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Fig. 1. Spatial instruction authoring and guidance through natural walkthroughs and targeted follow-up. (a) An author wearing
smart glasses explains how to make espresso while the system captures speech and visual context and localizes detected objects. (b)
These observations populate a Spatially Aware Knowledge Graph linking objects, spaces, and tasks, including objects not explicitly
mentioned by the author. During the walkthrough, a targeted question elicits the missing brewing duration (25-30 seconds), while
the author’s speech and pointing identify the coffee machine’s digital timer, enriching the graph with task details and a related object.
(c) The system uses the refined graph to answer a user’s question about making espresso, providing guidance grounded in spatial
relations, brewing duration, and the timer’s location. Purple highlights indicate knowledge added through follow-up and reused in
the guidance.

Instructions for navigating and operating in physical spaces are difficult to author and retrieve, often lack spatial context and omit
important details. We present SPIN?, a system for authoring spatial instructions through in-situ narrated walkthroughs captured with

smart glasses. SPIN processes multimodal egocentric data from smart glasses to construct a Spatially-Aware Knowledge Graph that links

1SPIN: short for SPatial INstruction authoring.
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what was said to what was visible and where it occurred. This structured representation enables SPIN to identify missing information
and gaps in the authored instructions and generate targeted follow-up questions that elicit omitted details, resulting in more complete
spatial instructions. In a study with ten participants, SPIN significantly outperformed baseline approaches in retrieval performance
(mean score: 2.35/3.0), while active elicitation significantly improved graph completeness (A = 0.68). Participants reported usability

and workload scores of 86.5 on the System Usability Scale and 28.0 on the NASA Task Load Index, respectively.
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1 Introduction

People spend much of their lives navigating physical spaces and performing tasks within them: cooking in a kitchen,
running equipment in a lab, repairing machinery in a factory. But communicating how to do these tasks to someone
new to the space is surprisingly hard, because the knowledge is inseparable from the space itself: which drawer, which
button, which corner of the room, in what order, under what conditions.

Consider a host preparing a home for a short-term guest, like an Airbnb setting. They need to explain where things
are across several rooms, the quirks of specific appliances, the multi-step sequence for a finicky hot tub, and situated
routines like when to take out the trash or the specific trick to make the water dispenser work.

Today, people handle this with written manuals, static diagrams, or recorded video walkthroughs. However, they are
difficult to author, hard to search through, and rigid by nature, meaning they capture only what the author thought to
include, with no awareness of the space itself, and often miss details that are actually important.

This creates three persistent problems:

(1) High authoring burden: manually documenting every step and spatial detail in text or video is slow and
tedious.

(2) Lack of spatial grounding: since text and images lack spatial context, they expect readers to map the abstract
steps onto the 3D space.

(3) Instructional omissions: because authors already understand the process, they may overlook steps or explana-

tions which are actually valuable for another person new to the space.

We address these challenges with SPIN, a spatial authoring system that captures instructions as an author walks
through a space and narrates it naturally, as though guiding another person new to the space. At the core of SPIN
is a Spatially-Aware Knowledge Graph: rather than storing instructions as video or a flat transcript, it encodes what
was said, tied to what was visible at that moment, and where in the space it occurred, linking related information
both spatially and semantically. This structure makes the underlying knowledge easy to parse and query, enabling
efficient retrieval by location or object rather than scrubbing through linear footage. To populate this graph, SPIN
captures multimodal egocentric data (synchronized speech and egocentric video) from smart glasses, applying visual
re-localization to recover a 3D trace of where the author walked, looked, and spoke. Together, these signals allow the
Manuscript submitted to ACM
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system to capture not just what was said, but what was pointed at, demonstrated, and spatially referenced, directly
addressing the lack of grounding and high authoring burden in existing approaches.

The graph representation also helps identify missing information. Authors giving a walkthrough do not always
provide complete instructions: they may omit steps that feel obvious, or skip details they assume are already known. To
address this, SPIN performs active elicitation, using gaps in the graph to generate targeted follow-up questions that
capture what was missed. This closes information gaps at authoring time rather than leaving them to be discovered by
a confused user later. Together, these components directly address all three challenges: the graph structure reduces
authoring burden and provides spatial grounding, while active elicitation closes the instructional omissions that
walkthroughs alone cannot prevent.

Because the resulting knowledge graph is structured and spatially grounded, it is well suited for a range of downstream
applications. For example, it can be queried to answer questions about the space, replayed as spatial overlays through
an AR headset, or exported into a traditional manual. In this paper, we focus on the authoring side of this pipeline, the
process of capturing, structuring, and building more complete spatial knowledge. While our contribution focuses on
authoring, we evaluate the resulting graph through conversational querying, using it as a proxy to demonstrate that
the captured instructions are more complete and usable.

To inform our system design, we conducted a formative study examining how people naturally give walkthroughs of
physical spaces: what information they communicate, the balance of visual, spoken, and deictic (pointing or gesture-
based) cues they rely on, and what kinds of details they tend to omit. These findings directly informed the graph schema
and active elicitation logic of SPIN.

We evaluate SPIN through a user study in which 10 participants authored spatial instructions for real physical spaces
using our system. We assess the completeness of the resulting knowledge graph before and after active elicitation,
the accuracy of instruction retrieval against a benchmark of 20 questions across 5 categories, and the usability of the
authoring experience. SPIN significantly outperformed video and transcript-based baselines on retrieval accuracy (mean
2.35 vs. 1.53 and 1.20 out of 3.0), while active elicitation produced significant gains in graph coverage and completeness
(A = 0.68), with authors rating the system 86.5 on the System Usability Scale and 28.0 on NASA-TLX, indicating the
system was both easy to use and not cognitively demanding.

Overall, our key contributions are:

e SPIN, a spatial authoring system that captures multimodal egocentric data during a natural walkthrough to
ground spoken instructions in their physical context. 2

o The Spatially-Aware Knowledge Graph, a structured representation that links verbal instructions to visual context
and physical location to support efficient retrieval.

e An active elicitation approach that identifies and fills gaps in authored instructions using rule-based and LLM-
based reasoning, improving completeness without additional unguided effort from the author.

e Results of an evaluation showing that SPIN outperforms existing baselines, and that active elicitation significantly

improves graph completeness beyond walkthrough alone.

