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Abstract

Multimodal inputs in Augmented Reality (AR) are inherently imprecise, noisy, and

underspecified, meaning the same input can map to multiple valid interpretations.

This is not a limitation of recognition or inference systems, but rather it is funda-

mentally an interaction problem. We introduce a proof-of-concept AR system that

addresses this through user-in-the-loop disambiguation, using a Dynamic Bayesian

Network to fuse gaze, voice, and gesture inputs into probability distributions over

target and action spaces. The system enters disambiguation mode when no can-

didate is sufficiently confident, presenting audio and visual feedback to guide users

toward a single clarifying input. We evaluate the system through a two-part user

study: a multimodal elicitation study and a disambiguation mode comparison. Our

fusion system correctly predicted intent in 53.1% of free-form elicitation trials, with

the correct intent appearing in the candidate set in 83.3% of trials. Participants

successfully disambiguated after a single input in 82.8% of trials.
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Chapter 1

Introduction

Augmented Reality (AR) systems interpret user intent through multiple input modal-

ities, including gaze direction, voice, and mid-air hand gestures, to enable interactions

with menus, virtual objects, and smart environment controls. Making sense of these

inputs together is a core challenge in AR interaction design. For instance, when a

user is interacting with a smart lamp to turn it on, they may say “turn on the lamp,”

or look at the lamp and say “turn on,” or look at the lamp and perform a pinch

gesture. Any of these multimodal input strategies should result in the same action

output: the lamp turns on.

In many cases like this, a single input is enough to confidently determine the user’s

intent. But in general, predicting intent via arbitrary voice inputs or gestures is

inherently ambiguous. For instance, consider the case where there are two lamps in

the user’s field of view, and they say “turn on the lamp.” How can the system know

which lamp the user meant to turn on? Or consider the case where there is a lamp

that has the ability to change both brightness and color, and the user looks at the

lamp and performs a swipe gesture upward. This gesture is indicative of an increase
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of some kind, but how can the system know whether the user meant to increase its

brightness or increase its hue?

Clearly, it is not feasible to confidently map any arbitrary multimodal input to a

specific intent, because the same input can map to multiple valid intents. Voice and

gesture are inherently ambiguous, and gaze is inherently noisy and imprecise. This

is not a problem that can be solved by more powerful algorithms or vision models.

Even a theoretically perfect perception system couldn’t resolve the ambiguity, because

the ambiguity is in the user’s underspecified input, not in the system’s ability to

perceive it. Instead, this presents an interaction problem: how to communicate the

system’s uncertainty to the user and allow them to resolve it with minimal additional

effort. This work explores user-in-the-loop disambiguation strategies, where real-time

uncertainty feedback guides users to provide targeted clarification until the system

can confidently predict their intent.

We present a proof-of-concept Meta Quest application in which users interact with

objects using these strategies. Our system follows the foundational architecture of

XWand (Wilson and Shafer, 2003), which established the use of a Bayesian Network

to fuse pointing and speech inputs for smart home control. We extend this work by

bringing it into AR and using a Dynamic Bayesian Network to fuse hand gesture,

gaze, and voice modalities (Han et al., 2025). Our system maintains beliefs over the

intended referent and action, updating with each new input. When the distribution

is insufficiently peaked to resolve to a single intent, the system enters disambiguation

mode, prompting the user for additional input.

We created four audio and visual feedback modes each for target and action dis-

ambiguation, which communicate uncertainty to the user and encourage them to

clarify. We motivate this through the idea of one-bit disambiguation, in which a

single clarifying input is sufficient to resolve ambiguity. We designed target and ac-
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tion disambiguation distinctly, based on the observation that targets have intrinsic

location but ambiguous identity, while actions have distinct identity but no intrinsic

location. Our disambiguation designs compensate for what each leaves unspecified:

the target disambiguation modes involve surfacing additional identifiers to encourage

disambiguating through them, and action disambiguation modes involve various ways

of embedding candidate actions as spatial targets in the scene.

We evaluated our system through a two-part user study. The first phase was an elici-

tation study in which we aimed to understand what types of multimodal inputs users

would naturally perform to accomplish a given task. Participants mostly preferred

voice while acknowledging the benefits of gestures, and half performed both voice and

gesture simultaneously when allowed. We ran this phase using a Wizard-of-Oz setup

and later evaluated our fusion system offline using the logged data. The second phase

was a comparison of our disambiguation modes, where we collected feedback and us-

ability data for each condition as part of our design space exploration. Participants

mostly preferred the audio feedback mode for target disambiguation and the visual

button menu for action disambiguation.

The contributions of this thesis are:

• A multimodal fusion system using a Dynamic Bayesian Network to maintain

probability distributions over target and action spaces in AR

• A set of eight disambiguation mode designs (four for target disambiguation

and four for action disambiguation) involving audio and visual elements that

communicate uncertainty and guide user clarification

• A two-part user study evaluating natural multimodal input behavior and com-

paring disambiguation modes across usability dimensions
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• A framework for applying this system across three categories of real-world

agents: embedded, embodied, and disembodied

The remainder of this thesis begins with a review of related work, followed by our

explorations in free-form gesture recognition and the insights that informed our final

design approach. We then describe the implementation of our multimodal fusion

system and the design of our user-in-the-loop disambiguation strategies. We detail

our user study procedure and discuss the results and key findings. We then explore

applications of our system across domains, from IoT to robotic control. Finally, we

discuss limitations and directions for future work.
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Chapter 2

Related Work

2.1 Multimodal Fusion and Intent Inference

A core challenge in multimodal systems is fusing inputs across different modalities

such as gaze, speech, and gestures to infer user intent. This problem was pioneered

by the “Put-That-There” system (Bolt, 1980), where pointing gestures and speech

commands were combined so that each could fill the gaps of the other. Subsequent

work builds on this: Oviatt (1999) demonstrates that multimodal input can reduce

error in intent prediction, especially when speech is augmented with gestures. Kaiser

et al. (2003) creates a probabilistic architecture to formalize how to perform this

fusion using ranked n-best lists with associated probabilities.

Gesture and speech have a natural pairing for object–action resolution. Piumsomboon

et al. (2014) finds that speech combined with gestures outperforms direct manipu-

lation alone, and elicitation studies such as Williams et al. (2020) and Zhou et al.

(2022) confirm that users naturally gravitate toward gesture for spatial reference and

speech for action specification. In AR specifically, Chopra and Maurer (2020) finds
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that users prefer multimodal interaction for smart environment control over a single

modality. GazePointAR (Lee et al., 2024) incorporates a third modality, eye gaze,

to disambiguate uncertain pronoun references like “this” or “that” in speech. Wang

et al. (2021) finds that integrating all three of these modalities is superior in efficiency

to gesture and speech alone.

More recent work extends beyond fixed input grammars into free-form understanding.

GesPrompt (Hu et al., 2025) uses LLMs to identify unspecified parameters in speech

and resolve them through gesture, supporting a richer range of gesture types including

shape, size, and rotation. In addition, recent work such as GestureGPT (Zeng et al.,

2024) and Gestura (Li et al., 2025) use LLMs and LVLMs to recognize a broader,

open gesture space not limited to predefined categories. However, even when inputs

are correctly recognized, intent can still be genuinely unclear, and the same gesture

or speech command may map to multiple valid interpretations. This is the problem

of intent disambiguation that our work addresses.

2.1.1 Probabilistic Models for Intent Prediction

Because multimodal inputs are underspecified, intent must be inferred probabilis-

tically from uncertain evidence. XWand (Wilson and Shafer, 2003) establishes the

foundational approach of a Bayes Network that fuses speech with pointing via a

wand to determine the intended action and command in a smart home setting. Han

et al. (2025) extends this with a Dynamic Bayesian Network (DBN) that continuously

updates beliefs as new observations arrive, adapting to varying environments and in-

tegrating contextual world knowledge through LLM elicitation of prior probabilities.

Many other probabilistic model types have been applied to this problem: Jain and

Argall (2019) applies recursive Bayes filtering to infer human intent from action ob-

servations in robotics, and He et al. (2026) formulates intent inference for robots
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as a POMDP. Chai et al. (2004) addresses the problem using graph matching over

probabilistic representations, while Velloso and Morimoto (2021) uses entropy over a

candidate set as a measure of uncertainty.

Schwarz et al. (2011) applies probabilistic input handling to user interfaces, intro-

ducing a framework that maintains a probability distribution of intents using Monte

Carlo sampling, rather than immediately committing to one interpretation of the in-

put. Schwarz et al. (2015) extends this work by adding visual feedback of uncertainty

through the UI, displaying multiple alternatives in a single interface. Our work builds

upon these principles, using a DBN to maintain a probability distribution over each

referent and each action, and providing real-time uncertainty feedback visually to the

user to disambiguate their intent.

