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ABSTRACT

Uh, Actually: Grunt Acts as Grounding Contributions in Multimodal Dialogue

A dissertation presented to the Faculty of Brandeis University
Waltham, Massachusetts

By Richard Brutti

This dissertation argues that non-lexical communicative acts and actions are first-class

contributions to the common ground in multimodal dialogue. There is more than oh going

on. The acknowledging minimal vocalizations, conversational grunts like oh, mm-hm, and

uh-huh, are among the primary signals through which grounding occurs in co-situated in-

teraction. Despite their frequent appearance, these phenomena are systematically excluded

from computational models of dialogue, which assume that the propositional content of

an interaction is carried by its lexical content. This dissertation develops the formal and

empirical steps to update that assumption.

The dominant frameworks in dialogue modeling reflect this assumption in concrete ways.

Dialogue state tracking systems represent information state as slot-value pairs populated

by utterances. Meaning representation frameworks were designed for written sentences,

and while their extensions can handle speech acts, they have no principled account of non-

lexical modalities. Automatic speech recognition (ASR) systems explicitly filter out the

vocalizations that are most communicatively relevant: OpenAI’s Whisper removes hmm, mm,

mhm, uh, and um as a matter of policy. BERT has been shown to use similar representations

for sentences that have similar meaning with or without so-called disfluencies. Large language

models are pre-trained predominantly on written text, and written language conventions

actively suppress the non-lexical vocalizations that are ubiquitous in speech. The result is

that the signals that most directly encode grounding in situated dialogue are invisible to the

systems designed to model it.

The first contribution is Gesture AMR (GAMR), an extension of Abstract Meaning
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Representation that captures the semantic content of gesture through a taxonomy of gesture

act relations. GAMR is realized in an annotated corpus of multimodal speech and gesture.

The theoretical result established by this work is foundational: non-lexical communicative

acts have representable propositional content, and the formal machinery for capturing that

content can be extended beyond gesture to other non-lexical modalities.

The scaffolding for the grunt analysis is developed through collaborative work. The

Weights Task Dataset, a multimodal corpus of collaborative problem-solving, provides the

primary empirical resource for the dissertation and was designed specifically to elicit genuine

multimodal communication in a co-situated, shared physical environment. The Common

Ground Tracking (CGT) framework operationalizes multimodal common ground formally

as a dynamic structure of questions under discussion, evidenced propositions, and accepted

facts, updated by dialogue moves whose formal semantics are specified using Evidence-Based

Dynamic Epistemic Logic (EB-DEL).

The second major contribution is a systematic annotation and formal model of grunts

as grounding contributions. Drawing on approximately three hours of collaborative task

interaction, an annotation scheme is presented that captures grunt tokens, their conversa-

tional triggers, and their dialogue act functions. The central finding is that grunts respond

to speech and observable events at nearly equal rates, demonstrating that non-verbal events

function as conversational contributions on par with utterances. Grunts are formalized as

operations within EB-DEL that promote evidenced propositions to accepted facts in the

common ground.

The third contribution is a prosodic analysis showing that token selection is the primary

signal of grounding source, with prosody operating as a secondary channel. Population-

level acoustic differences are largely absorbed by token identity, but where the token is held

constant, in standalone oh in the Portal corpus, event-following productions are significantly

higher and wider in pitch than speech-following ones. This is exploratory evidence that

speakers can modulate acoustics to signal what is being grounded.
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The fourth contribution extends the analysis to the structural dimension of turn position.

Using a four-way positional typology (standalone, turn-initial, turn-medial, turn-final) anno-

tated across all three corpora, position is shown to align with the same functional grouping

found in the token and acoustic analyses acknowledgment tokens such as mm-hm are al-

most always standalone complete turns, while such as oh are predominantly turn openers.

In the Weights Task, along with a furniture assembly collaborative video (Glider), position

also tracks grounding source; speech-following grunts tend to stand alone as complete turns,

while event-following grunts disproportionately open turns. In the faster-paced Portal, this

positional contrast flattens somewhat. Across all three encoding channels, the speech–event

distinction is found to be marked redundantly rather than carried by any single feature.

The Portal Dialogue Corpus, a structurally distinct virtual collaborative setting, serves

as a test of generalization. Grunts are used differently to ground speech versus observable

events across all three corpora, while their surface realization is likely shaped by the task.

Taken together, this dissertation demonstrates that a complete account of grounding in

multimodal dialogue must bring these small sounds into the formal and evidential picture.

The grunt work, it turns out, is doing quite a lot.
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1 INTRODUCTION

Consider two people putting together a piece of flat-pack furniture. The first tightens a bolt,

then the second responds mm-hm. The first turns the page of the instruction booklet and

the task continues immediately, without further verbal confirmation and without explicit

acknowledgment of what was accomplished. This minimal vocalization (non-lexical, non-

propositional, and lasting a fraction of a second) has done real communicative work. It

signals that the completed action has been perceived, integrated, and accepted as part of

the shared record of the interaction between the two assemblers. The participants are able

to proceed with the subsequent coordinated action (no matter what the Swedish cartoon

instructions describe next), not because one spoke, but because one grunted.

This dissertation is about non-verbal communication, especially grunts, and how they

contribute to the common ground as grounding acts between participants in a multimodal

interaction 1.

Before proceeding, I want to clarify what this dissertation means by the term grunt. I

focus the study on English spoken in the United States of America. These sounds have been

studied under a variety of names: backchannels, filled pauses, disfluencies, interjections,

paraverbals, hesitation markers, and planning signals to name a few. I largely follow Ward

(2006) by treating conversational grunts as intentional non-lexical vocalizations that occur in

the stream of speech and have systematic sound-meaning correspondence. Common examples

include oh, mm-hm, uh-huh, and hm. Less common forms like oof and ooh are also in scope.

I also follow Wilkins (1992) who treats them as propositional acts with goals. Like Ward

(2006), I use grunt as a cover term. Sighs, laughs, clicks, as well as more lexicalized forms

like ok and yeah are out of scope. Sighs and clicks are made during speech but typically

use a different group of sounds and methods than speech (Ogden 2013). Yeah and ok were

included in early drafts of the annotation scheme, but proved to be extremely common in

the data, vastly outnumbering the other tokens. Also, these are more conventional lexemes.

1I looked for an etymological link between grunt and ground. There is not one as far as I could tell
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The grunt tokens that I analyze sit between these two groups in a sense: more word-like

than clicks and sighs, but less lexicalized than yep and okay. I use token throughout for the

recurring vocalization form in a descriptive sense, without claiming that they have full word

status.

1.0.1 What are grunts?

Mentioning this topic often brings to mind apes, babies, and early humans, but the grunts

studied here are made by fluent adult human speakers in ordinary conversation. Non-lexical

vocalizations have a long and varied descriptive history. They attract scholarly attention

from a wide range of perspectives, and popular interest (Erard 2008). They go by various

names, such as interjections, paraverbals, and non-lexical vocalizations and can be treated

everywhere from disfluencies to words in their own right. Clark and Fox Tree (2002) argue

that uh and um are purposeful and distinct studies. Yngve (1970) introduced the term

backchannel for a listener’s vocal feedback, and Ward (2006) argues that there are distinct

meanings associated to different grunt tokens. Work on discourse structure considers a wider

class of discourse markers that impact conversational segmentation and coherence (Schiffrin

1987).

The tradition of Conversation Analysis treats these tokens as critical to the interaction

between speakers (Sacks, Schegloff, and Jefferson 1974). Schegloff (1982) treats uh-huh and

mm-hm as continuers that allow the main speaker to maintain the floor. Heritage (1984)

analyzes oh as marking a shift in the speaker’s state of knowledge, and Gardner (2001) has

a fuller account of response tokens and their roles. Keevallik (2014) extends this tradition to

the body, showing that non-lexical vocalizations can coordinate with a speaker’s own bodily

conduct.

There is also a traditional of analysis on non-lexical objects that I draw outside the circle

of grunts. Sighs (Hoey 2014), sniffs (Hoey 2020), and clicks (M. Wright 2011; Ogden 2013)

help organize conversation but fall outside of speech.
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A computational and formal strand models these phenomena more explicitly. Gravano

and Hirschberg (2011) identify prosodic and lexical backchannel-inviting cues in task-oriented

dialogue, and Hunter, Asher, and Lascarides (2018) give a formal semantics for situated con-

versation, in which non-linguistic events enter the discourse. Neither models the grounding

relation as one whose antecedent may be either speech or an observable event, which this

dissertation makes central.

1.1 The Challenge with Verbal-only Dialogue Models

Sophisticated language technologies have made progress toward modeling human dialogue

over the course of this project. Large language models (LLMs) generate responses to complex

prompts; dialogue state tracking (DST) can maintain user intents across several conversa-

tional turns; automatic speech recognition (ASR) can achieve near-human performance under

the right conditions. Yet all of these advances share a common untenable assumption that

the propositional content of a dialogue is carried only by its lexical content.