2Code will be made open-source.
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2 Related Work
2.1 Traditional vs Situated Instructions

Traditional instructional media, such as printed manuals or 2D video tutorials, fundamentally decouple task information
from the physical context in which it must be applied. This separation imposes a significant “mapping problem” on
the user [34], who must perform the heavy lifting of translating generic, 2D representations onto their specific 3D
environment [45, 58]. This cognitive burden is often attributed to the split-attention effect, where the user’s focus is
divided between the instructional source and the physical task, leading to increased error rates and frustration [3, 12].

Research in spatial instructions and Augmented Reality tries to address this by anchoring the instructions directly
onto the task environment [10, 36, 41, 64]. Early work demonstrated that registering instructions to the user’s field of
view can reduce task error rates and improve task localization [16, 32, 61]. Recent efforts have expanded this by moving
conventional tutorials, like instruction manuals and videos, into 3D AR guides, allowing users to view demonstrations
from any perspective while maintaining spatial registration to physical objects [7, 22, 37, 38].

Despite these benefits, traditional AR assistance remains notoriously brittle due to an authoring bottleneck [40, 63].
These systems often rely on pre-authored, fixed content, making them difficult to scale across the infinite variety
of everyday physical tasks [5]. While tools like ProcessAR [8] and InstructAR [24] have simplified the creation of
in-situ guides, they still largely produce static or linear content. Our work builds on these foundations by moving
beyond pre-authored sequences, using a generative approach to create dynamic, queryable instructions that are deeply

integrated with the user’s immediate physical state.

2.2 Multimodal Scene Understanding & Knowledge Graphs

Recent breakthroughs in Vision-Language Models (VLMs) and open-vocabulary foundation models have fundamentally
transformed how systems interpret physical spaces. Foundation models like SAM [46] provides a robust base for object
identification and segmentation, while multimodal encoders such as CLIP, and DINO [6, 43] allow for the extraction
of high-dimensional semantic features directly from visual data. By leveraging the reasoning capabilities of native
multimodal LLMs and VLMs [1, 11, 31], systems can now translate these low-level signals into high-level functional
descriptions. These advancements enable a shift from simple label classification to a nuanced understanding of object
properties and utility within a broader instructional context.

However, traditional spatial semantic research often relies on geometric representation such as point clouds, meshes,
NeRf etc. that are frequently static and require exhaustive, offline pre-scanning [35, 51]. These native 3D pipelines often
lack high-order detail and suffer from significant latency, especially when trying to use them for semantic tasks, making
them unsuitable for interactive applications requiring immediate adaptation to novel environments [2, 25, 48, 59].
Consequently, leveraging VLMs to extract semtantic meaning from renderings has emerged as a more viable approach
for constructing 3D-aware representations that prioritize real-time performance. By anchoring VLM-derived insights
into a unified spatial framework, research has demonstrated the feasibility of building language-aligned maps that are
searchable and highly detailed without the overhead of traditional 3D reconstruction workflows [14, 18, 42, 52].

To organize these insights for practical utility, researchers increasingly utilize Knowledge Graphs and Semantic
Scene Graphs as primary data structures [21, 23]. Unlike standard 3D maps, these graphs define functional hierarchies
and situational relationships between entities, serving as a persistent and queryable record of a walkthrough [15, 27, 50].
Our work aligns with this shift toward online scene understanding, where a spatially-aware knowledge graph is
constructed incrementally in real-time. Our system builds an active, retrievable structure that facilitates proactive
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elicitation and real-time intervention, ensuring the resulting knowledge base is both comprehensive and fully situated

in the physical environment.

2.3 Mixed-Initiative & Collaborative Authoring

Instruction by Demonstration has emerged as a more natural method for capturing expert knowledge, allowing authors
to narrate tasks while performing them in-situ [4, 8, 26, 33]. By moving authoring from desktop-based environments
to embodied performance, these tools significantly lower the technical threshold for content creation [40, 53-55, 63].
However, a critical limitation persists: most current systems act as passive recorders. They rely entirely on the expert
to provide a complete and coherent narrative, which is not always the case, experts have a tendency to overlook
granular, "intuitive" steps that are actually important for novice comprehension [17]. Consequently, demonstrations
captured through passive observation often result in linear sequences with significant information gaps that render the
instructions incomplete for complex or variable tasks [38? ].

To address these gaps, our work moves toward Mixed-Initiative authoring models, treating the instruction walk-
through as a collaborative dialogue between the human expert and a proactive agent [20, 30]. While early agentic
systems were often restricted to rigid, pre-defined task models, modern Al based approaches have introduced the
potential for more flexible scene understanding [29, 56, 57]. However, even these recent frameworks primarily focus
on generating guidance from a fixed set of user queries rather than proactively shaping the content during the initial
demonstration phase. By integrating the principles of Contextual Inquiry[62], our system performs real-time informa-
tion elicitation, identifying structural or semantic ambiguities and intervening with targeted follow-up questions while
the author is still situated in the relevant context [28]. This ensures that the final knowledge base is comprehensive and

handles the possible omissions during a human-led walkthrough.

3 Formative Study: Understanding Spatial Information Communication

We conducted a formative study to investigate how spatial instructions are naturally shared and to identify where the
communications typically have gaps. Our study was driven by three primary research questions: (a) what types of
information do experts prioritize when providing instructions about a space? (b) what information do they frequently

omit? and (c) how is this information communication? Is it verbal, visual, deictic, embodied or something else?

3.1 Experimental Design and Data Capture

We recruited four pairs of participants (N=38; 5 male, 3 female adults between 18-65 years of age) to interact in two
different spaces: a research lab and a shared kitchen. Each pair consisted of an expert who is very familiar and actively
used the space and a novice who had never been there before. The experts were tasked with providing a walkthrough
that would enable the novice to use the space independently, without needing further assistance.