2.2 User-in-the-Loop Disambiguation

2.2.1 Implicit (One Step) Disambiguation

We first describe implicit disambiguation strategies, where the system communicates

uncertainty to the user in some form, but resolves it using natural, passive interactions

they are already performing. In other words, it does not require them to perform any

deliberate extra steps. Object pointing snaps selection to discrete objects rather than

using a continuous cursor position, reducing ambiguity about which object the user

intended to select (Guiard et al., 2004). Some systems work by correlating user input

with target motion, allowing users to select targets by matching their input motion to

targets (Velloso and Morimoto, 2021; Clarke and Gellersen, 2020). Others act on the

input signal itself, steering users’ gaze toward the intended target by visually outlining

the predicted candidate (Sidenmark et al., 2020; Çığ Karaman and Sezgin, 2018).

Still others act on the display, artificially increasing target size or reducing target
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distance to facilitate precise selection (Balakrishnan, 2004). Guillon et al. (2015)

establish key principles for how candidates should be surfaced to the user during

target selection. Tsai et al. (2026) demonstrates how feedforward visualizations can

be adapted for target selection in AR, characterizing pointer archetypes and visual

signifiers for communicating uncertainty.

2.2.2 Explicit (Two Step) Disambiguation

There are also explicit disambiguation strategies, in which the system communicates

uncertainty and requires the user to take an additional clarification step to resolve

it, often via a different modality than the original input. For instance, Chatterjee

et al. (2015) uses gaze as a coarse input, followed by a gesture to confirm the precise

selection. Some systems combine eye gaze and head movement to disambiguate (Kytö

et al., 2018), and others combine freehand manipulation with eye gaze as disambigua-

tion (Chen et al., 2020). Sidenmark et al. (2022) switches to a fallback modality in

cases of eye tracking uncertainty, which the user then uses to point accurately. Al-

ternatively, Wu et al. (2015) narrows to a candidate set in a first step, then uses a

second step of 1D target selection to precisely select within it. Some systems involve

an even more explicit disambiguation step, asking the user directly through a UI in

cases of uncertainty (Lin et al., 2023), or verbally when a robot is uncertain of what

it should do (Ren et al., 2023). Our work extends this paradigm with a user-in-the-

loop disambiguation interaction specifically for AR, incorporating both target and

action disambiguation, where candidates are surfaced spatially and multiple input

modalities are available for resolution.
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Chapter 3

Gesture Exploration

Throughout the research process, we explored various methods for recognizing hand

gestures and mapping them to user intents, specifically targeting an open gesture

vocabulary without predefined classifications. For our final system, we decided to use

a limited gesture set designed around heuristics to ensure reliability and robustness

for the user, allowing us to focus research effort on the multimodal fusion architecture

and disambiguation design, the core contribution of this thesis. In this chapter, we

describe the different methods we originally attempted to integrate open gesture

understanding into our system. The challenges we encountered directly informed our

understanding of what makes gesture recognition difficult in this domain, and shaped

the heuristic design we ultimately adopted. We leave full integration of open gesture

recognition into a multimodal system as future work.

3.1 Motivation

Mid-air hand gestures are a crucial interaction method for AR applications. Re-

searchers have established standardized frameworks for understanding and describing

9



gestural input. Hosseini et al. (2023) proposes a set of 22 general-purpose gestures pro-

viding a common vocabulary users can learn once and apply broadly, while Choi et al.

(2014) develops a comprehensive gesture taxonomy capable of encoding any gesture,

including complex dynamic and bimanual movements. However, both approaches still

require explicit gesture-to-action mappings, placing the burden of design on system

designers or end users. Creating these vocabularies is itself difficult and error-prone:

Xia et al. (2022) identifies 13 critical factors a good gesture vocabulary must satisfy,

and they find that expert-led, user-led, and computationally based design approaches

each have distinct shortcomings.

3.1.1 Gesture Customization and Personalization

Prior research has introduced systems that allow users to customize gestures, delegat-

ing the gesture-to-action mapping directly to the user. Wobbrock et al. (2009) elicits

gestures from non-technical users by presenting the effect of a command and asking

users to perform its cause, finding that designer-created gestures often fail to reflect

actual user behavior. Shahi et al. (2024) extends this to a one-shot setting, introduc-

ing a system that can recognize a new gesture after just a single demonstration by

the user, circumventing the need for extensive training sets with meta-learning tech-

niques. While personalization allows for more flexibility, these systems still require

explicit definition: users must consciously decide what gesture maps to what action,

presupposing they know in advance what gestures they want to use.

3.1.2 Zero-Shot Gesture Understanding

GestureGPT (Zeng et al., 2024) represents a paradigm shift away from fixed-vocabulary

approaches, such as Hidden Markov Models (Tanguay, 1995), and toward zero-shot

free-form understanding, using LLM agents to interpret arbitrary hand gestures with-
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out predefined mappings or user demonstrations. However, its multi-turn agent dia-

logues produce an average latency of 227 seconds, rendering it impractical for real-

time interaction, and its reliance on text-only reasoning limits its understanding of

fine-grained hand dynamics. Gestura (Li et al., 2025) addresses these shortcomings

with a Large Vision Language Model (LVLM) backbone augmented by a Landmark

Processing Module, which extracts hand keypoints and augments the video feed with

them to provide both visual and anatomical context. Gestura achieves 1.6 second

latency, which is substantially more practical, though still far from the real-time

performance required for interactive AR. The problem of real-time free-form gesture

understanding remains largely unsolved.

3.2 Approaches

3.2.1 VLM Understanding

At the start, we tried passing raw egocentric video directly to a Vision Language

Model (VLM) to understand intent. We tested both Gemini 2.5 Flash and Gemini

3 Pro to compare the feasibility of the task with both lightweight and heavyweight

models. We first prompted the model with a raw video file, and instructed it to rec-

ognize the gesture performed in the video and output a natural language description

of the gesture in relation to the physical environment. Then, we separately prompted

the model with the same natural language description, along with a JSON file con-

taining the interactive objects in the environment and their associated actions, and

instructed it to predict the most likely user intent.

This approach proved to be very difficult. For both Gemini 2.5 Flash and Gemini

3 Pro, the model could not recognize nuanced hand gestures, especially with quick

motions. It performed well at recognizing static hand poses, but failed to generalize
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over a video stream in order to accurately classify a full motion. It would often

misclassify, for example, a pinch gesture as a pointing gesture, because it could not

correctly recognize the quick pinch motion. It also frequently reversed the direction

of motion (i.e. it would believe an upward swipe to be a downward swipe), likely

due to an incorrect understanding of the frame sequence, despite explicit prompting.

Furthermore, it often hallucinated the hand physically interacting with objects in the

environment, when in reality, it was mid-air and performing a gesture meant to invoke

an action through that very recognition. Latency for Gemini 2.5 Flash averaged 5–10

seconds per gesture, far too slow for real-time interaction. Although we expect these

models to improve in the future, VLMs alone in their current form cannot accurately

classify dynamic gestures.

3.2.2 Rule-based Description + LLM Understanding

Inspired by GestureGPT (Zeng et al., 2024), we created a rule-based pipeline that

converted raw egocentric video into a semantic gesture description, then passed it to

an LLM for intent prediction. Each frame was processed by MediaPipe to extract

21 hand keypoints, from which we computed geometric features: per-finger flexion

values, inter-finger proximity and contact distances, thumb pointing direction, and

palm orientation. These continuous features were discretized into categorical states

(e.g., extended, bent, closed) and grouped by shared configuration to produce a com-

pact natural language description of the gesture. Subsequent frames were encoded

incrementally, recording only features that changed from the previous state, yielding

a structured temporal description of the full motion.

This description was then passed to Gemini 2.5 Flash along with a JSON list of

interactive objects in the environment, each with their current state and available

actions. We prompted the model to reason through the gesture and output a target–
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action pair from the object list, or NULL if no meaningful intent could be inferred.

While this approach produced more reliable gesture descriptions than raw VLM un-

derstanding and reduced latency to approximately 3–5 seconds with Gemini 2.5 Flash,

it remained brittle: the rule-based encoding lost spatial and temporal nuance, and

intent prediction accuracy was insufficient for practical use.

3.2.3 Visual Hand Rendering + VLM Understanding

Our next approach moved back into the realm of vision models, but specifically chose

to highlight and isolate the hand’s physical form from the background environment

to reduce hallucination. To do this, we extracted the keypoints of the hand using

the Meta Hand Tracking SDK, projected them onto a 2D rendering based on their

physical 3D world locations, and connected them visually with lines. This created a

hand rendering that VLMs are capable of recognizing. We created one rendering per

input frame and submitted them to a VLM, and instructed it to output a natural

language description of the gesture, and infer the user’s intent based on the available

actions. This was prone to the same issue as the raw video, where VLMs were unable

to recognize nuances in the gesture motion.

To remedy this, we tried a different approach of overlaying select frames on top of

each other in a single image, in order to convey both the hand pose and the dynamic

motion. This was even less clear to the VLM. We tried using only two poses (the

start and stop positions) along with a trajectory line connecting them. This was

also unclear. We tried reducing this to only a single pose (the end pose) with a

trajectory line showing where the hand had moved. This technique was able to

identify the correct motion direction and the correct pose, but still did not provide

enough nuance for complex gestures, especially ones where the pose itself changes

throughout the motion. The VLM would also sometimes hallucinate the direction of
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motion, just as with the raw video, even when the direction was made explicitly clear

via arrow. Passing all frames to Gemini 2.5 Flash produced latency of 5–10 seconds,

while reducing to a single overlaid frame brought it to approximately 3–5 seconds,

which is still insufficient for real-time use. Overall, the recognition was not robust

enough, and we concluded that VLMs in their current form are not ready for complex

gesture understanding.