This assumption manifests in several ways. LLMs are predominantly used in text chat

formats, despite advances in coding and multimodal LLM capabilities. Dialogue State Track-

ing (DST) frameworks (Budzianowski et al. 2018; Henderson, Thomson, and Young 2014)

represent information state as a structure of slot-value pairs populated by text input from a

chat interface. Budzianowski et al. (2018) uses a text interface, and the system described in

Henderson, Thomson, and Young (2014) focus solely on the slot-filling values that come from

the speech recognition layer. Meaning representation frameworks such as Abstract Meaning

Representation (AMR) (Banarescu et al. 2013) were designed to capture the propositional

content of written sentences. Extensions to AMR for dialogue (Bonial et al. 2020) handle

illocutionary force and speech acts, but have no principled account of non-lexical modali-

ties. ASR systems, such as OpenAI’s Whisper, are commonly trained to filter out or drop

“disfluency” tokens (Radford et al. 2023). In their Text Standardization section, the authors

explain:

3



We perform the following steps to normalize English texts in different styles into
a standardized form, which is a best-effort attempt to penalize only when a word
error is caused by actually mistranscribing a word, and not by formatting or
punctuation differences. [. . . ] 3. Remove any of the following words: hmm, mm,

mhm, mmm, uh, um

As discussed in Erker and Vidal-Covas (2022), removing “filler words” is a selling point

for commercial ASR and audio editing suites such as Otter.ai 2 and Descript 3. BERT

(Devlin et al. 2019) has been shown to use close underlying representations when semantically

similar sentences are presented with or without a so-called disfluency (Tian et al. 2021). The

same impulse appears in popular communication advice, where removing filled pauses and

other non-lexical sounds might even improve your life (Hoeppner 2025). Recent theoretical

work in super linguistics has argued for a unified treatment of linguistic and paralinguistic

phenomena under a single analytical framework based in linguistic concepts (Patel-Grosz

et al. 2023). Some of my and our prior work has begun to address the representational

challenge of multimodality by extending Universal Meaning Representation (UMR) (Van

Gysel et al. 2021) to situate multiple communicative channels, namely speech and gesture

(Lai, Brutti, et al. 2021). Prior schemes have tended to annotate modalities separately rather

than treating their interactions with each other as a means of emergent meaning, such as

BML (Kopp, Krenn, et al. 2006).

The framework underlying these systems assumes that communication is fundamentally

linguistic, and leads to a mischaracterization of how meaning is negotiated and constructed

in human interaction. Human-computer interaction (HCI) and human-robot interaction

(HRI) involve communicating intentions, goals, and attitudes through multiple modalities

beyond language, including gesture, gaze, and prosodic manipulation. As systems become

more advanced, there are increasing expectations that they will approximate interacting with

other humans. In situated, co-present dialogue, participants gesture, interact with shared

objects in their environment, and observe actions and their results, in addition to speaking

2https://otter.ai/
3https://www.descript.com/
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(Pustejovsky and Krishnaswamy 2021). They acknowledge all of these modalities by minimal

vocalizations whose systematic properties are commonly omitted from computational models

of language.

This dissertation argues that non-lexical communicative acts are primary contributions

to the common ground (Clark and Brennan 1991; Brennan and Hanna 2009). In addition,

I argue that they can be formally represented and characterized, and that by analyzing

their systematic properties, we can learn how grounding works and how information flows

in multimodal interaction.

1.2 Grounding, Common Ground, and the Multimodal Challenge

The concept of common ground has roots in the philosophy of language. Successful commu-

nication between participants depends on more than the propositional and semantic content

of the spoken utterances. Speakers and hearers rely on shared assumptions about their en-

vironment, cooperation, and intent (Grice 1975; Asher and Gillies 2003; Clark and Brennan

1991; Stalnaker 2002). In formalized versions of this notion for HCI and Human-Human

Interaction (HHI), the common ground is treated as a set of propositions presupposed by

participants (Traum 1995; Markowska et al. n.d.; Krishnaswamy and Pustejovsky 2019).

Other computational approaches to discourse have analyzed task-oriented dialogues in

which participants share physical goals. Grosz and Sidner (1986) propose that discourse

structure is organized around the interplay of three components: the linguistic structure, the

intentional structure, and the attentional structure. The attentional state is a representation

of the relevant entities, properties, and relations available to the participants, and is updated

as the interaction progresses. It is managed through a stack data structure that tracks which

entities are available for reference at a given point in the interaction. This account of shared

attention is very relevant to situated dialogue, where what the participants can see and touch

is as relevant to their shared context as to what they are talking about.

Formal models of dialogue have evolved these foundations into accounts of how the in-
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formation state evolves over the course of an interaction (Traum and Larsson 2003; Farkas

and Bruce 2010; Ginzburg 2012). The formal models take different approaches, but share

an underlying approach of tracking what is mutually known, what is under discussion, and

how communication acts move propositions and information from one epistemic belief state

to another.

Most formal accounts do not adequately address the range of modalities through which

grounding contributions are made. Many nod to other modalities but most formal methods

are speech-centric. Common ground contributions are utterances and the Common Ground

Structure (CGS) is filled with propositional utterances.

In situated interaction where participants are co-located, the environment itself con-

tributes information (Hunter, Asher, and Lascarides 2015; Hunter, Asher, and Lascarides

2018; Pustejovsky and Krishnaswamy 2021). When a scale fails to balance, the observable

outcome asserts a proposition about the relative weights of the blocks on it. When a furniture

assembly step is completed, the event constitutes evidence that the previous instruction was

correctly interpreted and executed. In previous work, we demonstrate that physical actions

in a multimodal dialogue can serve as antecedents to speech, update object locations in a

shared environment, and function as grounding contributions by extending AMR to account

for certain actions (Tam et al. 2023a).

This is relayed in a favorite example from my sons, observed at our kitchen table:

(1) B: “Can we play with your fire truck?”

N: thumbs-up gesture

J: “N. said ‘thumbs up’ !”

More broadly, non-verbal events require grounding just as verbal utterances do. The

furniture assemblers do not need to say “the dowel is in” for the information to enter their

common ground. The event itself becomes the proposition, and the grunt acknowledges it.

This dissertation takes the position that a complete account of multimodal communica-

tion must treat gesture, observable events, and minimal vocalizations as first-class partic-
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ipants in the grounding process. They are not peripheral phenomena, but communicative

acts with representable content, functional properties, and a place in the formal setup of

dialogue.

1.3 Contributions

This dissertation makes four interconnected contributions toward a theory of non-lexical acts

in multimodal interaction.

The first is a framework and annotation scheme for representing the semantic content

of gesture. Existing meaning representations, including AMR, were designed to capture the

propositional content of written language, and have no extension to non-speech modalities.

Along with colleagues, Gesture AMR (GAMR) was developed. It is an extension of AMR

that captures the meaning of content-bearing gestures through a taxonomy of gesture act re-

lations (Brutti, Donatelli, et al. 2022). Gesture act relations (deictic, iconic, metaphoric, and

emblematic) are embedded in a predicate-argument structure compatible with other exist-

ing AMR extensions (Bonial et al. 2020; O’Gorman et al. 2018). This framework is realized

in an annotated corpus of multimodal speech and GAMR (Lai, Brutti, et al. 2024), and

demonstrates that non-lexical communicative acts have representable propositional content.

The theoretical premise of this work is foundational to the rest of the dissertation; it estab-

lishes that non-lexical acts can be brought within the scope of formal meaning representation

languages, which inspires and licenses the treatment of grunts in future chapters.

The second is a systematic annotation and formal model of grunts as communicative acts

and grounding contributions. Drawing on collaborative task interaction from the Weights

Task Dataset (Khebour, Brutti, et al. 2024) and the Glider video (Sidner 2025), I present

an annotation scheme that captures grunt tokens, their antecedents (speech and observable

events), and their dialogue act functions. The distributional analysis reveals that grunts

respond to speech and observable events at nearly equal rates, demonstrating that non-

verbal events function as conversational contributions on par with utterances (Brutti and
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Pustejovsky 2026a). This includes a formalization of how grunts update the common ground

using Evidence-Based Dynamic Epistemic Logic (EB-DEL) (Benthem, Fernández-Duque,

and Pacuit 2014; Pacuit 2017), treating grunts as operations that promote evidence to

accepted fact within the Common Ground Structure.

The third contribution is an acoustic characterization of the functional specialization

encoded in grunt form. Through prosodic analysis of nearly 500 annotated grunts (Brutti

and Pustejovsky 2026b), I show that token selection is the primary signal of grounding

source: backchannels such as mm-hm predominantly acknowledge speech contributions, while

reactive tokens such as oh and ooh preferentially follow observed events. Prosody operates as

a secondary channel layered on top of this lexical choice. Population-level prosodic differences

between speech- and event-following grunts are largely absorbed by token identity, but in

additional analysis, where the token is held constant the modulation becomes visible: in

standalone oh tokens, event-following productions carry substantially higher F0 and a wider

pitch range than speech-following ones (Chapter 5). These findings show that the information

encoded in a grunt is not only in its token; speakers can systematically modulate acoustics

to signal what type of information is being grounded.