To understand the potential gaps in the instructions provided by the expert, we introduce two different types of

tasks:

o Planned Tasks: Experts were informed that the novice would later need to do a given task, specifically connect
a laptop to a projector (lab) or brew a pot of coffee (kitchen).
e Unplanned Tasks: Novices were also privately assigned a second task that the expert was unaware of, which
was setting up a workstation (lab) or preparing iced sparkling water (kitchen).
Manuscript submitted to ACM
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These tasks were designed to test whether experts provide a sufficiently dense body of information to cover more
general instructions, or if they provide only narrow, task-specific instructions.

All interactions were recorded using smart glasses, capturing egocentric audio and video from both the expert and
the novice. Novices were able to ask follow-up questions during the walkthrough, which we analyzed to identify the
specific information gaps that naturally occur.

After the walkthrough, the novices attempted to complete both the planned and unplanned tasks alone. By observing
where the novices struggled or succeeded, we identified the specific failure points in manual instructions.

Two of the authors independently coded all recordings to identify recurring patterns, which were then compared
and led to the findings explained below. These findings provided the requirements for our system’s active elicitation

logic and the structural design of our knowledge graph.

3.2 Formative Study Findings and System Design Principles

Across all four expert-novice pairs, we observed four consistent patterns in how spatial instructions were communicated
and where they broke down (present in 4 of 4 sessions for each finding). We use each of these findings to determine
design principles we use to build our system.

Finding F1: Deictic referencing and spatial ambiguity. Experts relied heavily on physical gestures alongside
speech to anchor instructions, often using vague terms like "here" or "this" that were only resolvable by the physical
gesture accompanying them (e.g., P4: "Just line it up with these two arrows"). Speech alone was consistently insufficient
to convey the instruction, motivating a system that binds transcript to real-time visual and spatial context.

Requirement R1: Multimodal Grounding: The system must simultaneously capture textual narration for semantic

meaning alongside visual, deictic, and spatial data to resolve location and ensure instructions are physically situated.

Finding F2: Narrative clutter and task-irrelevant tangents. Experts frequently digressed into personally inter-
esting but task-irrelevant stories, such as P3’s detour into drone safety history (“some people came up with a clever
method to use a fishing wire to tie them to one of the vents”), unrelated to the novice’s immediate needs. This created
uneven "layers of importance" within the narration, motivating a system that can distinguish task-critical content from
tangential detail.

Requirement R2: Goal-Directed Information Hierarchy: The system must maintain an objective, global view
of the overarching task to ensure all necessary steps are covered while distinguishing between essential task-critical

information and auxiliary details.

Finding F3: Proximity-based navigation and natural interaction pauses. Experts navigated spaces by moving
to whatever was physically nearest rather than following a fixed task order, and novices consistently used transition
points or pauses as their natural window to ask about bypassed objects (e.g., P3 Novice: "What are those things on the
wall over there?"). This suggests transition boundaries are the least disruptive point for a system to intervene.

Requirement R3: Proximity-Aware Interventions: The system should process a segment only after the author
begins to move away from a specific spatial area or pauses for a designated duration, which is when the followup

questions should be asked.
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Finding F4: Procedural abstraction and novice clarification queries. Experts often described steps at a high
level of abstraction, prompting novices to immediately probe for missing detail (e.g., P2 Novice, in response to an
espresso instruction: "How do you do that?"). This indicates that systems must actively detect and resolve this kind of
ambiguity rather than assume high-level instructions are sufficient.

Requirement R4: Active Granularity Probing: Because human instructions tend to be high-level, the system
must actively probe for granular details, such as specific switch locations or sequence order, when it detects semantic

or spatial ambiguity.

4 System Design
4.1 System Design Overview

SPIN captures egocentric audio and video through smart glasses as an author walks through a space and narrates it
naturally using speech, gesture, and visual reference. Audio is transcribed and split into segments while corresponding
video frames are processed to segment and identify objects; both streams are localized in 3D as the author moves. The
transcript drives a language pipeline that extracts semantic attributes and builds a Knowledge Graph, while the video
and 3D localization drive a vision pipeline that builds a spatial Scene Graph. The two graphs are then merged into a
unified Spatially Aware Knowledge Graph.

Because this structure is explicit rather than a raw stream of footage or transcript, gaps are easy to detect automatically:
an object with no explanation, or a task missing key steps, surface directly from the graph. SPIN uses these gaps to
generate targeted follow-up questions posed to the author, whose spoken responses re-enter the same capture-to-graph
pipeline, allowing the graph to be iteratively completed over the course of a single walkthrough. The full pipeline is
shown in Figure 2.

This design is directly grounded in the formative findings from Section 3.2 (R1-R4), which we discuss in more detail

in the following sections.

4.2 Multimodal Spatial Capture System

Motivated by R1 (Multimodal Grounding), our formative study found that experts rely on more than speech alone to
communicate spatial knowledge: object references are frequently deictic and only resolvable in conjunction with where
the author is looking or pointing at the time. SPIN is therefore built around synchronized capture of three streams:
audio, video, and derived spatial pose, rather than treating narration as a standalone transcript to be processed after the
fact. Audio is transcribed and split into short narration segments, each of which serves as the unit of processing for the
rest of the pipeline. Instead of processing every video frame, SPIN selects a small number of representative frames per

segment, filtered for sharpness and visual diversity, reducing latency and redundancy without sacrificing coverage.

4.3 Spatial Information Capture

To resolve deictic references and object mentions into absolute spatial coordinates, SPIN needs to recover not just what
the author said and saw, but precisely where they were and what they were looking at when they said it. Ideally, this
localization would be performed online without requiring any prior scan of the space, and our architecture supports this
in principle. In practice, however, many current consumer smart glasses expose only a single RGB camera with no IMU,
and monocular SLAM under these constraints is not yet reliable enough for accurate real-time spatial grounding. We
therefore assume access to a pre-existing 3D scan of the space, against which incoming frames are localized to recover
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Fig. 2. System overview of SPIN. An author wearing smart glasses records synchronized audio and video while walking through
a space. During data preprocessing, audio is transcribed and segmented while video frames are extracted and selected. In graph
generation, the language pipeline extracts and verifies knowledge graph nodes and edges from the transcript, while the vision pipeline
segments and localizes objects against a 3D scan of the space to build a scene graph. The two are merged into a unified Spatially
Aware Knowledge Graph. During active elicitation, the system identifies gaps in the graph, such as missing attributes or unexplained
objects, generates targeted follow-up questions, and delivers them to the author as speech. The author’s response re-enters the
pipeline as new narration, closing the loop.

the camera pose at each moment. This pose is then used to project detected objects from 2D image coordinates into
absolute 3D positions, grounding every object mention in a consistent spatial coordinate across the entire walkthrough

and forming the geometric backbone of the generated Scene Graph.