3.3 Takeaways

We determined through these experiments that current general-purpose VLMs and

LLMs cannot accurately classify dynamic gestures for real-time applications. Even the

current state-of-the-art, Gestura (Li et al., 2025), which achieves 1.6 second latency

by combining structured hand landmark features with an LVLM backbone, remains

too slow for the interactive AR setting we targeted. We identified that we could

achieve accurate classifications of both individual static poses and dynamic motion

trajectories in all of the methods we attempted, but could never achieve high enough

accuracy when both of these elements were combined, i.e. a dynamic motion that

changes pose over time. Current VLMs are simply limited in temporal understanding.

To provide gesture inputs to our multimodal fusion system, we decided to implement

a strict vocabulary of predefined gesture heuristics, which use rule-based detection to

classify specific motions, and fall back to sending a single frame pose to a VLM to

recognize symbolic gestures, as this avoids the problems we described about temporal

reasoning in VLMs. This simplifies the input space dramatically and provides quick

recognition of gestures, allowing us to focus on our core contributions of multimodal

fusion (Chapter 4) and disambiguation (Chapter 5). We also determined that the

chosen heuristics more accurately fit into our smart home study setup (Chapter 6),

and that most plausible gesture interactions with the available actions in the setup
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fit these heuristics well. We evaluate this claim more clearly in the discussion (Chap-

ter 7). The heuristics and their implementations are described below.

3.4 Heuristics Implementation

The gesture vocabulary was largely derived through informal testing during devel-

opment of the multimodal fusion system. We observed that swipe, pinch, and point

gestures arose consistently, and these gestures mapped naturally onto the specific

actions that are afforded by the smart home objects in our study scene. This in-

formal elicitation process is consistent with prior findings that gesture vocabularies

should emerge from natural user behavior (Wobbrock et al., 2009). Accordingly, we

implemented the gesture recognition system using the following heuristics:

Swipe. A swipe is detected by accumulating hand displacement across frames. The

axis with the greatest total displacement determines the swipe direction, provided

the motion exceeds a minimum distance and follows approximately a straight line.

The output is a discrete direction label (e.g., left, right, up, down).

Pinch. A pinch gesture is detected when the hand is near the center of the gaze field

in a pinching pose. The output is a boolean indicating that a pinch was performed.

Point. A pointing gesture is detected when the hand is near the center of the gaze

field and has an extended index finger. The output is a 3D ray along the index finger

into the scene, along with a coarse semantic direction label (e.g., left, right, up, down)

derived from the same ray direction.

Symbolic. If no heuristic gesture is detected, the system renders the hand configu-

ration as a static image and submits it to a VLM, which recognizes the hand pose.

This fallback is useful for static poses (e.g. peace sign, thumbs up, etc.).
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Chapter 4

Multimodal Fusion System

Consider a user in an environment of interactive objects. Each object affords actions1

that may be performed to modify its state in some way. To trigger an afforded action,

the user provides multimodal inputs: they may gaze at objects, speak in natural

language, or perform mid-air hand gestures. We present a multimodal fusion system

that infers the user’s intent and facilitates disambiguation in cases of uncertainty.

To implement the system, we built a Meta Quest 3 application using Unity 6.3 that

communicates with a local Python FastAPI server via WebSocket connection and

dispatches API calls to IoT devices. The system infers user intent from the multi-

modal inputs by converting raw input data into likelihood vectors that are fused by

a Dynamic Bayesian Network (see Figure 4.1). Once the system reaches a certain

confidence threshold in its belief, it triggers the action. Otherwise, it enters dis-

ambiguation mode and communicates uncertainty to the user visually or audibly by

presenting the remaining candidates and encouraging them to clarify their intent.

1An affordance is an action possibility available in the environment to an individual (Gibson,
1979). In our system, for example, a speaker affords the toggle and raise volume actions.
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Figure 4.1: Diagram of the fusion system, showing how the referent and action are

determined based on multimodal input through the DBN. The dashed line denotes a

conditional dependency that applies only in certain operating modes.

We formalize this environment as follows. We represent it as a scene S = (R,A),

where R = {r1, r2, . . .} is a set of interactive referents and A is the set of all afforded

actions. Each referent ri affords a set of actions Ai = {ai,1, ai,2, . . .}, and the full

action space is A =
⊔

ri∈R Ai, the disjoint union of all actions across the scene. For

instance, a scene might contain a lamp affording {brightness up, toggle} and a speaker

affording {volume up, volume down}. The user intent is defined by a target–action

pair (r, a): the referent object the user meant to interact with, and the afforded

action they meant to trigger. For instance, (lamp, brightness up), (speaker, toggle),

and (robot,move forward) are target–action pairs.

4.1 Dynamic Bayesian Network

We use a Dynamic Bayesian Network (DBN) to fuse multimodal inputs and proba-

bilistically model user intent. The DBN provides a robust structure for combining
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evidence across modalities, propagating belief over time, and reasoning transparently

about uncertainty, goals that are difficult to achieve with purely heuristic or rule-

based approaches.

Rt−1 At−1

Rt At

Gt Vt Ht

Figure 4.2: The Dynamic Bayesian Network structure.

At each timestep t, the network is defined by two hidden states: the referent Rt ∈ R

and the action At ∈ A. The system maintains a belief bel(Rt) over the objects in

R, and a belief bel(At) over the actions in A. The network contains one observation

node per input modality: gaze (Gt), voice (Vt), and hand gestures (Ht), as described

in Figure 4.2. The full network is defined by:2

P (Rt, At, Gt, Vt, Ht | Rt−1, At−1) = P (Rt | Rt−1) · P (At | At−1, Rt)

· P (Gt | Rt, At) · P (Vt | Rt, At) · P (Ht | Rt, At)

2Gaze depends only on the referent in standard operation, i.e. P (Gt | Rt, At) = P (Gt | Rt). The
dependence on At applies only during action disambiguation in the “Spatial Targets” mode, when
candidate actions have been assigned physical locations in the scene (see Section 5.4).
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4.2 Transition Model

The transition model is used to propagate belief over time. We define the transition

model from the previous time slice t− 1 to the current time slice t as follows:

P (Rt = r | Rt−1 = r′) ∝ Inertia(r, r′;λR, |R|)

P (At = a | At−1 = a′, Rt = r) ∝ Inertia(a, a′;λA, |A|) · Afford(a, r)

The inertia function encodes the effect of the previous state, where a weight λ

is assigned to self-transition, with the remaining 1 − λ spread uniformly across all

other states. This smooths the belief space so that beliefs from prior evidence do not

immediately decay out of the model.

Inertia(x, x′, λ, k) =


λ if x = x′

1− λ

k − 1
otherwise

λR is set very high (close to 1) so that referent belief is resistant to change, particularly

so that the continuous gaze input does not dominate the other modalities. λA is set

slightly lower for flexibility in action selection. Both values were tuned empirically.

The affordance mask encodes the coupling between referents and actions, assigning

1 to any action a afforded by referent r (by design, each action is assigned to one

unique referent), and ϵ to all unafforded pairs. As a result, the action belief is in-

fluenced by the referent belief: actions belonging to highly weighted referents receive

more weight, while actions inconsistent with the likely referent are suppressed.

Afford(a, r) =


1 if a ∈ Ar

ϵ otherwise
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4.3 Observation Model

The system accepts three different input modalities: gaze, voice, and hand gestures,

each represented by observation nodes in the DBN. The voice and gesture modalities

require a controller button to be pressed and held throughout the input in order to

record them. To infer intent, we combine heterogeneous likelihood sources: a gaze

cone model, Dirichlet-sampled likelihoods from LLM/VLM scores for voice and sym-

bolic gestures, and heuristic classifiers for swipe, pinch, and pointing gestures, all

of which are not necessarily calibrated to the same probability space. We therefore

characterize our system as an approximate Bayesian fusion framework, following es-

tablished practice in other multimodal intent inference systems (Han et al., 2025).

Robust integration of likelihood sources across modalities remains a direction for

future work.

4.3.1 Gaze Input

We approximate gaze input based on the current position and orientation of the

headset.3 Every frame, we process the current headset state and update the gaze

observation likelihood in the DBN.

Let gt ∈ R3 be the unit vector along the headset’s forward direction at time t, and

let ht ∈ R3 be the headset position. For each object r at position pr, we compute

the gaze alignment angle:

θr = arccos

(
gt ·

pr − ht

∥pr − ht∥

)

The gaze likelihood is modeled as a scaled Gaussian over θr, so that objects within

3Meta Quest 3 does not support eye tracking.
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the user’s gaze are boosted accordingly:

P (Gt | Rt = r) ∝ max

(
ϵR, wR exp

(
−θ2r
2σ2

G,R

))

where σG,R controls the angular spread of the gaze cone, wR is the weight coefficient,

and ϵR is a floor value.