The fourth contribution is an analysis of grunt position within turns. Grunts that occur

as standalone turns, at the initiation of a speaker turn, in the middle of a turn, or at

a turn’s conclusion occupy structurally distinct positions that reflect distinct grounding

functions. Using a four-way typology (standalone, turn-initial, turn-middle, turn-

final) annotated in ELAN across the Weights Task Dataset, Glider video, and the Portal

Dialogue Corpus (Tomlin et al. 2025), I show that position is strongly associated with token

identity. Portal’s per-speaker audio, which the single-microphone recordings of the other

corpora cannot support, further enables prosodic analysis of turn-initial grunts (Chapter 7).

1.4 Organization

The remainder of this dissertation is organized as follows.
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Chapter 2 presents Gesture AMR. GAMR and its related work presents the challenge of

extending meaning representations to non-speech-based modalities, develops the gesture act

taxonomy and formal specification, and presents the Multimodal AMR corpus (Lai, Brutti,

et al. 2024) which is built on top of the EGGNOG dataset (Wang et al. 2017). This chapter

closes by drawing out the theoretical implication that grounds subsequent chapters, namely

that non-lexical communicative acts can carry representable propositional content.

Chapter 3 develops the theory behind the grunt analysis. I present three supporting

works to which I contributed that collectively motivate the central claim: the Common

Ground Tracking framework and its operationalization of the QBank/EBank/FBank struc-

ture (Khebour, Lai, et al. 2024); the Weights Task Dataset (Khebour, Brutti, et al. 2024);

and a formal model of information state in situated dialogue that integrates speech and

gestural grounding (Lai, Donatelli, et al. 2025). I close with an account of what a complete

theory of grunt grounding requires, motivating the remaining chapters.

Chapter 4 presents the core contribution with the annotation scheme for grunts and

gruntables, the EB-DEL formal model of grunt-driven common ground updates, and the

distributional findings establishing that observable events function as propositional contri-

butions at rates comparable to speech.

Chapter 5 presents the prosodic analysis. I report acoustic findings on token specializa-

tion by antecedent type and prosodic variation by dialogue act function, and discuss their

implications for theories of grounding and cognitive processing in co-situated interaction.

Chapter 6 recreates the distributional and prosodic analysis on a new data set, the Portal

Dialogue Corpus (Tomlin et al. 2025). I repeat the analysis from Chapter 5, and add an

additional analysis of lexical entrainment between participants over the pre-annotated Portal

corpus.

Chapter 7 presents a supplement to the original grunt annotation scheme, looking at the

position of the grunt token within the context of a longer utterance.

Chapter 8 synthesizes the dissertation’s contributions, situates them within broader work
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on multimodal dialogue and meaning representation, and outlines directions for future re-

search.
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2 REPRESENTING NON-LEXICAL ACTS: GESTURE AMR

Meaning representations are a central tool in natural language processing, providing struc-

tured accounts of sentence meaning that support human annotation, automatic parsing, and

downstream inference. Abstract Meaning Representation (AMR) (Banarescu et al. 2013) is

among the most widely adopted. It is a graph-based formalism that expresses the proposi-

tional content of a sentence in terms of its predicate-argument structure. An AMR for the

English sentence Put that piece there is shown in Example 2:

(2) Put that piece there.

(p / put-01

:mode imperative

:ARG0 (y / you)

:ARG1 (p / piece

:mod (t / that))

:ARG2 (t2 / there))

This representation captures the basic predicate-argument structure of the spoken com-

mand: an implicit addressee (you) is instructed to move a specific item (that piece) to a

specified location (there). What it does not capture is the gesture that typically accom-

panies an utterance like this in situated interaction, likely a pointing gesture that specifies

exactly which piece and where it should go. The propositional content of the utterance is in-

complete without the gesture; the gesture is incomplete without the utterance. Yet AMR, as

designed, provides no mechanism for representing either the semantic content of the gesture

or the alignment between the two modalities.

This chapter presents Gesture AMR (GAMR), an extension of AMR that addresses

this gap. I introduce the formal specification of GAMR, the gesture act taxonomy, and

present the annotated corpus of multimodal speech and GAMR. I demonstrate the theoretical

implication that motivates the rest of the work, that non-lexical communicative acts represent
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propositional content and that the methods can be extended beyond gesture to other non-

lexical modalities.

2.1 Gesture and Semantics

Gesture encompasses the visible bodily actions, particularly of the hands, that speakers pro-

duce as part of communicative behavior. Gesture research has established that co-speech

gesture is not merely supplemental; it carries semantic content, co-refers to discourse ob-

jects, and interacts with speech in systematic ways, across languages and cultures (Kendon

1997; McNeill 2008; Goldin-Meadow 2003; Gawne 2025). Additionally, gesture can convey

information that speech cannot, such as the manner of a motion, the shape of an object,

and the location of a referent. This information is ampliative to the accompanying utterance

(Lascarides and Stone 2009).

The theoretical situation of GAMR within the broader AMR extension landscape was

developed in Donatelli et al. (2022a), our companion to (Brutti, Donatelli, et al. 2022) that

places the work alongside Dialogue-AMR (Bonial et al. 2020), Spatial-AMR (Bonn et al.

2020), Multi-sentence AMR (O’Gorman et al. 2018), and UMR (Van Gysel et al. 2021).

Each of these extensions preserves AMR’s core structure while adding tools for their re-

spective use cases. GAMR adopts the same strategy for gesture. The companion paper

also develops the connection to the formal gesture semantics tradition (Lascarides and Stone

2009; Schlenker 2018; Lücking 2021) that treats co-speech gesture as contributing proposi-

tional content through systematic form-meaning correspondences, providing the theoretical

grounding for the gesture act taxonomy below.

Formal representation of gesture poses challenges that are unique from language. The

meaning of a gesture is determined holistically by its form, context and relationship to speech

and is not compositional from its individual components (McNeill 2008). One gesture can

accompany an entire utterance, and gesture components can be described in relation to

the producer’s body, as well as the nature of the movements. Like the person on a cell
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phone, gesturers gesture while communicating, whether or not they are co-situated with

their interlocutor.

Prior annotation schemes for gesture have addressed different aspects. Descriptive aspects

like hand shape, movement trajectory, location relative to body, and palm orientation are

addressed in schemes like (Rohrer et al. 2020; Kopp and Wachsmuth 2010; Kong et al.

2015). Other systems have proposed representations of gesture for conversational agents

(Kopp, Krenn, et al. 2006), with an additional interpretation layer. None of these encode

gesture meaning in a format that is compatible with speech representations. With schemas

like this, gesture and speech can be represented in parallel, but are not unified for easier

alignment and reasoning.

Gesture AMR was developed primarily using the EGGNOG corpus (Elicited Giant Gallery

of Naturally Occurring Gestures) (Wang et al. 2017), a dataset of paired participants work-

ing on a shared task, collected in a university setting. One person, the (actor), has a set of

wooden blocks, and the other, the (signaler), has a picture of a specific block arrangement

that they are trying to get the actor to reproduce. Examples below refer to blocks and

block-related predicates; I’ve continued playing with blocks long after my children moved on

from their own.

2.2 Gesture Act Taxonomy

Gesture AMR addresses these challenges by extending AMR’s predicate-argument structure

to gesture. The central design is that each GAMR is anchored by a gesture act (GA)

relation, analogous to the speech act relations of Dialogue-AMR (Bonial et al. 2020). The

GA identifies the gesture’s communicative function and provides the top-level node of the

representation. The taxonomy reflects established classifications in gesture literature (Ekman

and Friesen 1969; Mather 2005; McNeill 1992) and distinguishes four referential forms of

content-bearing gesture: deictic, emblematic, iconic, and metaphoric. Gesture AMR does

not physically describe the physical gesture shape, the movement or speed of the gesture.
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Additionally, Gesture AMR does not consider non-referential beat or rhythmic gestures.
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The general form of a Gesture AMR is as follows:

(3)

(g / [gesture]-GA

:ARG0 [gesturer]

:ARG1 [content]

:ARG2 [addressee])

ARG0 is the gesturer, ARG2 is the addressee, and ARG1 contains the semantic content of

the gesture, which varies by gesture type as described below.

2.2.1 Deictic Gesture (deixis-GA)

A deictic gesture refers to an object or location by pointing. The semantic content of a

deictic gesture is the pointed-to object or location, represented similarly to standard AMR.

An indicating gesture with one finger is treated semantically the same to a gesture that

might use the whole hand. A pointing gesture to a block on a scale is annotated as follows:

(4)

(d / deixis-GA

:ARG0 (g / gesturer)

:ARG1 (b / block)

:ARG2 (a / addressee))

2.2.2 Emblematic Gesture (emblem-GA)

An emblematic gesture has a meaning that is set by convention rather than by any physical

or metaphorical similarity between the gesture and its semantic content. In the US English

context, a thumbs up and a head nod both express similar semantic meaning, so their

gestures would be equivalent in GAMR in most cases. A head nod gesture, commonly used

in English-speaking contexts to express positive acknowledgment, is annotated as:

15



Figure 2.1: Deictic pointing gesture: leftmost participant points to a block on the scale.

(5)

(e / emblem-GA

:ARG0 (g / gesturer)

:ARG1 (y / yes)

:ARG2 (a / addressee))

(a) Head up (b) Head down

Figure 2.2: Emblematic nod gesture: leftmost participant moves head down and up to signal
affirmation to previous speech.