Manuscript submitted to ACM



SPIN: Spatial Instruction Authoring from Egocentric Multimodal Data 9

C N R

Name Object name Name Space name Name Task name
Function What does the object do/used for Function What is the purpose of Function What is the goal of the task
Spatial Where is the object located the space
Information Spatial Where is the space located Steps Step-by-step instructions
Affordances How is the object used/interacted Information Timing When should the task happen
ith P iti fi t
Wi Usage : reconditions or specific outcomes Conditions/  Conditions or constraints for the task
- X Information .
Usage Preconditions or specific outcomes Constraints
Information Risks Risks/constraints associated with use . .
c : Troubleshoot Common issues and resolutions
" . . . . onstraints A
Risks Risks/constraints associated with use ing
i iti Other relevant information
Constraints I‘:\‘:::::g;ia;n erreleva ormatio Additional Other relevant information
Additional Other relevant information Information
Information
Contain

g " Related to
Located in o«
Spaces

Ae in
Used in @ Hosts

X

.. /Related to

Fig. 3. The graph schema used by SPIN. Each node type (Object, Space, and Task) has a defined set of semantic attributes.
Relational edges connect nodes across types, encoding functional dependencies such as which objects a task requires, which space a
task is done in, and which objects a space contains.

4.4 Spatially Aware Knowledge Graph

At the core of SPIN is a structured graph representation that encodes the spatial knowledge captured during a
walkthrough as a set of nodes, each with semantic attributes, connected by relational edges. This graph is built
from two complementary sources: textual data from the author’s narration, which provides semantic meaning, and
visual and spatial data from the egocentric video and 3D localization, which grounds those semantics in the physical
space. In the following subsections, we describe the schema that defines the graph’s structure, and the language and
vision pipelines that populate it, before describing how the two are merged into a unified Spatially Aware Knowledge
Graph.

4.4.1 Graph Schema. SPIN represents spatial knowledge using three types of nodes: Objects, Spaces, and Tasks, whose
attributes are shown in Figure 3. Object nodes capture properties such as function, spatial location, affordances, usage
information, and risks or edge cases. Space nodes describe the purpose, location, and constraints of a given area.
Task nodes encode goal, step-by-step instructions, timing, conditions, and common troubleshooting information. This
schema was derived from our formative study: by observing the types of information experts communicated during
walkthroughs, and what novices needed to successfully complete tasks, we identified Objects, Spaces, and Tasks as the
natural categories of spatial knowledge, and defined their attributes accordingly. By organizing information into nodes
with structured attributes, SPIN can maintain a goal-directed view of what has been covered, what is missing, and how
different pieces of information relate to one another.

Nodes across all three types are connected by relational edges. In the Knowledge Graph, these relationships are

semantic, encoding functional dependencies such as which objects a task requires, or which tasks a space hosts. In the
Manuscript submitted to ACM
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Scene Graph, relationships are positional, encoding spatial containment and proximity derived 3D localization as well
as visual cues in the images. This distinction between semantic and positional structure is what motivates maintaining

two separate graphs before merging them.

4.4.2 Language Pipeline. For each speech segment, SPIN extracts the Objects, Spaces, and Tasks referenced in the
transcript, instantiating new graph nodes or updating existing ones if the mention refers to something already in
the graph. Candidate relational edges between nodes are then proposed by constructing dependency paths from the
narration. However, these dependency paths alone are insufficient for more complex or implicit relationships, and
passing edge extraction entirely to an LLM tends to over-generate edges beyond what the graph requires. SPIN therefore
uses a two-stage approach: a lightweight parser proposes candidate edges, and a subsequent LLM call verifies them and
assigns typed relationship labels drawn from the schema (such as Requires, Located in, or Done in), discarding candidates
that do not reflect a meaningful semantic dependency. At the same time, the semantic attributes for each node are filled
in from the transcript content.

Finally, for attributes that are not explicitly stated but are broadly inferable from world knowledge, such as the
function of a common household object, SPIN allows the LLM to fill these in automatically, unless the author has
specified otherwise. This prevents common objects from remaining semantically empty simply because the author
did not narrate their obvious purpose, while still deferring to the author’s description when one is provided. Together,

these steps produce the Knowledge Graph portion of the Spatially-Aware Knowledge Graph.

4.4.3  Vision Pipeline. For each selected frame, SPIN first segments all visible objects in the scene, producing a set of
candidate masks covering everything in the author’s field of view. In parallel, SPIN detects and segments specifically
those objects mentioned in the transcript, grounding language-level entity mentions in their corresponding image
regions.

Each resulting mask is encoded into a visual embedding capturing the semantic appearance of the object. All detected
objects, whether mentioned in the transcript or not, are retained in the Scene Graph to maintain a complete spatial
inventory of the space. For objects that match a language-side node, their embeddings are compared against those of
existing graph nodes to support re-identification: determining whether a detected object has been seen before or is a
new instance. This embedding-based matching is more robust than position or label matching alone, as it handles cases
where the same object appears from a different angle or under different lighting, with spatial pose further assisting
disambiguation when two visually similar objects are far apart in 3D space. These matched objects form the bridge
between the Scene Graph and the Knowledge Graph.

Finally, detected masks are labeled and their spatial relationships within the image identified, such as which objects
are adjacent, contained within, or on top of one another. Combined with the 3D positions recovered from localization,
this produces the Scene Graph: a geometric representation in which each node corresponds to a detected object with its

segmentation mask, visual embedding, and absolute position within the space.

4.4.4 Merging. Once both the Knowledge Graph and Scene Graph have been constructed for a given segment, SPIN
merges them into a unified Spatially Aware Knowledge Graph. Nodes matched between the two graphs are merged
directly, with any remaining unmatched nodes reconciled by comparing labels across the two graphs to identify
overlapping or semantically equivalent entities.