In most cases, gaze does not inform the action likelihood, i.e. P (Gt | At) is uniform

over all actions. However, during action disambiguation in the “Spatial Targets”

mode (Section 5.4), each candidate action a is assigned a spatial position pa in the

scene, and the gaze likelihood over actions is computed with its own parameters:

P (Gt | At = a) ∝ max

(
ϵA, exp

(
−θ2a
2σ2

G,A

))

where θa is the gaze alignment angle to pa, σG,A is a narrower cone angle, and ϵA is

set to a high floor to slow belief convergence.

4.3.2 Voice Input

We use the Meta Voice SDK to transcribe voice inputs as text. When voice is detected,

we submit the transcript to an LLM, which returns a confidence score s ∈ [0, 1] for

each referent and each action independently, representing how likely it is that the

voice input matches that referent or action.4 For example, given the input “turn up

the brightness,” the LLM assigns st(lamp) = 1, st(brightness up) = 1, and near-zero

scores to unrelated referents and actions.

Since LLM scores are not calibrated probabilities, treating raw scores as Bayesian

likelihoods would distort the inference. We instead use the scores as concentration

4For this task, we use Gemini 2.5 Flash.
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parameters for a Dirichlet distribution that we then sample from, following Han et al.

(2025). This approach introduces uncertainty over the likelihood, producing a more

robust probability model that reflects the inherent unreliability of raw LLM confidence

scores. We sharpen the scores by raising them to exponents ρR, ρA ≥ 1 and then scale

them by a concentration hyperparameter w:

αR
r = w · st(r)ρR αA

a = w · st(a)ρA

We then sample the Dirichlet distributions to receive a likelihood value:

P (Vt | Rt) ∼ Dirichlet(αR) P (Vt | At) ∼ Dirichlet(αA)

4.3.3 Gesture Input

We use the Meta Hand Tracking SDK to continuously track the positions of 26 key-

points per hand. At each frame, we process the current keypoints, aiming to classify

a gesture. We classify gestures using a set of heuristics (swipe, pinch, point, and

symbolic), for which we describe the specific implementations in Section 3.4. When

a gesture is detected, we update the gesture observation likelihoods as follows.

Swipe. The detected direction label is matched against each action’s swipe direction

identifier:

P (Ht | At = a) ∝


1 if swipe direction(a) = direction

ϵ otherwise

Actions are preconfigured with swipe direction identifiers. For example, a bright-

ness up action has a swipe direction of up, but a discrete action like toggle does

not have one at all. Referent likelihoods are not affected by swipe gestures.
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Pinch. The pinch boolean is matched against actions tagged as pinchable:

P (Ht | At = a) ∝


1 if pinchable(a)

ϵ otherwise

Actions are preconfigured with pinchable identifiers. For example, a toggle action

has a pinchable identifier, but a continuous gesture like brightness up does not.

Referent likelihoods are not affected by pinch gestures.

Point. The pointing ray direction is used to compute a Gaussian likelihood over the

angle θ between the ray and the direction to each object or action’s world position,

in the same way as the gaze model:5

P (Ht | Rt = r) ∝ exp

(
−θ2r
2σ2

P,R

)
P (Ht | At = a) ∝ exp

(
−θ2a
2σ2

P,A

)

where σP,R and σP,A are cone widths.

In some cases, the pointing direction may also be mapped to a semantic direction

label sem ∈ {left, right, up, down}. This label is used to boost the likelihood of

objects and actions whose position identifiers match:6

P (Ht | Rt = r) ∝


β if position(r) = sem

1 otherwise

where β is a very large boost multiplier. The position identifiers are assigned at

runtime: relative to the user’s forward direction, the leftmost and rightmost objects

receive left and right labels respectively, and similarly for up and down.

5The action likelihood only applies in the “Spatial Targets” mode (Section 5.4).
6The action boost only applies in the “Spatial Targets” mode (Section 5.4).
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Symbolic. We use a VLM as a fallback to our heuristics in the case that none were

detected. The VLM pose recognition produces a confidence score s ∈ [0, 1] per object

and per action.7 As with voice (see Section 4.3.2), in order to provide a more robust

likelihood model, the scores are treated as Dirichlet concentration parameters, and

we sample likelihood values from the resulting Dirichlet distribution:

P (Ht | Rt) ∼ Dirichlet(αR) P (Ht | At) ∼ Dirichlet(αA)

4.4 Intent Inference

At each timestep, the DBN runs a prediction step followed by an update step.

Predict: The belief is propagated forward through the transition model:

bel(Rt = r) =
∑
r′∈R

P (Rt = r | Rt−1 = r′) · bel(Rt−1 = r′)

bel(At = a) =
∑
a′∈A

∑
r∈R

P (At = a | At−1 = a′, Rt = r) · bel(At−1 = a′) · bel(Rt = r)

Update: The prediction is reweighted by observation likelihoods and renormalized:

bel(Rt = r) ∝ bel(Rt = r) · P (Gt | Rt = r) · P (Vt | Rt = r) · P (Ht | Rt = r)

bel(At = a) ∝ bel(At = a) · P (Gt | At = a) · P (Vt | At = a) · P (Ht | At = a)

Note that the action predict step sums over both a′ and r to account for the coupling

between referent and action beliefs introduced by the affordance mask. Additionally,

gaze is continuous and contributes at every timestep, but voice and gesture contribute

only during the single timestep in which they are inputted. P (Gt | At) additionally

7For this task, we also use Gemini 2.5 Flash.
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only applies during disambiguation, when actions have been assigned physical loca-

tions. When any modality is absent, we simply use a uniform vector for its observation

node, which is mathematically equivalent to no input at all.

4.4.1 Intent Resolution

The system outputs its predicted target–action pair when both Rt and At have con-

verged to a decision, and importantly, the user has made at least one voice or gesture

input.8 We define this as having one referent r ∈ R and one action a ∈ Ar each

having crossed a minimum likelihood threshold of 0.85. We chose this value empiri-

cally, as it produced reliable decisions across our test scenarios without prematurely

committing to an intent or requiring excessive additional input to resolve. Once this

threshold is reached, the system immediately outputs (r, a) as its predicted intent.

4.4.2 Intent Disambiguation

The system often cannot resolve to a single intent following user input due to ambi-

guity. When this happens, the system communicates uncertainty to the user either

visually or audibly. In most cases, this involves identifying which referents or actions

are still candidates (defined as those meeting a minimum probability threshold) and

allowing the user to clarify between them. Additionally, the system sometimes en-

codes the actual DBN belief as part of the user-in-the-loop strategy (e.g. scaling a

candidate visually based on its likelihood).

Disambiguation mode is triggered when the user makes a voice or hand gesture input

that is not immediately resolved into a single intent (i.e. at least one of bel(Rt) or

bel(At) has not crossed the resolution threshold). The specific mode used is set as a

8This requirement of an additional input avoids the Midas Touch problem, where simply gazing
at an object without any other input immediately selects it.
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configurable system parameter. The system may have resolved only the referent, only

the action, or neither. Because actions depend on referents in our framing, we allow

the user to clarify in two sequential steps: referent disambiguation first, followed by

action disambiguation if necessary. If the referent is already certain, the system skips

directly to action disambiguation. This full user flow is illustrated in Figure 4.3.

Figure 4.3: User flow of the disambiguation and resolution system.

Importantly, when the system enters disambiguation mode, it freezes the DBN’s

transition model, pausing temporal decay while still remaining responsive to new

input observations. This, in effect, means that the network is no longer strictly

dynamic. However, we retain the DBN framing since the full dynamic structure

applies outside of disambiguation mode. This freezing is done to maintain the high

probabilities of the top candidates, allowing the user to disambiguate quickly between

a limited set of the most likely options while hiding any eliminated options.

While disambiguation mode is active, the user may continue to perform gaze, voice,

and gesture inputs as before, and the DBN will continue to update likelihoods based

on new observations without decaying. This continues until both bel(Rt) and bel(At)

exceed the resolution threshold, at which point the system outputs its predicted

target–action pair.
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Chapter 5

Disambiguation Design

We design our system with the assumption that some user inputs are genuinely am-

biguous, and even a perfect fusion system would struggle to resolve multimodal in-

puts that could reasonably map to several different interpretations. This ambiguity

arises from two distinct sources: sensor noise, a technical limitation on input devices

(rather than the fusion system itself) in which imprecise measurements obscure which

object or action was intended, and semantic underspecification, an inherent property

of language and gesture in which the input itself does not uniquely determine an

interpretation regardless of measurement precision.

This introduces the problem of how best to communicate that uncertainty, and how

best to allow the user to disambiguate between options. We design our disambigua-

tion around two key principles: one-bit disambiguation, which asks the user to provide

the minimum clarifying information needed to resolve uncertainty, and the comple-

mentary use of identity and location: surfacing identity to distinguish targets and

assigning location to distinguish actions. To apply these principles, we explore sev-

eral audio and visual modes of communicating uncertainty.
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5.1 One-Bit Disambiguation

We design our system based on the concept of one-bit disambiguation, in which the

user provides a single unit of information that clearly disambiguates their intent. This

concept borrows loosely from information theory: the ideal disambiguation strategy

maximizes the expected reduction in uncertainty with each clarifying input, thereby

minimizing the required effort of the user (Reddy et al., 2022). The term “one-bit”

describes a single clarifying input that is sufficient to identify the intended interpre-

tation, regardless of the size of the candidate set.