2.2.3 Iconic Gesture (icon-GA)

An iconic gesture depicts a concrete property of an object of action, like its shape, size, man-

ner of motion, or spatial relationship. Action predicates are drawn from PropBank (Palmer,

Gildea, and Kingsbury 2005), as in standard AMR. A two handed gesture mimicking the

balance scale is annotated as:
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(6)

(i / icon-GA

:ARG0 (g / gesturer)

:ARG1 (s / scale)

:ARG2 (a / addressee))

Figure 2.3: Iconic scale gesture: leftmost participant mimics a balance scale rightmost par-
ticipant attempts to weigh blocks in their hands.

2.2.4 Metaphoric Gesture (metaphor-GA)

A metaphoric gesture depicts an abstract property of a concept or idea, contrasting with an

iconic gesture. In our data, we observed a participant using both arms in an arc, encouraging

the actor to arrange the blocks like a “sound wave”. This is fittingly metaphoric, because

as the prosody chapter will show, actual sound waves don’t look like this.

(7)

(m / metaphor-GA

:ARG0 (g / gesturer)

:ARG1 (s / sound wave)

:ARG2 (a / addressee))
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(a) ”Sound wave”: hands closed (b) Hands moving apart

(c) Hands apart

Figure 2.4: EGGNOG participant explaining to arrange blocks in a shape like a ”sound
wave”.

2.2.5 Gesture Units and Coordinated Gestures

A single gesture can have multiple meaning components (Kendon 2004). When a gesturer

simultaneously outlines a square with their hands (depicting a block) and moves them down-

ward (depicting placement), both components are annotated and combined under a g /

gesture-unit node.

(8)

(g / gesture-unit

:op1 (i / icon-GA

:ARG0 (g2 / gesturer)

:ARG1 (b / block)

:ARG2 (a / addressee))

:op2 (d/ deixis-GA

:ARG0 g2

:ARG1 (l / location)
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:ARG2 a))

Coordinated gestures (independent gestures that occur simultaneously) should be con-

nected using (a / and). For example, if a signaler makes a pointing gesture with each

hand to two different locations, meaning “put a block here and put another block there”, we

consider this as two gestures made at the same time.

(9)

(a / and

:op1 (g / gesture-unit

:op1 (d / deixis-GA

:ARG0 (s / signaler)

:ARG1 (l / location)

:ARG2 (a2 / actor))

:op2 (i / icon-GA

:ARG0 s

:ARG1 (p / put-01)

:ARG2 a2))

:op2 (g2 / gesture-unit

:op1 (d2 / deixis-GA

:ARG0 s

:ARG1 (l2 / location)

:ARG2 a2)

:op2 (i2 / icon-GA

:ARG0 s

:ARG1 (p2 / put-01)

:ARG2 a2)))
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2.3 Alignment in GAMR

In multimodal communication, the same objects and events are frequently referenced in both

speech and gesture. Capturing the full meaning of a communicative act requires not only

representing the content of each modality separately but combining them into a single unified

representation that supports cross-modal coreference and joint reasoning.

Consider a speaker who says Put that block there while pointing first to a specific block

and then to a specific location. The full communicative act is represented as a single structure

in which both gesture and speech are arguments of a shared communicative act node:

(10)

(s1c / command-00

:ARG0 (g / gesturer)

:ARG1 (c2 / communicative-act

:gesture (d / deixis-GA

:ARG0 g

:ARG1 (b / block

:ARG1-of (b2 / blue-01))

:ARG2 (a / addressee))

:gesture (d2 / deixis-GA

:ARG0 g

:ARG1 (b3 / block

:ARG1-of (p / purple-02))

:ARG2 a)

:speech (p2 / put-01

:mode imperative

:ARG0 (y / you)

:ARG1 (b4 / block
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:mod (t / that))

:ARG2 (t2 / there))

:ARG2 a))

The :gesture and :speech roles are arguments of the same communicative act, placing

the two modalities on equal footing. Coreference relations then mark that that block in the

speech and the blue block pointed to in the first deictic gesture refer to the same entity, and

that there in the speech and the purple block pointed to in the second gesture refer to the

same location.

In the GAMR formalization, we encode the temporal relations between speech and ges-

ture. This approach adopts Interval Temporal Logic (ITL) (Allen 1983) as used in TimeML

(Pustejovsky, Lee, et al. 2010), but reduces the 13 relations to a coarser overlap (covering

ITL’s overlap and during, and their inverses). This builds on UMR (Van Gysel et al. 2021),

whose temporal markup derives from the dependencies in Y. Zhang and Xue (2018). The

formalism uses an AMR-native reentrancy to bind coreferent entities across modalities. For

example, the block being pointed to and “that block” are the same entity, as are the ges-

ture’s addressee and “you”. ”, an implicit argument of the speech. We mark that gesture

d temporally overlaps with “that”, d2 overlaps with “there”, and that d precedes d2. This

approach was formalized in the original GAMR paper, but was not operationalized for the

associated annotations.

GAMR is distinguished from prior annotation schemes that treat modalities separately:

by embedding speech and gesture as co-arguments of a single communicative act, GAMR

enables reasoning over their joint content rather than over each modality in isolation. The

co-argument alignment structure was described in more detail in Donatelli et al. (2022b).
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2.4 Encoding Gesture in Multimodal Dialogue: The Multimodal AMR Corpus

2.4.1 AMR and GAMR

The GAMR annotation scheme was carried out on the EGGNOG video data, described

above (Wang et al. 2017). The videos are approximately 1 minute each, and have natural

continuous communication between the actor and signaler as they are in different rooms

by connected by audio and video. The task-based nature of EGGNOG provides us with a

simple concrete task and limits the possible range of gestures from the participants, making

it very useful to develop the schema. However, it does not reflect a wide range of human

communication, and participants are limited to an English-speaking U.S. university setting.

The whole dataset contains over 300 videos, with annotations also including a physical

description of the motion. We selected 21 videos for annotation with GAMR (Lai, Brutti,

et al. 2024).

Annotation was first conducted in ELAN (Brugman and Russel 2004), with separate

tiers for speech AMRs and gesture AMRs. A team of five student annotators was trained

first on standard AMR, then on the GAMR schema. Each video was dually annotated and

adjudicated by expert annotators to produce a gold standard. We also provided annotators

with ASR transcripts as an ELAN tier. The annotators were responsible for segmenting the

speech for AMR annotation.

Figure 2.5: Annotating EGGNOG in ELAN.

The resulting corpus contains 662 AMRs: 343 speech AMRs and 319 gesture AMRs.

Among gesture AMRs, iconic gestures are the most frequent (142 top-level instances), fol-
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Gesture Act Top-level All
Icon 142 249

Deixis 63 129
Emblem 37 39

Gesture unit 50 -
Coordinated gestures 27 -

Table 2.1: Distribution of gesture act types in EGGNOG annotations.

lowed by deictic gestures (63) and emblematic gestures (37). The most common iconic

gesture contents are put-01 (40 instances), block (31), and slide-01 (17); the vast majority

of deictic gestures denote locations (99 instances).

Inter-annotator agreement was measured using SMATCH (Cai and Knight 2013) and the

soft-matching variant S2MATCH (Opitz 2023). SMATCH scores (48.9 for speech, 57.5 for

gesture) are substantially lower than those for text-based AMR (typically 70–80), reflecting

the genuine difficulty of the task: annotators segmented continuous speech into utterances,

determined which body movements constitute content-bearing gestures, and resolved cross-

modal reference without the surface form anchors available in text annotation. S2MATCH

scores (64.8 for speech, 71.5 for gesture) are considerably higher, reflecting that disagreements

are often over near-synonymous lexical choices rather than structural differences. S2MATCH

accepts synonyms rather than relying on exact matches.

2.4.2 Multimodal Multi-sentence AMR

Our contribution of Multimodal Multi-sentence AMR (MM-MS-AMR) involved annotators

marking coreference and bridging relations (e.g., set-member and part-whole) across the

gold-standard AMRs and GAMRs using the Multi-sentence AMR MS-AMR framework

(O’Gorman et al. 2018). MS-AMR links standalone AMRs using these relationships, re-

sulting in a representation of meaning across a document or discourse.

Annotators used the Anafora tool (W.-T. Chen and Styler 2013), a web-based annotation

tool designed for co-reference annotation. The multimodal multi-sentence portion of the

corpus contains 436 cross-modal relations: 388 coreference chains, 28 set-member relations,
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Figure 2.6: Anafora annotation tool.

and 20 part-whole relations, covering approximately half of all entities in the corpus including

implicit roles.

Cross-modal coreference agreement (CoNLL-2012 F1 of 60.46) is below text-based MS-

AMR results (69.86) but not substantially so, indicating that the framework is learnable and

its annotation guidelines sufficiently well-specified. It is a difficult annotation task, requiring

close reading of the AMRs.

2.5 Representable Content of Non-Lexical Acts

The GAMR framework and corpus establish a result that is foundational for the remainder of

this dissertation: non-lexical communicative acts have representable propositional content.

A pointing gesture, an iconic depiction of an action, a thumbs-up can all be assigned a formal

semantic representation in a predicate-argument structure. These structures are compatible

with representations of the speech they accompany, they support cross-modal coreference,

and enable joint reasoning over the full content of a multimodal communicative act.