When two nodes are merged, the resulting node retains both the semantic relational edges from the Knowledge
Graph and the positional edges from the Scene Graph, giving each merged node both a functional and a spatial identity.
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Nodes that appear only in the Scene Graph, objects that were visible but never mentioned, are retained as spatially
grounded but semantically empty. Nodes that appear only in the Knowledge Graph, objects that were mentioned but
not visually detected, are retained with their semantic attributes but without spatial grounding. Many nodes end up
with contributions from both graphs, carrying the full complement of semantic attributes, relational edges, visual
embeddings, and 3D position.

This three-way structure is precisely what makes gaps easily detectable: a Scene Graph node with no Knowledge
Graph counterpart represents an object the author never explained, and a Knowledge Graph node with empty attributes

represents information the author mentioned but did not fully describe.

4.5 Active Elicitation: Closing the Information Gap

With the Spatially-Aware Knowledge Graph constructed, gaps in the authored instructions become directly inspectable.
SPIN identifies two categories of gaps: missing attributes, where a node exists but one or more schema fields remain
unfilled, and missing related nodes, where an object or task that would reasonably be expected given the current graph
has not been mentioned. The latter is detected in two ways: by checking Scene Graph nodes that have no Knowledge
Graph counterpart, representing objects the author walked past but never explained, and by using an LLM to reason
over existing Knowledge Graph nodes and identify related objects that were not mentioned but would likely be needed,
for example, a coffee machine node with no associated coffee cup.

From these gaps, SPIN generates up to five follow-up questions, with at most one question per node, chosen to be as
diverse as possible across the identified gaps. To ensure questions are grounded and consistent, each missing attribute
has a corresponding template, for example, a missing function field on a Space node generates the candidate question
"What is the purpose of the name?" These templates are provided to the LLM as context to guide question phrasing.
Questions that were already asked in a previous round are dropped, and if the same node is identified again, a new
question targeting a different gap on that node is generated instead.

Once the author responds, their answer re-enters the full capture-to-graph pipeline, updating the graph before the
next round of gap detection and question generation begins.

The full user interface, which contains the streamed egocentric data, the generated graph visualization, session

information, generated followup questions, and conversational query panel, is shown in Figure 4.

5 Implementation

SPIN runs on a local machine equipped with an NVIDIA RTX 4090 GPU for all locally-run vision models, with remaining
components relying on remote API calls as shown in Figure 5. Capture is performed using Meta Ray-Ban smart glasses
paired with a companion smartphone app that streams egocentric audio and video to the server over WebRTC [60],
with no on-device computation beyond streaming. Audio is transcribed and segmented using Whisper (whisper-1) [44];
video is streamed at up to 24 fps at 720x1280, though actual throughput is measured at runtime as WebRTC degrades
under bandwidth pressure.

Localization is performed using hloc [49] on the frames selected for vision processing, recovering the 6-DOF camera
pose of each frame within the pre-scanned mesh. This pose is used to raycast from the camera into the 3D mesh,
projecting each detected object’s image location into an absolute 3D position. The language pipeline uses GPT-4o [1]
for node extraction and attribute filling, with spaCy [19] proposing candidate edges via syntactic dependency paths and
a subsequent GPT-4o call verifying and labeling them. The vision pipeline runs SAM for scene-wide segmentation,

GroundingDINO combined with SAM [47] for mentioned-object detection, and DINOv2 [39] for visual embeddings.
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Fig.4. The SPIN interface. (Top) The authoring interface displays the egocentric video feed, the list of captured objects, the generated
Spatially Aware Knowledge Graph showing semantic and spatial relationships, and a conversational query panel for querying the
graph with natural language. Session statistics show the number of objects, spaces, and tasks captured, as well as gaps remaining.
(Bottom) The 3D visualizer overlays detected and localized objects as anchored labels on a pre-scanned mesh of the space, allowing
authors to verify that instructions are correctly grounded in their physical context.

Spatial relationships are labeled using GPT-40, and spatial attributes filled using GPT-40-mini. Merging uses object
name as the primary matching signal, with a lightweight GPT-40-mini call reconciling any remaining unmatched nodes.

In practice, the latency introduced by the LLM pipeline (ranging from 15-70 seconds per segment depending on
input length) made mid-walkthrough delivery of elicitation questions disruptive to the authoring experience. Rather
than interrupting the author mid-narration with a question that arrives tens of seconds after the relevant moment has
passed, we deliver all follow-up questions at the end of the walkthrough once the author has finished their tour. This
preserves the graph’s iterative update structure, where each response re-enters the pipeline and updates the graph
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Fig. 5. Detailed pipeline of SPIN. Each numbered step corresponds to a model call, shown with the specific model used. Steps 2-10
are repeated for each speech segment. White boxes indicate remote API calls; grey boxes run locally. The language pipeline (steps
1-4) extracts and verifies graph nodes and edges from the transcript. The vision pipeline (steps 5-9) segments, detects, and localizes
objects. Steps 10-13 merge the two graphs and identify gaps for active elicitation, which are spoken to the author as follow-up
questions (step 14).

before the next round of gap detection begins, while avoiding interruptions during active narration. We note that this is
a practical limitation of current LLM inference speeds rather than a fundamental constraint of the approach: as latency
decreases, mid-walkthrough delivery becomes increasingly viable.

