans an indoor space with their phone; the tool constructs a real-time
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