This is especially relevant for ambient interaction contexts such as smart home envi-

ronments, robotic control, and virtual assistants, where users are often multitasking

and making imprecise or underspecified inputs. Interactions using imprecise pointing

(Williamson and Murray-Smith, 2004; Guiard et al., 2004; Balakrishnan, 2004), gaze-

based selection (Çığ Karaman and Sezgin, 2018; Xu et al., 2012; Mardanbegi et al.,

2019; Lei et al., 2023), or underspecified speech (Chai et al., 2004; Lee et al., 2024;

Hu et al., 2025) all produce ambiguity that an additional clarifying input can resolve.

5.2 Location and Identity

Disambiguation strategies must be carefully matched to the type of ambiguity. For

this reason, we design target disambiguation and action disambiguation to be distinct,

as each form is structurally different and calls for different display approaches (Lin

et al., 2023). The key distinction lies in the roles of location and identity: targets

have an intrinsic location but may lack a unique identity (e.g. multiple lights in

the same vicinity are all simply “lights”), while actions have a unique identity but

lack an intrinsic location (e.g. brightness and color are not spatial, but are easily

identified by name). Our proposed uncertainty communication design in each case
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compensates for what the input leaves unspecified: for targets, we hold location

constant and assign identity; for actions, we hold identity constant and assign location.

Through these additional audio and visual experiences, we aim to expand the set of

possible disambiguation strategies by enabling new modalities or ways of referencing

the intended referent or action.

5.2.1 Give Targets More Identity

For target disambiguation, we resolve ambiguity by giving each candidate target a

distinguishable identity, so the user can identify the intended target when location is

insufficient (e.g. when two candidates lie close in gaze). Target uncertainty generally

occurs when candidates are densely packed, meaning location is no longer viable for

low-effort disambiguation. Instead, we augment the targets with additional identi-

fying information that allows users to disambiguate in other ways. For example, we

display visual pointers over candidate targets, augment them with visual indicators

of existing attributes of the object (e.g. color, relative size, relative position), or aug-

ment them with new identifiers like numerical labels. This newly surfaced information

provides additional disambiguation tools across both voice and gesture modalities.

5.2.2 Give Actions Spatial Location

For action disambiguation, we resolve ambiguity by assigning each candidate action a

spatial location, constructed by remapping actions as targets in the scene, so that the

user can select the correct action when the input semantics alone are insufficient (e.g.

when a gesture matches several candidate actions). When the input maps to mul-

tiple candidate actions, we enable additional disambiguation strategies by spatially

embedding action targets within the scene. This can be done in several ways, such as

plain text labels, an interactive UI, or targets embedded within the 3D scene. Users
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can then select using spatial strategies like pointing, gazing, or verbally specifying a

relative location, none of which would be possible without giving actions a location.

5.3 Target Disambiguation Design

In target disambiguation, uncertainty is communicated to the user in one of four

modes, each differing in what identifying information is presented. The first mode is

purely auditory, while the remaining three modes are visual. The audio mode cannot

communicate candidates in any way, since their identities may be ambiguous and un-

able to be distinguished by name alone.1 It merely informs the user that the system

is uncertain. The visual modes, on the other hand, are able to communicate the can-

didate targets by displaying a small overlay anchored directly above each candidate

object in the scene. Each mode imposes a different type of identifying information

on the targets, ranging from simply marking their presence, to surfacing existing at-

tributes, to introducing new assigned identifiers, so the user can see which candidates

have been selected and how to refer to them. The four target disambiguation modes

are shown in Figure 5.1 and described as follows:

(1) Audio. The system outputs audio that conveys uncertainty in the target. Specif-

ically, it says, “Which one?” It does not provide any additional information.

(2) Visual – Pointers. The system displays visual pointers above the candidate

objects, marking their presence without providing any further identifying information.

(3) Visual – Attribute Labels. The system displays visual markers above the

candidate objects, which (if applicable) convey some intrinsic attribute of the object,

such as its color, relative size, or relative position. We use color as the intrinsic

1We design for the worst case in which candidate targets share the same semantic label (e.g.
multiple “lights”). In practice, targets may sometimes be distinguishable by name.
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1. Audio 2. Visual – Pointers

3. Visual – Attribute Labels 4. Visual – Index Tags

Figure 5.1: The four target disambiguation modes, each displayed after the system
was unsure which of five books the user meant to select.

attribute here. These markers are meant to indicate to the user that they may use

this attribute to disambiguate via voice input.

(4) Visual – Index Tags. The system displays visual numbered index tags above

the candidate objects. This is distinct from attribute labels in that these numbers

are not intrinsic attributes, and the system assigns them arbitrarily for the purposes

of disambiguation. The tags are meant to indicate to the user that they may use the

corresponding number to identify the object via voice or through an iconic gesture.2

2An iconic number gesture uses extended fingers to represent a number.
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5.4 Action Disambiguation Design

In action disambiguation, uncertainty is communicated to the user in its own set

of four modes, distinct from those used for target disambiguation, each differing in

layout representation and afforded interaction modalities. As in target selection, the

first mode is purely auditory, but the action audio mode is able to communicate the

candidate actions, as it can identify them directly by name. The three visual modes,

in accordance with our design philosophy of making actions into spatial targets, each

embed the actions within the scene differently: displaying text of the candidates,

presenting a menu of direct selection buttons, and placing action targets within the

scene itself to enable gaze and pointing. This progression reflects an increasing degree

of spatial embedding, trading simplicity for richer interaction affordances. The four

action disambiguation modes are shown in Figure 5.2 and described as follows:

(1) Audio. The system outputs audio that conveys uncertainty in the action, and

lists the options for the user to choose from. Specifically, it says, “Did you mean

X, Y, or Z?”, where X, Y, and Z represent candidate actions. The user is meant to

respond via voice.

(2) Visual – Text. The system displays text in a small window that lists the

candidate actions. Specifically, it says, “X, Y, or Z”, where X, Y, and Z represent

candidate actions. The user is meant to respond via voice.

(3) Visual – Button Menu. The system displays a vertical list of rectangular

buttons, each labeled with one of the candidate actions, appearing in front of the

selected referent object. Buttons are selectable by casting a ray with the hand or

controller and performing a pinch or poke gesture, immediately selecting the action.3

3A pinch brings the index finger and thumb together (like a click); a poke extends the index
finger to touch a surface. Both are standard Meta Quest interaction primitives.
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1. Audio 2. Visual – Text

3. Visual – Button Menu 4. Visual – Spatial Targets

Figure 5.2: The four action disambiguation modes, each displayed after the system
was unsure whether a swipe up gesture at a lamp was indicative of brightness up or
hue up.

(4) Visual – Spatial Targets. The system displays circular targets labeled with

the candidate action names, arranged radially around the referent object in the scene.

This mode introduces the gaze modality for action selection. Gaze functions here as

a direct selection mechanism where the user dwells on an action target until it is

selected, with the target providing continuous visual feedback on progress by physi-

cally growing in size and shifting from white to green as its likelihood increases. The

targets also allow for pointing gestures to identify actions in space, which work the

same as pointing to referent targets.
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Chapter 6

User Study

We conducted a user study to evaluate our multimodal fusion system and our dis-

ambiguation designs. We separated these evaluations into two different phases that

isolated each part: an elicitation study where we collected users’ natural multimodal

inputs as validation of our system design, and a comparative study where we analyzed

user feedback on each of our disambiguation designs. We recruited 8 undergraduate

students at Princeton University (6M, 2F; ages 18–22) via convenience sampling,

compensating each with $16 for their time. This study was approved by Princeton

University’s Institutional Review Board (IRB #16692) and all participants provided

informed consent before participation. For each participant, we ran Phase 1 and

Phase 2 in sequence.

6.1 Phase 1: Multimodal Elicitation

The first phase of our study was an elicitation study in which participants interacted

with a speaker and a lamp, positioned on a table in front of them, as shown in

Figure 6.1. Participants were told that they could interact with the objects via voice
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or gesture, and that their head orientation would also be taken into account. The goal

of this part of the study was to collect a dataset of which specific inputs participants

performed, in order to evaluate the system on what they naturally did. For this

reason, we disconnected the main fusion system during the study session and used

a Wizard-of-Oz system so that participants would always be “successful” in their

input attempts, meaning that after any input, we manually invoked the intended

action behind the scenes to simulate the system working (e.g. the light turning on),

regardless of whether it would have succeeded in the real system. We did this because

the main goal was to collect data about which input methods and strategies they used,

without being influenced by any feedback from the system.

Figure 6.1: The study scene that participants interacted with across Phase 1 and
Phase 2, containing a lamp, a speaker, and several books.

6.1.1 Elicitation Tasks

We split the elicitation into twelve tasks: six involving the lamp and six involving the

speaker. Each participant completed all twelve tasks in each of two distinct study

conditions, for 24 total task trials per participant. In each task, we instructed users
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to trigger a single distinct action on the corresponding interactive object. Before

beginning, participants completed two practice trials (one voice and one gesture) on

neutral tasks to familiarize themselves with the modalities without priming any of

the actual study gestures or commands. Practice trial data was not logged.