One practical challenge we encountered was that the glasses’ built-in voice activity detection would occasionally
misinterpret background noise or pauses mid-thought as the end of a response. To address this, we added a physical
clicker that the author uses to manually mark the start and end of each response, allowing them to pause mid-thought
or use the system in noisier environments without triggering a premature cutoff. This is a known limitation of current

voice activity detection models, which do not yet reliably distinguish intentional pauses from the end of an utterance.
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6 Evaluation
6.1 User Study

To evaluate SPIN, we conducted a user study in which domain experts authored spatial instructions for a real physical
space using our system. We recruited ten participants (5 male, 5 female, ages 18-65) who were intimately familiar
with their assigned space: five were assigned to a research lab and five to a kitchen space. Participants were asked
to wear the Meta Ray-Ban glasses connected to our system and give a natural walkthrough of their space, with the
instruction to imagine a new person who will be using that space every day and to communicate everything important
they would need to know to use it independently, without further help. What they chose to cover and in what order
was left entirely up to them. Initial walkthroughs lasted between 5-9 minutes. Upon completing the walkthrough, SPIN
generated follow-up questions based on the gaps identified in the Spatially Aware Knowledge Graph constructed from
the initial walkthrough. Participants then answered these questions while still wearing the glasses, allowing the system
to capture both their verbal responses and visual context. This elicitation phase lasted an additional 8-10 minutes
depending on the level of detail provided and the number of questions generated. This design allowed us to capture
a snapshot of the knowledge graph both before elicitation (Condition A: walk-and-talk only) and after (Condition
B: walk-and-talk with follow-up questions). All participants were seeing the system for the first time, with no prior

training required. This study received exempt status from our Institutional Review Board.?

6.1.1 Information Completeness. To determine whether the two environments (kitchen, N=5; lab, N=5) could be
analyzed as a single sample, we first ran a one-way ANOVA with location as a between-subjects factor across all
three metrics (node count, edge count, and attribute coverage) at baseline, post-elicitation, and delta, yielding nine
comparisons in total. None of the comparisons reached significance ( F < 2.21, all p > .05), so we pooled the two groups
into a single sample of N=10 for all subsequent analyses.

As shown in Figure 6, active elicitation produced significant increases across all three measures of graph completeness.
The number of entities identified increased from a mean of 16.90 to 24.50 (Z = 2.80, p = .002, r = .89), and the number of
relationships captured increased from 12.20 to 26.20 (Z = 2.80, p = .002, r = .89), representing a mean gain of 14 additional
relational edges per walkthrough. Attribute coverage increased from 51.2% to 64.1% (Z = 2.59,p = .006,r = .82),
indicating that the elicitation phase filled in a meaningful portion of schema attributes that authors did not provide
during the initial walkthrough alone. Together, these results suggest that active elicitation reliably surfaces information
that authors omit during unassisted walkthroughs, producing a more complete knowledge graph without requiring
additional unguided effort from the author. Notably, these gains were achieved with a cap of 15 follow-up questions per
session; we anticipate that allowing additional rounds of elicitation would increase coverage further, particularly for

attribute completeness.

6.1.2  Search Retrieval Accuracy. To evaluate the quality and usability of the generated graphs, we constructed a
benchmark of 20 questions per space based on the tasks and objects present in the lab and kitchen environments.
Questions were created before any participant data was collected, with no knowledge of what participants would
choose to cover in their walkthroughs. The questions are equally distributed across five categories: Direct Visual Search,
Functional and Description Search, Task-Specific Details, Usage and Operational Logic, and Edge Cases and Constraints.

The full question set is provided in the Appendix A.

3IRB details anonymized for review.
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Fig. 6. Information completeness before and after active elicitation across all ten participants (N=10, pooled across kitchen and
lab spaces). Each orange line represents an individual participant; the red line shows the group mean. Wilcoxon signed-rank tests
confirmed significant increases across all three metrics (node count: Z = 2.80, p = .002, r = .89, edge count: Z = 2.80, p = .002, r = .89,
attribute coverage: Z = 2.59, p = .006,r = .82).

For each participant’s generated data, an LLM was prompted to answer each benchmark question using only the
information available in that condition. Answers were scored on a 0-3 scale: 0 indicates no relevant information or a
hallucinated answer, 1 indicates the entity was named but with no supporting detail, 2 indicates a partial answer, and 3
indicates a full, grounded response. Two authors each independently scored half of the responses, with the remaining
half double-coded to establish inter-rater reliability. Agreement was very high (k = 0.958, quadratic-weighted Cohen’s
kappa [9]), and scores from the double-coded items were averaged across raters before analysis.

We evaluated four conditions: SPIN (with active elicitation), SPIN without active elicitation, Video + VLM (Gemini
via NotebookLM [13], queried directly from the egocentric video), and Transcript + LLM (GPT-4o, queried from the raw
speech transcript). The video and transcript baselines are evaluated without elicitation, as the active elicitation phase is
built from the graph representation and cannot be meaningfully applied to unstructured video or transcript inputs.
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Search Retrieval Accuracy Across Systems
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Fig. 7. Mean search retrieval accuracy scores (0-3) across four conditions (N=10 per condition). SPIN significantly outperforms all
baselines (Z = 2.80, p = .002, r = .89, Wilcoxon signed-rank). Individual participant means are shown as grey dots; error bars indicate
standard error of the mean. The video and transcript baselines are evaluated without active elicitation, as elicitation is intrinsic to the
graph representation.

As shown in Figure 7, SPIN achieved the highest mean accuracy score of 2.35 out of 3.0, significantly outperforming all
three comparisons (all Z = 2.80, p =.002, r = .89). SPIN without active elicitation scored 1.67, Video + VLM scored 1.53,
and Transcript + LLM scored 1.20. The gap between SPIN with and without active elicitation (A = 0.68) demonstrates the
contribution of the elicitation phase beyond graph construction alone. The gap between SPIN without active elicitation
and the video and transcript baselines further demonstrates the value of the structured graph representation itself,

independent of elicitation, for supporting accurate and grounded question answering.

6.1.3  Qualitative usability metrics. Participants rated SPIN highly on standard usability measures. The System Usability
Scale score of 86.5 falls in the excellent range, well above the industry benchmark of 68, and the NASA-TLX workload
score of 28.0 indicates low perceived task load. Together these suggest that the system was both easy to use and
not cognitively demanding despite the novelty of the interaction. The full post study questionaire can be seen in the
Appendix B

Figure 8 shows responses to our nine custom post-task items, grouped into instruction quality and confidence (items
1-4) and active elicitation and interface (items 5-9). Across the instruction quality items, participants agreed that the
system supported explaining spatial relationships effectively ( 3.75/5) and that a newcomer could follow the resulting
instructions ( 3.62/5). Ratings on active elicitation items were notably positive: participants agreed that follow-up
questions helped them recall more details ( 4.20/5) and served as a helpful guide ( 4.40/5). Notably, the Interruption item

received the lowest mean score ( 2.30/5), indicating that participants largely did not find the elicitation disruptive.
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Fig. 8. Post-task questionnaire results for N=10 participants. (a) Custom Likert items grouped into instruction quality and confidence,
and active elicitation and interface, scored out of 5. (b) System Usability Scale score of 86.5, well above the industry benchmark of 68.
(c) NASA-TLX workload score of 28.0, indicating low perceived task load.