This result licenses the approach taken for grunts in subsequent chapters. The AMR

framework is flexible enough to be extended to accommodate the semantic content of non-

lexical communication. The grunt analysis will be more of a characterization of what grunts

represent and how they function in dialogue, not just that they can be represented at all.

While AMR and its extensions are well-suited to representing the propositional content of

communicative acts, grunts are a heterogeneous class. Some are turn starters and hesitation

markers that do not contribute propositional content (Clark and Fox Tree 2002). Others

24



are about epistemic states : whether information has been received, whether evidence has

been accepted, or whether a proposition has been promoted to accepted fact in the com-

mon ground. This is the domain of dynamic epistemic logic rather than predicate-argument

representation, and it is why the grunt analysis in Chapter 4 employs Evidence-Based Dy-

namic Epistemic Logic (EB-DEL) (Benthem, Fernández-Duque, and Pacuit 2014; Pacuit

2017) rather than developing a Grunt AMR extension. The shift from AMR to EB-DEL is

a theoretically motivated choice: AMR captures semantic content, EB-DEL captures state

updates, and the grunts examined here are primarily the latter. We discuss the shift in

Y. Zhu et al. (2024), where evidence-based dynamic epistemic logic was introduced as the

appropriate formal apparatus for tracking belief updates across modalities in the Weights

Task. Chapter 3 takes up that framework in detail.

25



3 THEORETICAL FOUNDATIONS: GROUNDING IN MULTIMODAL DIALOGUE

The theoretical claim that non-lexical acts are first-class grounding contributions requires

grounding itself. Existing corpora of multimodal dialogue were insufficient for this purpose;

there are many strong datasets that do not quite check all of the boxes for this work. The

Weights Task Dataset (WTD) was developed as a co-situated, shared collaborative task

designed to study collaborative problem solving (Khebour, Brutti, et al. 2024). The WTD

is the primary empirical resource for this dissertation. The grunt annotation (Chapter 4),

prosodic analysis (Chapter 5), and turn-position annotation (Chapter 7) are all conducted on

WTD data, with the flat pack furniture building Glider video as a secondary corpus before

the addition of Portal in a later chapter.

The kind of interaction discussed here, where speech occurs with a background and envi-

ronment of shared physical activity, has been recognized in other traditions. The notion of

empractical speech (Bühler 1934) describes speech embedded in other non-linguistic activ-

ity, able to be interpreted against a shared situation. The concept has been revisited more

recently by O’Connell and Kowal (2012).

This chapter builds on three works I co-authored. I describe the Weights Task Dataset

in more detail, as it is a primary resource for the grunt schema development. I then present

work on annotating physical actions as discourse contributions, establishing that observable

events belong in the same formal account as speech and gesture. Next, I present the Common

Ground Tracking framework that operationalizes multimodal common ground formally and

computationally. Finally, I present a model of information state that integrates speech,

gesture, and action into a unified theoretical account.

3.1 The Weights Task Dataset

To adequately study grounding in multimodal situated dialogue, we needed data that no

existing resource provided. Existing corpora of multimodal interaction lacked at least one

of the following: co-present participants with shared perceptual access to physical objects,
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Figure 3.1: The Weights Task Group 3, with captions

physical object manipulation as a central task component, or multiparty interaction (Khe-

bour, Brutti, et al. 2024). The Weights Task Dataset (WTD) was designed to address this

gap, within the context of the NSF AI Institute for Student-AI Teaming (iSAT), specifically

with collaborative problem solving (CPS) in mind (Stewart, Keirn, and D’Mello 2021).

3.1.1 Task Design and Motivation

The Weights Task is a collaborative problem-solving activity completed by triads at a round

table. Participants are given a balance scale and five blocks of varying weight, size, and color.

The facilitator tells the group the weight of one reference block (10 grams), and the group

must determine the weights of the remaining blocks through collaborative experimentation.

Once the individual weights are established, participants must identify the relation between

them and predict the weight of the next hypothetical unseen block in the series, which turns

out to be the Fibonacci sequence.

The task was designed to elicit genuine multimodal communication. Participants cannot

complete it through any single modality alone: they must speak to discuss weights, gesture

to indicate blocks, and physically manipulate the blocks and scale to test hypotheses. The

structured nature of the task provides a consistent ground truth against which annotation

and modeling can be evaluated: all groups successfully determine the correct weights, giving

a stable endpoint for assessing common ground construction. The dataset consists of 10

videos totaling approximately 170 minutes, with 30 unique participants recruited from a

university setting, plus one researcher-facilitator consistent in all videos.
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3.1.2 Annotation Layers

The WTD is richly annotated across multiple modalities. Speech was transcribed by hu-

man annotators and multiple ASRs. Gestures were annotated with GAMR. Collaborative

problem solving turns were annotated with Sun et al. (2020), labeling dimensions of group

collaboration. Nonverbal behaviors including gaze, posture, and object usage were captured

using the NICE coding scheme (Dey et al. 2023). Microsoft Azure Kinect cameras captured

RGBD video from multiple angles, enabling extraction of 32-joint skeleton data for each

participant.

3.2 Annotating Situated Actions in Dialogue

With the WTD in hand, the first theoretical question was how to extend formal meaning

representation to physical actions. In Tam et al. (2023a), we address this question directly,

arguing that actions are critical for interpreting dialogue and must be integrated with lan-

guage and other communicative modalities in a shared annotation scheme.

3.2.1 Actions as Discourse Contributions

Many previous works have addressed the importance of non-linguistic modalities in com-

munication, especially in the context of dialogue systems and agents (Cassell et al. 2000;

Wahlster 2006; Foster 2007). Actions commonly serve as antecedents in speech (e.g., in my

house one brother frequently asks another “why did you do that?”). Actions create relations

between narrative events, and can themselves be referenced directly by participants. Most

importantly for my purposes, actions update the common ground in ways that speech and

gesture cannot, by adding, modifying, and deleting items within it.

3.2.2 Annotating Actions with AMR

Our work in Tam et al. (2023a) demonstrates the feasibility of annotating a limited set of

physical actions, represented as Action AMR, on two datasets; the WTD and Epic Kitchens
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(Damen et al. 2022). As we have seen, in the WTD the actions are primarily manipulating

blocks and the scale, picking up blocks, and moving them to new positions. The movements

are often prompted by speech or serve as antecedents to speech. The action of placing a

block on the scale is represented as:

(11)

(p / put-01

:ARG0 (p1 / participant)

:ARG1 (b / block)

:ARG2 (s / scale))

A parallel demonstration on Epic Kitchens shows the same approach generalizes to cook-

ing actions such as transferring pasta from a pot to a bowl. This Action AMR is for a

first-person action, where the home chef moves the cooked pasta from the pot of boiling

water to a bowl for eating, using a utensil.

(12)

(t / transfer-01

:ARG0 (p / participant)

:ARG1 (p1 / pasta)

:ARG2 (p2 / pot)

:ARG3 (b / bowl)

:instrument (s / spaghetti claw))

3.2.3 Action Annotation Challenges

Annotating actions poses difficulties that do not arise for speech and less so for gesture. De-

termining the appropriate level of granularity is a challenge for inter-annotator agreement,

as well as automatic systems. Is picking up a block and putting it on the scale one ac-

tion? Actions can happen simultaneously without the sequential structure of speech. Both
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make consistent inter-annotator agreement, and reliable automatic segmentation, difficult to

achieve.

Physical actions are discourse-relevant contributions: they serve as antecedents, update

object locations, and modify common ground independent of speech. Hunter, Asher, and

Lascarides (2018) formalize this, treating nonlinguistic events as discourse units that enter

into coherence relations alongside linguistic ones. The annotation challenges of this work are

the concrete version of the theoretical ones in the Tam et al. (2023a) paper.

3.3 Common Ground Tracking in Multimodal Dialogue

The WTD and subsequent Action AMR work helped set the conditions for a formal frame-

work and computational pipeline for tracking multimodal common ground over the course

of a collaborative interaction. In Khebour, Lai, et al. (2024), we present Common Ground

Tracking (CGT) on the WTD dataset.

3.3.1 Common Ground Structure

The CGT framework is distinct from Dialogue State Tracking (DST), which represents the

speaker’s state at each point in a dialogue by considering the past conversational turns and

dialogue moves. CGT aims to identify the shared beliefs of all participants in a task-oriented

interaction. DST tracks what a user may want from an interactive computer system and

CGT tracks the knowledge of all participants in a group. Other recent work has addressed

challenges of tracking conversational grounding within text and chat data (Mohapatra et al.

2024), however text-based approaches do not have these grunts unless added performatively

by users.

CGT adopts a modified version of the Dialogue Game Board (Ginzburg 2012), combined

with an evidence-based model for belief from Benthem, Fernández-Duque, and Pacuit (2014)

and Pacuit (2017). The grounding phenomena modeled here do not necessarily depend on

this formalism. The ideas could be expressed in a related structure, such as the Table model
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by Farkas and Bruce (2010). The Common Ground Structure (CGS) is a triple, consisting

of three “banks”, with propositional content moving from one bank to another:

• QBank: the set of questions under discussion. Following the QUD tradition (Ginzburg

2012), a question denotes a set of propositions, which are its possible answers. The

questions in QBank are task-relevant and have not yet been resolved. Is this the right

dowel?