Rather than describing the goal in written or spoken words (e.g. “turn on the lamp”),

which may have inadvertently influenced the user’s chosen input method, we commu-

nicated the intended goal through a visual “flashcard” depicting only the start state

and end state (e.g. a lamp in its off state and on state). For the speaker cards,

we included universally recognizable symbols that clearly described the state without

priming the participant toward a specific input method. After receiving feedback

from colleagues on the lamp cards, we also decided to add symbols to depict the

relative brightness and color (since it was sometimes unclear whether the goal was

to make it dimmer/brighter or make it warmer/cooler). We wanted to make each

goal as clear as possible and keep that understanding constant across participants to

allow us to observe the differences in how participants chose to achieve that goal. All

twelve flashcards are displayed in Figure 6.2.

6.1.2 Modality Constraints

Phase 1 was divided into two study conditions, and participants ran through all tasks

in each condition sequentially. During the first condition (free-form), participants

were allowed to perform whatever input they wanted, and were specifically instructed

to perform the input that would accomplish the task in the simplest way. In the second

condition (voice-constrained), participants were not allowed to use voice input,

and had to use only gestures. We did this because we believed users may otherwise

default to using voice only, as it can generally provide a clear and unambiguous input

for these tasks. We motivated this decision by noting that real-life scenarios often
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Figure 6.2: The flashcards used in the elicitation study. Each pair of images is one
flashcard, where the left image describes the start state and the right image describes
the end state. The goal of each task is to get the object into its end state.
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restrict available modalities, such as in a crowded train, a loud concert, or a quiet

library, where voice may be unavailable or inappropriate. To counterbalance ordering

effects, we randomized the condition order across participants, where half completed

the free-form condition first and half completed the voice-constrained condition first.

Within each condition, we also randomized whether participants completed the lamp

block or the speaker block first. The order of tasks within each object block was fixed,

since the tasks are state-dependent and must be performed in sequence.

6.1.3 System Validation

During both conditions of Phase 1, rather than providing direct feedback through the

AR interface, we simply logged the user’s state and current inputs at each frame and

stored them on our server. After the user performed any input for a task, we fed the

raw input data into an offline version of our system and later measured whether it

correctly executed the intended action. We always invoked the intended action during

the live session to maintain the Wizard-of-Oz simulation.

6.2 Phase 2: Disambiguation Comparison

In the second part of the study, we compared user interactions within the disambigua-

tion design space proposed in Chapter 5. We separated the phase into target selection

and action selection to study the disambiguation strategies separately. As established

before, each case contains four distinct modes of communicating uncertainty: one au-

dio and three visual, presented in counterbalanced order across participants. In each

case, we isolated the relevant disambiguation task (target vs. action) by using differ-

ent scene setups. Namely, we used a row of books each with a single action for target

selection, and we used a single lamp with a number of actions for action selection.

Note also that Phase 2 used our full fusion system described in Chapter 4 and was not
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Wizard-of-Oz. We intentionally did not provide practice trials prior to Phase 2, as

we sought to capture participants’ initial, unprimed reactions to each disambiguation

mode. Unlike in Phase 1 where we communicated the goal but allowed the user to

perform an input using any method they wanted, here we specifically instructed the

user to perform an exact input, constant across all tasks, that would always cause

the system to enter disambiguation mode. This controlled for the initial input and

allowed us to focus our attention on how the user interacted with the uncertainty visu-

alization, determining whether they could successfully disambiguate (i.e. the correct

action being executed).

6.2.1 Target Selection Comparison

The target selection tasks used a row of five books positioned side-by-side on a table

in front of participants so that only their spines were visible. Each book afforded a

single action, select, which served only to identify the book rather than trigger any

visible effect.1 For each of the four tasks, we instructed participants to select a specific

book called Human-Centered AI by looking toward the book and speaking the word

“select.” This caused the system to immediately enter disambiguation mode as it

was uncertain which book the user was referring to, since all five likely maintained

nonzero probabilities given the imprecise gaze input toward the clustered group of

targets. Each of the four tasks used a different target disambiguation mode, presented

in counterbalanced order across participants, as described in Section 5.3. We observed

how users responded to each mode.

1Here we relax the assumption that the interactive objects need to be “smart” in the traditional
sense. You may think of the select task as being equivalent to an AI assistant identifying the book’s
name or how much it costs. For more discussion on this, see Chapter 8.
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6.2.2 Action Selection Comparison

The action selection tasks used a single lamp positioned on the left side of a table in

front of participants. The lamp afforded five actions: toggle, brightness up, brightness

down, hue up, and hue down. For each of the four tasks, we instructed participants

to increase the brightness of the lamp by looking at it and performing a swipe up

gesture. This caused the system to immediately enter disambiguation mode as it was

uncertain whether the user was trying to invoke the brightness up or hue up action,

since both actions were associated with a continuous upward motion. Each of the four

tasks used a different action disambiguation mode, presented in counterbalanced order

across participants, as described in Section 5.4. We observed how users responded to

each mode.

6.2.3 Feedback Collection

After each disambiguation task, we asked participants to answer two Likert-scale

questions about their experience, namely how easy or difficult it was to resolve the

system’s uncertainty, and to what degree they felt in control of the interaction. We

also asked them if any part of the interaction was unclear or frustrating. At the

end of all target selection tasks and at the end of all action selection tasks, we asked

participants which of the four modes they preferred for disambiguating. This feedback

aimed to assess the feasibility of the design space and inform future design work.
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Chapter 7

Evaluation

We evaluate our study in several parts. First, we analyze the voice and gesture inputs

produced by the elicitation study in Phase 1 and examine the associated user interac-

tion patterns. We then evaluate the accuracy of our multimodal fusion system using

the collected inputs. Next, we present participant feedback on each disambiguation

design from Phase 2 and compare their tradeoffs. Finally, we identify several take-

aways from the study to inform future disambiguation designs.

7.1 Elicitation Results

We were first interested in which modalities participants naturally used in the free-

form mode, when both voice and gesture were allowed. 4 of 8 participants always

used both modalities simultaneously, while 3 used voice alone, and only one (P3) used

different modalities for different trials. In the voice-constrained mode, all participants

were forced to use gestures. For most of the actions in the scene, including volume

controls, brightness controls, and discrete on/off actions, users generally were able to

intuit a gesture that mapped to the action in a semantically meaningful way. Users
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naturally gravitated toward dynamic, directional gestures for continuous actions (e.g.

swiping motions, oscillations) and snaps, pinches, or fists for discrete actions.

Participants consistently noted that the speaker was much simpler to control via ges-

ture than the lamp was, since its afforded actions map naturally to gesture. Most

lamp interactions relied on voice in the free-form condition (with users speaking com-

mands such as “turn on,” “dim,” “red light,” “darker red,” “go back to white,” etc.),

and users often got stuck in the voice-constrained condition using gestures alone. P1

reported that they tried to isolate the lamp actions into distinct “dimensions” (i.e.

brightness and hue) using different directional gestures, namely vertical motion and

angular motion (i.e. rotating their wrist as if turning a knob). P8 similarly decided

to map hue onto a rotational axis, tracing a circular path with their whole hand. Al-

most all participants expressed frustration with changing the lamp’s hue via gesture,

finding no natural motion or symbol that mapped onto the concept of color. The

range of resulting input strategies was vast: P2 wrote letters mid-air with the index

finger (“R” and “W” for red and white); P6 signed the words red and white in ASL;

and most strikingly, P3, P4, and P5 each independently pointed to a red book that

happened to be in the scene, using it as an external referent to communicate the color

red. These varying responses validate the need for free-form gesture recognition that

we describe in Chapter 3.

Most participants said that they preferred voice as an input method. In general,

they felt that the voice-constrained condition made it considerably more difficult to

express intent. Still, many noted that hand gestures might be better for certain tasks

or in specific contextual situations. For instance, P6 said that gestures were more

convenient for simple tasks than having to speak a voice command, but for more

complex tasks, voice better captured intent. P8 noted that directional gestures felt

very natural, as if one were implicitly manipulating user interface elements like sliders
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that have conventional directions (e.g. volume implies vertical motion, skip/previous

implies horizontal motion). P8 also noted that gestures would be better in certain

contexts, such as when alone at home and feeling awkward speaking, or in public

where speaking aloud is undesirable. P1 mentioned that gestures could be done more

discreetly without making noise, and existing tactile interactions (they specifically

noted swiping on AirPods) translated seamlessly to some of these mid-air interactions,

making gesture feel more natural.

7.2 Fusion Validation

We recorded multimodal inputs during Phase 1 and replayed them through our fusion

system in offline mode to evaluate whether the system correctly resolved the intended

action. For the free-form condition (i.e. voice and gesture both allowed), the system

correctly resolved to a single intent in 53.1% of trials, and the correct action was

present in its resulting candidate set in 83.3% of trials. However, for the voice-

constrained condition (i.e. gesture only), the system correctly resolved to a single

intent in just 7.3% of trials, and the correct action was present in the candidate set in

80.2% of trials. In cases where the correct action was in the candidate set, the system

was not confident enough to output an intent with certainty, including trials where

nothing was pruned at all. Note that since the validation was run offline without live

feedback, disambiguation mode could not actually be triggered. As a result, these

results only reflect users’ initial multimodal inputs, not the full interactive loop.