Qualitative responses reinforced these findings. Participants valued the hands-free, natural authoring experience: “I
have access to both my hands! I just use natural language. I do not have to sit down and type to explain my thinking.” The
follow-up questions were frequently cited as surfacing details participants had not thought to include: The follow up
question about rules around using the shared refrigerator was a very useful question, and I forgot to talk about it during my
initial walk-around,” and “The followup on ssh/gpu access and usage of 3d cameras were brought up by the system which
I forgot to mention.” All participants responded to the expert blindness question that the system prompted them to
recall at least one omitted detail. Participants also identified areas for improvement, noting that the system occasionally
misheard words or asked questions that felt overly literal, and expressing a desire for more flexibility to proactively edit

instructions between rounds.

6.2 System Benchmarks

We report the processing latency of the SPIN pipeline as a function of input length, since processing time scales with
the duration of the narration segment rather than being fixed. For a short input clip of approximately 20 seconds, the
pipeline completes in roughly 22-26 seconds of processing time. For a longer input clip of approximately 90 seconds,
processing takes approximately 95 seconds. Table 1 shows the breakdown of processing time across pipeline stages.
The dominant cost is per-segment processing, which accounts for approximately 75% of total processing time, driven
primarily by visual re-localization via hloc (~30% of total). Local vision models (SAM, GroundingDINO, DINOv2,
hloc) collectively require approximately 15.3 GB of GPU VRAM on an NVIDIA RTX 4090 (24 GB total). These latency
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Table 1. Pipeline stage breakdown by average percentage of total processing time. Processing time scales with input length: a ~20s
narration segment takes approximately 22-26s to process, while a ~90s segment takes approximately 95s.

Pipeline Stage Avg. % of Processing Time
Segment Loop (per-segment processing) ~75%
Relocalize / hloc (step 9) ~30%
Transcribe / Whisper (step 1) ~8%
Filter + Group Questions (step 11-13) ~8%
Match SG to KG (step 13) ~9%

characteristics motivated our decision to deliver elicitation questions at the end of the walkthrough rather than between

segments.

7 Discussion

Lowering the barrier to spatial instruction authoring. SPIN demonstrates that spatial instructions can be captured
through a modality that already comes naturally to people: walking through a space and talking about it, mimicking
how they would give instructions to another person physically present there. By grounding narration in egocentric
video and 3D localization, the system removes the need for authors to manually document steps, annotate images, or
structure content ahead of time. The resulting graph is not only easier to author than existing approaches, but opens up
a range of downstream applications, from conversational querying to AR overlays to exportable manuals, that would be

difficult to support from unstructured video or text alone.

Toward real-time elicitation. A deliberate design goal of SPIN was to deliver follow-up questions at natural transition
points during the walkthrough, so that the author is still physically situated near the relevant object or space when
they respond. In practice, LLM pipeline latency made this infeasible, and we moved question delivery to the end of
the walkthrough. While this still produced meaningful gains in completeness, we believe mid-walkthrough elicitation
would be more effective: responses given in context are likely to be richer and more grounded than those given in

retrospect. As inference speeds continue to improve, this becomes an increasingly viable direction.

Balancing LLM priors with author intent. A challenge in designing SPIN is deciding how much to rely on what the
author explicitly provides versus what the LLM can reasonably infer. We deliberately kept LLM-inferred content narrow,
limited to broadly obvious object functions, and deferred to the author’s description whenever one was provided. In early
iterations, allowing the LLM more latitude produced graphs that were superficially complete but included assumptions
the author had not made and might not endorse. The right balance between author fidelity and LLM augmentation is
likely task-dependent: downstream applications that prioritize completeness may tolerate more inference, while those

that require precision may need to restrict it further.

The role of task scope in elicitation quality. We observed that the specificity of the authoring context meaningfully
affects the quality of follow-up questions generated. When the system has a clear sense of the tasks and objects
relevant to a space, it can generate targeted, useful questions. However, framing the task too narrowly risks missing
general-purpose information that might be useful for later tasks, while framing it too broadly can produce questions
that lack the depth needed to be actionable. Future work should explore how to dynamically calibrate elicitation scope
based on the downstream use case, rather than applying a fixed strategy across all spaces and tasks.
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Beyond entity-level representation. The current graph schema organizes knowledge at the level of Objects, Spaces, and
Tasks, which proved sufficient for the instruction authoring and retrieval tasks we evaluated. However, there is likely
a richer layer of higher-order reasoning that this structure does not yet capture: causal dependencies between tasks,
conditional instructions that vary by user or context, or abstract routines that span multiple spaces. Importantly, this
knowledge can be very contextual, as the same space means different things to different people, and instructions that
feel complete to one author may miss what another considers essential. Future work could explore how to incorporate
multiple perspectives on a space into a unified graph, or how to personalize instruction retrieval based on who is
asking and why. The instruction set itself could also be enriched beyond what the author narrates. The egocentric video
contains richer signal than static frame sampling captures, including physical demonstrations and activity that carry
instructional meaning, and external sources such as appliance manuals or internet blogposts could further augment

what the graph knows about a space.

8 Conclusion

This paper presents SPIN, a spatial instruction authoring system that captures multimodal egocentric data to generate
grounded, spatially-aware instructions from a natural walkthrough. At its core is the Spatially Aware Knowledge Graph,
a structured representation that links verbal content to visual context and physical location, enabling both efficient
retrieval and automatic gap detection. Building on this, SPIN’s active elicitation pipeline identifies missing information
and poses targeted follow-up questions to the author, improving the completeness of the resulting instruction set
without additional unguided effort. Together, these components offer a new approach to spatial instruction authoring

that is lower burden, more complete, and more grounded than existing methods.
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A Benchmark Question Set

To evaluate the quality and usability of the generated knowledge graphs, we constructed a benchmark of 20 questions
per space (40 total across the kitchen and lab environments). Questions were written before any participant data
was collected, with no knowledge of what authors would choose to cover in their walkthroughs, ensuring that the
benchmark reflects what a genuine newcomer might need to know rather than what the system happened to capture.