• EBank: the set of evidenced propositions. These are claims for which some evidence

of truth exists but which have not yet been accepted by all participants in the group.

The dowel slid in smoothly, suggesting that it fits.

• FBank: the set of facts. These facts are propositions accepted as true by all partici-

pants. The dowel fits (and the assembly can proceed).

In Khebour, Lai, et al. (2024), the questions in QBank are yes/no questions, generated

from the relations the task implicates for each object in the domain. In the Weights Task,

where the goal is to determine the weight of each of five blocks, initialization enumerates a

question for every candidate weight of every block. Because these are yes/no questions, each

question φ? denotes {φ,¬φ} and pairs with a unique proposition φ. This is what allows

content to be tracked across banks of different types: QBank holds questions, while EBank

and FBank hold propositions.

Dialogue moves update this structure. A statement move resolves a question φ? in

QBank and places its answer φ in EBank as evidence. An accept move promotes φ

from EBank to FBank. A doubt move reverses the first step: φ leaves EBank and the

question φ? returns to QBank as unresolved.

These communicative acts of speech, gesture, and action are specified with Evidence-

Based Dynamic Epistemic Logic (EB-DEL). The announcement operator [!φ] represents

a public announcement of φ, and the model distinguishes the evidence an announcement

provides from the belief it establishes. An announcement made without prior evidence
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updates the evidence sets of all participants to the worlds where φ holds: [!φ][E]φ. This is

the statement move, and it is what places φ in EBank.

Belief is not established by that first announcement. It requires a second one, made in

a context where evidence for φ already exists: [E]φ → [!φ][B]φ. The precondition [E]φ is

what the first announcement supplied; the re-announcement discharges it, and φ is promoted

from EBank to FBank as a fact believed by all participants. This is the accept move. It

is the apparatus that Chapter 4 extends to grunts, where the claim developed is that this

second announcement, the step from evidence to fact, is frequently carried by a grunt rather

than by speech.

We developed the theoretical motivation for this structure in Y. Zhu et al. (2024), which

frames common ground tracking as an application of Simulation Theory of Mind (Goldman

2006). Consider a brief example to foreshadow the formal setup. A 10 gram weight sits on

one side of a balance scale. A person puts an unknown block on the other side, creating

a proposal that the new block weighs 10 grams too. This proposal is now available for

acceptance. When the scale balances, there is evidence that the second block weighs 10

grams, supporting the initial proposal. That evidence becomes a fact when a participant

confirms it, with a grunt like oh. The proposition moves to FBank, and the group proceeds.

Each weighing works this way, resolving one question at a time and narrowing the set of

live candidates until a single weight remains for each block. The task is a sequence of such

eliminations, and the structure of the CGS records them.

Understanding another agent’s mental state requires tracking what they perceive, what

evidence is available to them, and what they believe. The EB-DEL statements make this con-

crete. Perception provides evidence, non-contradictory evidence supports belief, and public

announcement restricts the evidence sets of all participants to worlds where the announced

proposition holds. Y. Zhu et al. (2024) work through a Weights Task example in which par-

ticipants balance two blocks on the scale, observe the outcome, and through announcement

and agreement arrive at the group belief that the blocks weigh the same. Our model has a
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common ground data structure for all participants; alternate formations could be possible

where an individual’s facts and beliefs are tracked separately.

3.3.2 Annotation and Experimental Pipeline

The CGT system uses a multimodal LSTM move classifier that draws on features from

speech, prosody, gesture, action annotations, and collaborative problem-solving facets to

predict the dialogue move expressed in each utterance, which is then translated into updates

to the QBank, EBank, and FBank.

The CGT system operates through three components. A move classifier, implemented as

a multimodal LSTM, predicts which dialogue move is expressed in each utterance: state-

ment, accept, doubt, question, answer, or observation. The classifier takes input

features derived from speech (BERT embeddings) (Devlin et al. 2019), prosody (openSMILE

features) (Eyben, Wöllmer, and Schuller 2010), gesture (GAMR), action annotations, and

collaborative problem-solving facets. A propositional extractor retrieves the task-relevant

content of each utterance, either from common ground annotations or through language-

model-based dense paraphrasing (Tu et al. 2023). A set of closure rules then translates

the move classification and propositional content into updates to the QBank, EBank, and

FBank.

The key empirical finding is that incorporating the multimodal features of gesture, action,

and prosody improves common ground tracking over language alone, particularly for groups

that rely heavily on non-verbal communication to complete the task.

The CGT framework in this paper provides the formal structure and methodology for

tracking the multimodal common ground. However, the move classifier operates on utter-

ances, gestures, and actions. It has no account for how minimal vocalizations contribute

to grounding moves, especially if they are not registered by ASR. Grunts are the missing

signal in many cases. Observationally, the majority of grunts in the WTD are not part of

the provided ASR transcripts.
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3.4 A Model of Information State in Situated Multimodal Dialogue

The CGT framework operationalizes common ground tracking empirically. In Lai, Donatelli,

et al. (2025), we step back to ask what a complete formal model of information state in

situated multimodal dialogue should look like, drawing on the WTD and EGGNOG corpora

to ground the analysis in concrete examples.

3.4.1 Integrating Speech, Gesture, and Action

The model is illustrated through a worked example in which an EGGNOG signaler says:

(13) take another block put it next to it

while making a deictic gesture indicating a specific location. The AMR of the speech

introduces two discourse referents - the new block b (another block) and a location l (next

to it). It also adds take and put to the actor’s To-Do List (Portner 2004). The deictic

gesture specifies l as the location adjacent to a previously placed block, which is more specific

than the next to it from the speech.

The signaler’s communicative act consisting of speech plus gesture functions as a state-

ment: it introduces the propositional content that a block should occupy location l. There is

also a grounding function g that maps the discourse references to the actual elements in the

environment. While our model in Lai, Donatelli, et al. (2025) does not formally adopt the

CGS, we can put this act in those terms. The signaler’s suggestion moves the corresponding

question from QBank to EBank.

(a) Actor (b) Signaler

Figure 3.2: Actor giving instructions to Signaler in an EGGNOG video.
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The actor picks up a block and places it at the specified location, proposing a grounding

that the block she selected belongs in the location she placed it. The action is interpretable

as a suggestion, or observation, in EBank. They are resolved when the signaler accepts

or rejects the actor’s proposed interpretation. An accept move, either explicit such as yes,

right there or as a minimal vocalization like mm-hm, promotes the grounded proposition

from EBank to FBank (and clears the items from the actor’s To-Do List). A doubt move,

such as a head shake gesture or explicitly spoken phrase (no, the other one) would return

the proposition to QBank for further negotiation. The bidirectionality is the key theoretical

point of this paper. The physical action is a proposal, and requires acknowledgment to

update the grounding function. Recent experimental corpus work demonstrates that listener

feedback shapes the discourse using a storytelling premise (Boudin et al. 2024). Listener

feedback is not incidental. The minimal grunt vocalizations that commonly perform that

acknowledgment are a primary vehicle through which it occurs in task-based dialogue, and

will be discussed in the remaining chapters.

The information state model provides the most complete account of how speech, gesture,

and action work together to update the common ground in situated dialogue. A grunt

following a successful action is not just a continuer; it is an acceptance move that updates

the grounding function. The model describes the mechanism, and the grunt analysis aims

to characterize the vocalizations that perform it.

3.5 From Gesture to Grunt

The three papers presented in this chapter collectively establish the following. Physical

actions and observable events are discourse contributions that update the common ground

independently of speech (Tam et al. 2023a). Multimodal common ground can be formally

tracked through a QBank/EBank/FBank structure updated by dialogue moves, and incor-

porating gesture, action, and prosody into the tracking pipeline improves performance over

language alone (Khebour, Lai, et al. 2024; Y. Zhu et al. 2024). Speech, gesture, and action
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jointly construct and update an information state in situated dialogue, with a grounding

function that maps discourse referents to objects in the shared physical environment, and

whose updates require acknowledgment to become part of the common ground (Lai, Do-

natelli, et al. 2025).

This framework is still missing an account of the grounding grunts discussed in Chapter

4. The ASR systems used in the Weights Task Corpus, Google and Whisper, both filter or

suppress minimal tokens (Whisper confirms this in (Radford et al. 2023); the technical situ-

ation is less clear with Google ASR, but observationally it appears that many are omitted).

This means that the CGT tracker does not have access to grunts during the pipeline.

As I will show, grunts are not peripheral to the grounding process. They are actually

among its primary signals in the right situations. In the WTD and Glider videos, grunts

respond to speech and observed events at nearly equal rates, showing that they are first class

grounding contributions. The grunt token selection and prosodic form encode grounding in

systematic ways, and their position within turns often reflects their role. The following chap-

ters take up this characterization in detail, beginning with the annotation scheme and formal

model that establish what grunts do, and proceeding through the acoustic and structural

evidence for how they do it.
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4 GRUNTS

The CGT framework established the formal model for tracking multimodal common ground,

but has no account of the minimal vocalizations that perform the grounding moves it de-

scribes. The framework was designed to be extensible, so additional modalities can continue

to be added. This chapter presents the core empirical and theoretical contribution of the

dissertation: a systematic annotation scheme for grunts and gruntables, a formal model of

how grunts update the common ground, and distributional findings from the corpus demon-

strating that observable events function as grounding contributions at rates comparable to

speech.