Our results support and validate our multimodal fusion system and the use of the

Dynamic Bayesian Network for inference. It should be noted that our 53.1% of mul-

timodal trials correctly resolving means that most interactions would have succeeded

in one step. In a live session, the remaining trials that did not resolve would have

triggered disambiguation mode. As evidenced by the 83.3% of trials with the correct
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intent in the candidate set, the system is often uncertain, but rarely confidently incor-

rect. This was an intentional design choice for our system: to be slightly conservative

in prediction and allow the user to take that extra step of clarification.

Additionally, the gap in accuracy between the free-form condition and the voice-

constrained condition is substantial, showing that multimodal input vastly outper-

forms gesture alone. Voice input was consistent and reliably steered the system toward

the correct action. Conversely, the low accuracy for the gesture-only condition reveals

that gesture heuristics alone are insufficient to capture the wide variety of gestures

users produce without specific instructions, even when the gesture types were de-

signed around the objects and actions in the study. This is not strictly a limitation of

the fusion system, but a limitation of the gesture recognizer. As discussed in Chap-

ter 3, our heuristics model is a substitute for what should be a much more capable

free-form gesture processor, and users often produced gestures that our system could

not feasibly recognize, such as directional oscillatory motions.

Some errors arose from task misinterpretation or ambiguous flashcard descriptions

(e.g. users often interpreted a card intended to change the lamp to a “brighter red,”

mapping to brightness up, as “more red,” mapping to hue up). In these cases, the

system acted correctly according to the user’s input, but incorrectly according to

the ground truth for the task. Other errors arose due to problems with the input

trigger, i.e. starting and stopping the trigger too early or too late. This led to some

voice inputs being accidentally cut off or omitted, or gesture recordings containing

additional motions that were not strictly part of the meaningful gesture. All of these

are limitations of our system’s interaction paradigm and our study design.

Despite promising results for our fusion system itself, offline validation captures only

the first pass of a system designed around iterative clarification, and the disambigua-

tion study that follows evaluates the full interactive experience of the system.
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7.3 Disambiguation Comparison

For each of the four target and four action disambiguation modes, participants rated

their experience on two five-point scales: ease of disambiguation (1 = difficult,

5 = easy) and level of control (1 = low, 5 = high). We also collected open-

ended feedback on which modes felt frustrating or unclear, and asked participants

to identify their preferred mode overall. Across all modes, participants succeeded in

their disambiguation interaction on the first try (i.e. the system resolved to an intent

after one input) in 53 of 64 trials (82.8%), and all participants eventually got the

system to resolve on all trials following subsequent attempts.

7.3.1 Target Disambiguation

For target disambiguation, 5 of 8 participants preferred audio only, with a mean

ease of disambiguation score of 4.9 (see Figure 7.1). In this mode, all participants

successfully disambiguated after the first attempt. Despite the mode surfacing no

additional information to facilitate disambiguation, users appreciated not having to

interact with additional UI elements. Most participants clarified the specific referent

by identifying its color via voice, saying it was the most immediately obvious attribute

of the book to distinguish it. Others used its position in the set (e.g. “the fourth

one”), with P1 even performing a four-finger gesture simultaneously. However, par-

ticipants also noted that this was only easy because the books were already visually

distinguishable (e.g. via color), and they were skeptical that an approach like this

would work at scale.

Results were almost identical between the attribute labels (i.e. color labels) and

index tags modes. For both of these modes, all participants successfully disam-

biguated after the first attempt. We separated these conditions because we wanted
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Figure 7.1: Ease of disambiguation (left) and level of control (right) ratings across
target disambiguation modes.

to determine whether surfacing an existing attribute (color) would have a different

effect than surfacing a new identifier (an index number). The two conditions had

roughly the same effect. Because each of these essentially served the same function

in uniquely identifying each of the books, it followed that users perceived the interac-

tions in the same way, just with a different identifier. It is worth noting, however, that

surfacing a new identifier would likely outperform surfacing an existing attribute in

a case where the objects have no distinguishable attributes intrinsic to them. Every

one of our participants spoke the name of the presented identifier in order to disam-

biguate. Some users, such as P5, did not like how these modes essentially forced a

specific disambiguation strategy on them, wishing they could decide for themselves

how to identify the books rather than conforming to the presented visual identifier.

The most controversial mode was visual pointer mode, which received a mean ease

of disambiguation score of 3.4 (SD = 1.5), as users felt it introduced unnecessary UI

complexity without providing any additional useful information. Only 5 of 8 partic-

ipants successfully disambiguated after the first attempt. P3 said it was frustrating

46



to interpret a foreign UI system instead of expressing the book’s identity directly via

voice. Interestingly, the disambiguation strategy elicited by this mode was different

among participants: some believed the system was encouraging them to point at

the intended referent (which did not resolve since the books were too close together

spatially and pointing is imprecise), while others verbally identified the order of the

pointer in the set (e.g. “the fourth one” or “the second from the right”), and still

others simply identified the book’s color, as before.

7.3.2 Action Disambiguation

For action disambiguation, 5 of 8 participants preferred the visual button menu,

reaching a mean ease of disambiguation score of 4.8 (see Figure 7.2). All participants

immediately understood the raycast interaction and successfully disambiguated after

the first attempt. Participants liked the button menu because it reminded them

of interfaces that were familiar to them, as the Meta Quest’s raycast selection was

intuitive and natural to some, but also simply because it resembled a clear menu from

which you could select a single button (some even compared the visual display to a

Wii interface). The only downside to the button menu was its large size, as several

participants mentioned it obscured the referent object (the lamp).

As with target disambiguation, users also rated the audio mode highly, since it felt

most natural to respond to a spoken prompt with speech, and all participants success-

fully disambiguated after the first attempt. The text mode, which communicated the

exact same information but visually rather than audibly, was slightly lower in score

than audio, with 6 of 8 users successfully disambiguating after the first attempt. Users

responded to the audio mode with voice every time, saying that it was more intuitive

to respond to speech with more speech. For the text mode, most users responded

with voice, but some tried other things first (P6 tried ASL again), and generally felt
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Figure 7.2: Ease of disambiguation (left) and level of control (right) ratings across
action disambiguation modes.

the text display did not suggest a clear response modality. P5 felt the text prompt

resembled an error message, and P1, P3, P4, and P8 explicitly noted they would

prefer listening to audio over reading text. P7, on the other hand, said they preferred

text because the audio dictation took too long and felt robotic.

Finally, most participants found it difficult to interact with the spatial targetsmode,

with a mean ease of disambiguation score of 3.6. Only 2 of 8 participants successfully

disambiguated after the first input attempt. This was the most novel mode, using

gaze dwell as the primary interaction mechanism, which proved to be unintuitive to

users upon first interaction. Some understandably thought the targets functioned

as physical buttons they were meant to press or touch (similar to the button menu

mode) and expected the raycast visual to appear. Most participants noticed the

targets increase in size and become greener, but only 2 participants understood that

gaze was the mechanism that caused the effect. However, all participants eventually

did select the correct action, albeit with some delay, mainly because their attempts

at interacting with the targets via other means caused them to inadvertently gaze
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toward them, registering an input signal despite most participants not understanding

the mechanism. This suggests that gaze dwell is not an intuitive interaction method

without explicit instruction, but still raises the question of whether gaze-based spatial

targets could be viable disambiguation methods if prior instructions were given.

7.4 Design Takeaways

Based on the results of our comparative study, we identify several patterns that can

inform disambiguation designs going forward.

First, the uncertainty modality influences the response modality. Participants nat-

urally responded to audio messages with voice inputs, but were more hesitant to

speak when confronted with visual information. The visual modes tended to facili-

tate gestures, with users naturally reaching to point to visual elements (especially in

the pointer target disambiguation mode), despite the imprecision of pointing mak-

ing the referent unresolvable. This was also seen in action disambiguation, as all

users immediately understood to press the buttons in the menu via raycast, but at-

tempted to point or gesture toward the spatial targets, which failed to resolve due to

the imprecision of pointing and the close spatial proximity of the actions. The gap

between what a mode suggests and what it actually supports directly affected user

satisfaction. Broadly, any disambiguation mode that implies a strategy that it cannot

actually deliver will cause frustration.

Another major takeaway is that memory and familiarity play a role in what users like

best. Multiple participants expressed that the button menu felt intuitive and obvious

because it resembled traditional interfaces that they were already used to, and that

the audio modes were unambiguous and direct. Conversely, the gaze-based spatial

targets performed much more poorly due to their unfamiliar interaction paradigm.
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New interaction types like this require onboarding before being useful. Given explicit

instructions or even customization, it may be possible to design even better disam-

biguation methods that specifically make use of muscle memory rather than assuming

no prior use.