Questions are distributed equally across five categories, four per category per space. Direct Visual Search questions
ask where specific objects or equipment are located. Functional and Description Search questions ask about the purpose
or capabilities of objects and spaces. Task-Specific Details questions require step-by-step or procedural knowledge to
answer correctly. Usage and Operational Logic questions probe practical, situational knowledge a newcomer would
need to navigate the space independently. Edge Cases and Constraints questions target information that authors are
most likely to omit, such as restrictions, maintenance requirements, and failure scenarios. The full question sets for

both spaces are provided below.

Lab
Direct Visual Search.
(1) Where are the AR/VR headsets stored in this lab?
(2) Where are the shared workstations or compute machines located?

(3) Where are the monitors located?

(4) Where do I find cables, adapters, and spare equipment?

Functional and Description Search.
(1) What is the primary purpose of this space?
(2) What can I do with the AR/VR headsets in this space?
(3) What are the robots in this lab used for?

(4) What kinds of cameras are in this space and what do they capture?

Task-Specific Details.
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(1) What is the specific process for a new student to use a workstation?
(2) How do I set up and run an experiment with the AR/VR headsets?
(3) How do I operate the robots (robot dogs, drones, or toy car)?

(4) How do I capture a 3D scan or volumetric data of the space?

Usage and Operational Logic.

(1) Where can I find peripheral devices like monitors, keyboards, and mice to use with the workstations or computers?
(2) If I am tired, where can I get a coffee or take a break?
(3) If I buy new cables and connectors for the lab, where and how should I store them?

(4) Ineed to run heavy processing software. What can I use?

Edge Cases and Constraints.

(1) What equipment do I need to charge or maintain after using it?

(2) Is there anything in this lab I should not touch?

(3) Who is the primary point of contact if something is needed with the desktops?
(4) If the wifi goes off, where could I look?

Kitchen
Direct Visual Search.

(1) Where is the coffee machine located?

(2) Where is the communal fridge for personal food storage?
(3) Where can I find the sparkling water machine?

(4) Where is the toaster?

Functional and Description Search.

(1) What is the primary purpose of this space?

(2) Ineed to heat up my lunch. What object can I use to do this?
(3) I'want to make a cup of tea. Where can I get hot water?

(4) I need utensils to eat my food. Where can I find them?

Task-Specific Details.

(1) What is the specific requirement for storing food in the communal fridge to ensure it is not eaten by others?
(2) Do I have to bring my own coffee or tea?
(3) Where can I find the supplies needed to make coffee?

(4) How do I use the coffee machine?

Usage and Operational Logic.

(1) I want to use the coffee machine; is there a specific training or permission protocol I need to complete first?
(2) Are there any precautions to use the toaster without accidentally burning my food or causing other problems?
(3) Are there any precautions or requirements for using the microwave?
(4) What can I do if I need more details about the happenings and people who use this space?
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Edge Cases and Constraints.

(1) What should I do if the coffee or tea supply runs out in the lab?
(2) Could anything in the space catch fire? If so, how can I avoid it?
(3) If my food is missing from the fridge, what could have happened?

(4) Are there any restrictions on who or when I can access this space?

B Post-Task Questionnaire

The post-task questionnaire was administered after participants completed both the walkthrough and the active
elicitation phase. It consisted of four sections: a System Usability Scale (SUS), a NASA Task Load Index (NASA-TLX), a

set of custom authoring experience items, and a qualitative reflection.

System Usability Scale

Participants rated the following ten items on a 1-5 scale (Strongly Disagree to Strongly Agree):

(1) Ithink that I would like to use this system frequently.
(2) Ifound the system unnecessarily complex.
(3) Ithought the system was easy to use.
(4) Ithink that I would need the support of a technical person to be able to use this system.
(5) Ifound the various functions in this system were well integrated.
(6) Ithought there was too much inconsistency in this system.
(7) I'would imagine that most people would learn to use this system very quickly.
(8) Ifound the system very cumbersome to use.
(9) Ifelt very confident using the system.
(10) I needed to learn a lot of things before I could get going with this system.

NASA Task Load Index
Participants rated the following six subscales on a 1-10 scale:

(1) Mental Demand: How mentally demanding was the task?

(2) Physical Demand: How physically demanding was the task?

(3) Temporal Demand: How hurried or rushed was the pace of the task?

(4) Performance: How successful were you in accomplishing what you were asked to do? (1 = Perfect, 10 = Failure)
(5) Effort: How hard did you have to work to accomplish your level of performance?

(6) Frustration: How insecure, discouraged, irritated, stressed, and annoyed were you?

Authoring Experience

Participants rated the following items on a 1-5 scale (Strongly Disagree to Strongly Agree):

(1) Ifelt confident that my instructions were complete.

(2) It was easy to remember to mention important details.

(3) The system supported explaining spatial relationships effectively.

(4) I felt that someone unfamiliar with the space could successfully follow my instructions.
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Active Elicitation and Interface

Participants rated the following items on a 1-5 scale (Strongly Disagree to Strongly Agree):

(1) Detail Recall: The follow-up questions helped me remember more details.

(2) Interruption: The follow-up questions were frustrating or distracting during the task.

(3) Guidance: The follow-up questions served as a helpful guide for my walkthrough.

(4) Instruction Accuracy: I believe these instructions accurately capture what I demonstrated.

(5) Spatial Utility: The 3D view made it easier to verify if my instructions were correctly placed in the room.

Participants also responded to a binary item: I found that my instructions were more complete and better after the

follow-up questions (True / False).

Qualitative Reflection
Participants answered three open-ended questions:

(1) Helpfulness: What about the system did you find the most helpful?
(2) Improvements: Is there anything about the system you would change to make it better?

(3) Expert Blindness: Was there anything you realized you forgot only after the system asked you a follow-up?
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