4.1 Corpora

4.1.1 Weights Task Dataset

For the grunt annotation, I used a mixed corpus of approximately 80% WTD ( 2 hours

and 20 minutes), which was already introduced in Chapter 3, and the Glider video ( 40

minutes) for the remaining 20%. Nine of the ten Weights Task videos were suitable for grunt

annotation. One was omitted due to quiet speech and poor audio quality. This was generally

a challenge with the WTD, as all participant and researcher audio was captured with a single

microphone and is not channel-separated.

4.1.2 Glider

The Glider video was recorded by Candace Sidner in 1989 and is previously unpublished

(Sidner 2025). It was recorded on a camcorder in a home setting and was later digitized.

The interaction is natural and collaborative, and the video is accompanied by a detailed

hand transcription produced by the MIT AI Lab (Agre and Batali 1989). The Glider video

was chosen for its similarity to the WTD videos: it is a dyad working on the shared task of

assembling a piece of flat-pack furniture. The two participants use tools, read instructions,

and collaborate on the assembly. In addition to the collaborative discussion, there is a thread
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Figure 4.1: Glider furniture assembly

throughout about whether or not they are missing some hardware from the furniture kit.

Their belief about this question changes over the course of the interaction. Combined with

the nine WTD videos, the corpus totals approximately three hours of annotated video across

30 unique speakers.

4.2 Annotation scheme

4.2.1 What is a Grunt?

The term grunt and its relationship to adjacent terms of art in the literature is discussed in

Chapter 1. Briefly, this work follows Ward (2006) in treating grunts as intentional non-lexical

vocalizations that occur within the stream of speech and exhibit systematic sound-meaning

correspondences. Semi-lexicalized forms such as okay and yeah are excluded, as are sighs,

laughs, and clicks.

The goal of the annotation scheme is to analyze the functional role of non-lexical vo-

calizations in conversation and to understand their distribution across different dialogue

contexts (Brutti and Pustejovsky 2026a). Full annotation conventions are available at this

link1. To this end, annotators were asked to identify and label conversational grunts as well

as the gruntable, which is the antecedent speech or event that the grunt responded to. The

gruntable concept is inspired by the laughable in laughter research (Ginzburg, Mazzocconi,

1https://github.com/richardbrutti/grunts-corpus
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and Tian 2020; Mazzocconi, Tian, and Ginzburg 2020), adapted here for the grunt context.

In their framework, the laughable is selected by laughter as an argument. As with laugh-

ables, gruntables can be exophoric, pointing to something outside the relevant conversation.

Similarly, the gruntable selects speech or an event as the argument of the conversational

grunt. This is similar to the property that Wilkins (1992) attributes to interjections, that,

notwithstanding the difference in terminology, interjections are anchored to the speech they

refer to.

Annotators were given pre-labeled tiers in ELAN containing ASR transcripts for each

participant as per the WTD corpus. These tiers were used as reference for identifying where

non-lexical vocalizations occur in the interaction, but annotators were asked not to rely on

the ASR transcription alone, as grunts are frequently omitted or misrecognized by ASR

systems, as previously discussed.

4.2.2 Grunt Annotations

Each grunt annotation captures the following information, separated by commas:

Speaker Who produced the grunt (researcher, p1, p2, p3)

Transcription A phonetic transcription of the grunt (e.g., oh, mm, uh)

Dialogue Act The communicative function of the grunt, drawn from the taxonomy de-

scribed below

Standalone Whether the grunt constitutes a complete conversational turn (yes/no); omit-

ted for filled pause

A complete annotation takes the form: p1, um, STATEMENT, yes, +, no.

Additional experimental labels were used for some of the videos during schema develop-

ment, but proved too difficult to annotate consistently and effectively: Expectedness Whether

the gruntable was expected in context (yes/no); Polarity Whether the grunt affirms or agrees
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with the gruntable. Both could be useful for gathering more information about coordina-

tion around expectations and expectation violation, and how they are expressed (Stone and

Stojnic 2015).

The dialogue act taxonomy is adopted from Khebour, Lai, et al. (2024), which in turn

adapts the Dialogue Game Board (Ginzburg 2012):

STATEMENT A factual assertion about the world or the task procedure. Observable

events are interpreted as statements if they provide new information.

ACCEPT Agreement with a previous statement or observation. A move by which a

participant takes up a preceding statement or observation as available to the common

ground.

DOUBT Disagreement or uncertainty regarding a previous statement.

QUESTION A yes/no or wh-question seeking information.

ANSWER A response to a question.

OBSERVATION An observation registers something noticed that does not advance the

task, including off-task utterances.

INFERENCE A deduction bridging observation and statement or doubt. It is rare

for a grunt to fill this role.

Filled pause Filled pauses, turn starters, and disfluencies. Filled pauses do not require a

preceding gruntable.

OTHER Any dialogue act that does not fit the categories above.

Some clarifications about accept are worth making explicit, since the category carries

most of the analytic weight in future chapters. In practice, the majority of identified grunts

were labeled accept or filled pause.
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Acknowledgment and agreement are ordinarily treated as distinct: registering that a

contribution has been received is not the same as endorsing its content. This single accept

category does not separate them. Acknowledging something without disputing it is a way

of agreeing with it. The moment of acknowledgment is the moment where an objection

or doubt could occur, so the acknowledged proposition stands and the group proceeds on

it. This isn’t just convenient: the taxonomy already has a category for the other case. A

participant who doesn’t accept a contribution can doubt it, and disagreement is coded

there. accept covers everything else.

This is limited because the tacit agreement can be taken back. The annotation records

the move made at the time; annotators do not know what participants believe but do not

say.

4.2.3 Gruntable

The gruntable concept emerged from careful observation of the WTD videos. Participants

commonly use minimal vocalizations, sometimes with marked prosodic modulations, to react

to results on the scale. The more I watched, the more I observed that participants made these

sounds in less surprising contexts too. The phenomenon extends well beyond experimental

tasks. Think of an announcer responding to a slam dunk, children building a block tower

together without explicit verbal coordination, or someone responding to a first taste of a

new dish. None of these minimal responses are produced in isolation; they are responsive

acts, and what they respond to is the gruntable.

The timestamps for gruntables are less sensitive than for grunts, as identifying the precise

onset and offset of an event is inherently difficult, as discussed in Chapter 3. A complete

annotation takes the form: p2, speech, that one is 50, STATEMENT. Each gruntable an-

notation captures the following:

Speaker Who produced the speech or initiated the event

Type Whether the gruntable is: speech, event, speech describing an event (DE), speech
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describing a gesture (DG), or other

Content A transcription of the gruntable utterance or a brief description of the event (e.g.,

scale does not balance)

Dialogue Act The same taxonomy as for grunt annotations

The gruntable makes grunts responsive by definition, and not every grunt is. A speaker

who says Oh, I just realized that today is Tuesday is not responding to anything in the

shared environment. The oh projects forward, rather than grounding anything that has

already happened.

This case falls outside the scheme. A gruntable has to be publicly available to both

participants, either as speech or as an observable event, and that is what makes grounding

analyzable. A projective oh selects a private realization that the addressee has no access to.

There is nothing to ground. There is no evidence for the proposition in EBank and nothing

for a grunt to promote.

These kinds of grunts do not arise much in these corpora, given their settings. Co-situated

task dialogue supplies observable antecedents continuously, and there are not many occasions

to announce a private realization.

Where such cases do occur, they are absorbed by filled pause, which covers turn

starters as well as disfluencies. Most filled pauses are planning hesitations, but not all

of them are. These projective ohs or oh inside a phrase like oh well are here too. This

category functions as a catchall. It collects grunts with no gruntable. Whether this scheme

would extend to areas where projective grunts are common, such as casual conversation or

storytelling, is an open question.

4.2.4 Annotation Procedure

All nine WTD videos were annotated by me. Four were independently annotated by grad-

uate students in the Brandeis Natural Language Annotation for Machine Learning course
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Table 4.1: Grunt token inventory by sub-corpus.

(a) Weights Task Dataset

Token n Token n Token n

a-ee 1 gasp 2 ope 1
a-i-eh 1 gee 1 ouh 1
aa-um 1 hm 26 sharp inhale 1
ah 14 huh 7 sigh 1
aw-ow 1 mf 1 singing 2
aw-wa 1 mm 35 snort 3
ch 1 mm-hm 51 ugh 1
cheez 1 mm-mm 2 uh 38
clap 1 mm-mm-mm-mm 1 um 61
click 2 oh 56 wa-wa 1
ee 2 oo-hoo 1 whoa 2
eh 3 oof 2 wow 6
en 1 ooh 21 yawn 1
er 2 oops 3 yo 1
fake reading 1 oow 2

(b) Glider

Token n Token n Token n

ah 5 hah 2 singing 1
ah-huh 1 huh 6 uh 34
aha 1 mm 1 uh-huh 6
aw 1 mm-hm 15 um 7
dadada 1 oh 23 wa-wow 1
ech 1 oh-oh-oh-oh 1 whistling 7
eh 3 oops 2
er 1 sigh 7

(COSI 230B) in 2025. The Glider video came with a detailed transcript that clearly marked

non-lexical sounds throughout; this transcript was converted to my annotation format and

received a second annotation pass by me.