Finally, participants were largely split on one major design choice: how much the

audio or visual mode restricted the available disambiguation strategies. Some users

preferred the system specifying exactly one identifier or explicitly asking for clarifica-

tion rather than being more flexible and open to interpretation. P2, P4, and P8 noted

that modes like index tags, which restricted response options by directly labeling tar-

gets, made the expected action clear and unambiguous. P5 liked that the button

menu especially felt like it “stopped” them before proceeding to ensure it understood

their intent. However, P5 also noted that the color labels put pressure on them

to figure out the system’s logic rather than expressing intent naturally. P3 and P7

disliked having to interpret arbitrary UI choices and map them mentally to their in-

tended function, rather than expressing their intent in their own words. In summary,

forced disambiguation reduces cognitive load for users who find open-ended response

ambiguous, but reduces perceived agency for users who prefer expressive freedom.

The optimal system would be able to do both: offer structured, unambiguous options

while also accepting free-form responses.
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Chapter 8

Applications

At a high level, our system allows a user to provide imprecise multimodal inputs

to trigger a specific action associated with an object in their environment, and dis-

ambiguate between objects and actions to remedy that imprecision. This problem

framing has a range of applications, from smart home interaction to robotics and

more. In this chapter, we explore the design space of agents acting in the physical

world by identifying three main categories of application that would benefit from a

multimodal fusion system with user-in-the-loop disambiguation techniques: embed-

ded agents, embodied agents, and disembodied agents.

Crucially, the disambiguation interaction design is invariant across all three categories,

as candidates can be surfaced spatially in AR and resolved through the same mul-

timodal inputs regardless of whether the executing agent is embedded in an object,

embodied in a robot, or disembodied in a virtual assistant. In each case, we define

the agent category, describe how our system maps onto it, and show examples of how

this might work in the real world. This paradigm for user-in-the-loop disambiguation

of agent actions stands as a great addition to existing HRI and HAI frameworks.
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8.1 Embedded Agents

The primary use case for the system that we have explored so far in this thesis is

smart home control, which we will broadly classify as embedded agents : computation

built into physical objects. This is the natural application for the problem because

our model of objects and afforded actions maps naturally onto the specific intents

afforded by smart home objects. The target–action pair is simply an IoT device and

a specific affordance for the device to execute. In other words, the computation lives

in the object and the manipulation is done by the object.

(a) (b)

Figure 8.1: (a) Target disambiguation between lamps using numerical tags. (b) Action
disambiguation for a robot vacuum.

We explore embedded agent examples in depth in our action selection scenario in Sec-

tion 5.4 and our elicitation study in Section 6.1, which make use of a smart lamp and

a smart speaker, each with a variety of actions. Shown in Figure 8.1 are two more

examples of embedded agents using our system, including a target disambiguation

between two identical lamps, and an action disambiguation for a robot vacuum.1 On

1A robot vacuum is technically an embodied agent because it moves around and cleans the floor,
but by our definition it is also embedded. This is because the user commands the device itself rather
than directing it to act on a separate passive object, as is the case for the robot in Section 8.2.
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the left (a), the user spoke, “turn on the lamp,” leading to an ambiguous referent,

activating target disambiguation. The user could disambiguate by speaking the num-

ber or performing an iconic number gesture. On the right (b), the user waved at the

vacuum, but the action was ambiguous between dock and clean. Here, the user could

disambiguate by gazing or pointing at the intended action.

8.2 Embodied Agents

Our system naturally extends from embedded agents into the realm of embodied agents

(i.e. robots): agents with a physical presence in the world that can manipulate it.

Instead of specific actions being afforded by objects, a robot performs specific actions

on or to the objects. In this case, the target–action pair is an object to interact with

and a task for the robot to accomplish using it. This is distinct from the embedded

case because here, an external agent (i.e. the robot) is the one actually executing the

task, rather than the object itself. In other words, the computation is separated from

the object of interest and so the manipulation is done by an external agent.

(a) (b)

Figure 8.2: (a) Target disambiguation between LEGO bricks using colored markers.
(b) Action disambiguation between robot tasks involving a coffee cup.

As household robots become more capable, users will need to direct them through

natural and imprecise multimodal cues like pointing, gesturing, and speaking, rather
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than through predefined commands or controllers. Prior work has established frame-

works for detecting when robot commands are ambiguous (Ren et al., 2023; Park

et al., 2024) and generating clarifying questions via language. Our system comple-

ments this by providing the interaction design for how that clarification is sought,

surfacing candidate interpretations visually in AR and enabling intent resolution.

This treats disambiguation not as a failure, but as a natural artifact of imprecision.

Figure 8.2 shows how robot task disambiguation might look in practice2, including

tasks involving LEGO bricks and a coffee cup. On the left (a), the user spoke, “pick

up the brick,” leading to an ambiguous referent. In this case, the system encouraged

the user to disambiguate by speaking the color of the brick. On the right (b), the user

pointed at the cup, prompting action disambiguation among the robot’s four possible

actions for the cup: pick up, fill up, put away, and bring to me. The user could gaze

or point to disambiguate. Notice again that these are actions the robot performs in

relation to the cup, not actions done by the cup itself.

8.3 Disembodied Agents

Finally, our system extends to disembodied agents : virtual agents that can perceive

the physical world and respond informationally, but cannot physically manipulate it.

Unlike smart home devices or robots, a disembodied agent leaves the world unchanged,

as it only reasons and responds. In this case, the target–action pair is a referent object

and some information from the virtual agent about that object.

A system like ours might be useful in this category for smart glasses, for instance,

so that users could ask a built-in AI assistant questions about specific things they

2These figures were created by running the system in a simulated environment with a robot
present in the scene; the system was not actually connected to or controlling the robot.
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see in the world around them. The agent would disambiguate targets in AR to de-

termine what object the user is referring to, and disambiguate actions to determine

what the user would like to know or accomplish with that object. Systems like Gaze-

PointAR (Lee et al., 2024) already demonstrate this pattern, using gaze and pointing

to disambiguate pronoun references so that an AI assistant can answer questions.

(a) (b)

Figure 8.3: (a) Target disambiguation between books using basic pointers. (b) Action
disambiguation between AI assistant responses involving a plant.

The book disambiguation task from Section 5.3 is an example of a disembodied agent.

Figure 8.3 shows the book setup again for target disambiguation, along with a plant

for action disambiguation. Notice that neither of these scenes contains “smart” or

interactive objects, nor is there a robot in the scene to manipulate them. Both cases

involve the user referencing a physical object while invoking a virtual agent. On the

left (a), the user spoke, “what was the title of that book?” once again leading to

an ambiguous referent and activating target disambiguation. The user is meant to

disambiguate using an intrinsic attribute of the book, such as color, size, or relative

position. On the right (b), the user pointed at the plant, but gave no indication

of the intended action, leading to action disambiguation between the virtual agent’s

three plant-related actions: identify, water schedule, and care instructions. Here, once

again, the user can disambiguate by gazing or pointing at the intended action.
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Chapter 9

Conclusion

We built a multimodal fusion system that accepts gaze, voice, and gesture input

in AR, uses a Dynamic Bayesian Network to predict the most likely target–action

pair, and triggers user-in-the-loop disambiguation in cases of uncertainty. Our results

indicate that multimodal inputs are intuitive and preferred, and that users favor

simple, familiar disambiguation interactions such as audio for targets and a visual

button menu for actions, while novel paradigms like gaze-based mechanisms are harder

to understand. We observed that the modality used to surface uncertainty influenced

how users responded: audio prompts naturally elicited voice responses, while visual

displays tended to encourage gesture or pointing attempts. Finally, we identified a

fundamental tension between how much control users want over their disambiguation

strategy and how much the system should handle on their behalf.

The most significant limitation was the absence of free-form gesture recognition, which

limited the system to a predefined vocabulary and left open gesture inputs unrecog-

nized. Gaze inputs were also limited by the capabilities of the Meta Quest, which

does not support eye tracking, so we approximated gaze using head position. Our
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study was limited to 8 participants, and a larger sample size might have uncovered

clearer trends or additional nuances. The setup itself was also constrained to a lamp,

a speaker, and some books, and the specific tasks presented limit generalizability to

more complex or varied environments. Lastly, the fusion validation was conducted

offline, without the interactive disambiguation loop that characterizes real use.

Future work should address each of these limitations. Fully integrating an open

gesture recognition pipeline would replace the heuristic vocabulary and enable free-

form input. Integrating true eye gaze tracking would enable more precise selection.

A larger user study across more varied environments would surface clearer trends and

improve generalizability. Further evaluation across the application scenarios outlined

in Chapter 8, particularly robotic control, would also be beneficial. In addition, future

work may take into account the role of memory and learning effects in disambiguation

modes, to determine if other modes besides the ones users preferred in our study

could actually be better given a baseline muscle memory. Beyond addressing these

limitations, several extensions would further enrich the system. For instance, a reset

capability would allow users to restart disambiguation if the candidate set is wrong,

and an undo capability would allow them to reverse a completed action. Finally,

systems should model risk across actions, weighting predictions by consequence and

requiring explicit confirmation for high-stakes operations.

Overall, we find that disambiguation is a natural and intuitive part of multimodal

AR interaction, and well-designed audio and visual feedback mechanisms can make

clarification feel effortless. We hope this work provides a foundation for that design

space, where users can resolve their intent with a bit of clarification .
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