Annotators independently used different spelling for perceived syllable length (e.g., ooh

vs. oooooh) and they also varied their conventions for dashes (e.g., mm-hm vs. mmhm). For

inter-annotator agreement, spelling was normalized: dashes were standardized and repeated

letters removed (e.g., hmmmm → hm), except where indicating distinct conventional tokens
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Table 4.2: Inter-annotator agreement for grunt detection and dialogue act classification.

Task DSC (range) α (range)

Grunt detection 0.498 (0.400–0.638) 0.421 (0.379–0.479)
Dialogue act — (0.379–0.625) — (0.379–0.501)

(e.g., ooh vs. oh). Orthographic vowel differences were preserved (e.g., em vs. um). A

temporal tolerance of 500 milliseconds was used when aligning grunt annotations across

annotators to measure agreement.

My annotations are treated as the gold standard throughout. For the prosodic analysis,

I identified all standalone grunts and refined their temporal boundaries using the waveform

visualizer in ELAN, limiting the analysis to cases where a grunt serves as a complete con-

versational turn in order to minimize acoustic bleed from surrounding speech.

4.2.5 Inter-Annotator Agreement

Agreement is reported using both the Sørensen-Dice coefficient (DSC) and Krippendorff’s

alpha (Dice 1945; Sorensen 1948; Krippendorff 2011).

For grunt detection, DSC ranged from 0.400 to 0.638 across doubly annotated videos,

with an overall DSC of 0.498. Krippendorff’s alpha ranged from 0.379 to 0.479 per video,

with an overall alpha of 0.421. While moderate, this is comparable to other subjective audio

annotation tasks such as emotion annotation (Lotfian and Busso 2017). Grunt counts from

the two annotators were typically within 10% of each other; observationally, disagreements

primarily occurred with overlapping speech and quiet vocalizations.

Gruntable identification proved substantially more difficult than grunt detection, with

agreement on the initial task too low to report meaningfully. This reflects the inherent diffi-

culty of the task: identifying what triggered a grunt requires retrospective judgments about

temporal and causal relationships, and multiple plausible antecedents often exist within a

short window. Similar to challenges with the GAMR annotation work, having annotators

complete multiple span-based sub-tasks simultaneously introduces the opportunity for cas-
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cading disagreements. For a second iteration of the task, one annotator from the Brandeis

Natural Language Annotation for Machine Learning course (COSI 230B) in 2026 was given

the gold-standard grunt annotations and asked to identify the gruntable for each non-filled

pause grunt. By limiting the task to antecedent identification, it removes the possibility of

a single disagreement on a grunt span leading to additional disagreements on corresponding

gruntable scope.

Table 4.3: Inter-annotator agreement on gruntable type for a one-hour segment (n = 20
gruntables, both annotators identifying the same spans). Krippendorff’s α (nominal).

Distinction α Raw agreement

Three-way (speech / event / speech DE) 0.52 70%
Core (speech vs. event) 0.88 95%

The sample had 20 non-filled-pause grunts. Disagreements between the 2 annotators con-

centrate at the speech/event boundary: four involved the speech-describing-event subcate-

gory, and the single core-level disagreement arose where an event coincided with a concurrent

verbal description of it (the scale being removed from the table by the researcher). With

this revised setup, annotators reliably identified the modality of the grounded contribution,

with minor disagreements on cases that are intermediate.

4.3 Formal Model

While AMR and its extensions are well-suited to representing the propositional content of

communicative acts, grunts are primarily about belief states: whether information has been

received, whether evidence has been accepted, whether a proposition has been promoted to

an accepted fact in the common ground. This is the domain of dynamic epistemic logic, not

predicate-argument representation, and it is why the formal grunt analysis employs EB-DEL

rather than extending GAMR to a Grunt AMR.2.

2The acronym GR-AMR is hard to resist in a computational linguistics dissertation, but the formal
apparatus of AMR is not the right fit here
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Here, I provide a formal account of how grunts update the common ground in situated di-

alogue. The model treats observable events as contributing propositional content like speech

acts, and grunts as operations that can promote evidence to accepted fact. While the formal

model is not directly evaluated in this study, it provides a precise theoretical vocabulary for

the claim that grunts can be fact-promoting moves rather than only continuers, and offers a

computational target for future DST systems that incorporate minimal vocalizations.

4.3.1 Framework

The Common Ground Structure (CGS) and its Evidence-Based Dynamic Epistemic Logic

(EB-DEL) semantics were introduced in Chapter 3, following our work Y. Zhu et al. (2024)

and Khebour, Lai, et al. (2024). Briefly, the CGS comprises three banks: QBank (questions

under discussion), EBank (available evidence), and FBank (accepted facts).

Agents are participants P1, P2, P3. Propositions range over the task: colored blocks

C = {r, b, g, p} and weights W = {10, 20, 30, . . .}. We use predicates Eq(c, w) (c weighs w

grams), Neq(c, w) (c ̸= w), and a scale relation Bal(X, Y ). For sums, r+b is the mass of red

and blue on one side of the scale.

Following the dialogue act taxonomy, a statement publicly contributes evidence, adding

to EBank; an accept promotes evidenced content to fact, from EBank to FBank.

4.3.2 Detailed Walkthrough: Weights Task

Applying this formalism to an interaction from the WTD demonstrates how it captures the

systematic relationship between observable events and grunts. The walkthrough parallels the

balance-scale example in Y. Zhu et al. (2024), which established the framework’s applicability

to this task. The extension here is that the acceptance move promoting evidence to fact is

performed by a minimal vocalization (oh) rather than by the explicit verbal agreement

(“Yeah”) in the original example. Before the sequence in Figure 4.2, the initial CGS is:

• FBank0 = {Eq(r, 10), Eq(b, 10), Eq(g, 20)}
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Figure 4.2: WTD Group 4 example with captions

• EBank0 = ∅

• QBank0 = {Eq(p, w)? : w ∈ W} ∪ · · ·

Intuitively, red = 10, blue = 10, green = 20 are group facts; purple’s weight is still questioned.

Step 1 (Event/Gruntable = statement). The second participant, P2 places p against

r+b on the scale; it does not balance. The outcome, observed by all participants, is treated

as a public announcement of an event proposition: ε := ¬Bal(r+b, p). The event ε is defined

as: it is not the case that the red and blue blocks together balance with purple. The banks

after Step 1:

• FBank1 = FBank0 (no change to facts yet)

• EBank1 = {Neq(p, 20)} (new evidence)

• QBank1 = QBank0 \ {Eq(p, 20)?} ∪ {Eq(p, 10)?, Eq(p, 30)?, Eq(p, 40)?, Eq(p, 50)?}

Step 2 (P1 accepts with oh). The grunt oh is an accept of the evidenced proposition

ϕ := Neq(p, 20). It is an acceptance announcement [!accP1(ϕ)] whose precondition is [E]ϕ

and whose postcondition promotes evidence to fact:

[E]ϕ ∧ [!accP1(ϕ)] ⇒ [B]ϕ.
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Operationally in the CGS:

EBank1 ∋ ϕ
accept

======⇒ FBank2 ∋ ϕ

and ϕ is removed from EBank. The banks after Step 2:

• FBank2 = {. . . , Eq(g, 20), Neq(p, 20)}

• EBank2 = ∅

• QBank2 = QBank1

The grunt functions as a fact-promoting move.

Step 3 (Speech referencing the new state). P3 says put the 20 on there. This state-

ment’s felicity presupposes the updated FBank2 — in particular, that g = 20 is known and

that p ̸= 20. Formally, it does not change the content above; it merely exploits the new CGS

to propose the next action. This demonstrates how our formalism captures the systematic

relationship between observable events, grunts, and common ground updates in collaborative

problem-solving.

4.3.3 Illustrative Example: Cooking Scenario

The same mechanism applies across different situated contexts. Consider two participants

P1, P2 cooking pasta together with a pot of water heating on the stove. Initially:

• FBank0 = {OnStove(pot), Heating(water)}

• EBank0 = ∅

• QBank0 = {Ready(pot)?}

The water begins to boil and the lid rattles. This observable event ε := Boiling(water)
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functions as a statement, adding evidence that the pot is ready:

EBank1 = {Ready(pot)}

P1 responds with ooh, an accept that promotes the evidence to fact:

EBank1 ∋ Ready(pot) ⇓ accept FBank2 = FBank1 ∪ {Ready(pot)}

P2 adds pasta, presupposing the updated common ground. The grunt grounded the event

and enabled coordinated action without a single word of explicit confirmation.

4.4 Findings

4.4.1 Overall Token Distribution

As shown in Table 4.4, grunts in these task-based settings most commonly function to ac-

cept a prior contribution (40.4%), whether verbal or non-verbal. This dominance of accep-

tance grunts supports the claim that these vocalizations serve critical grounding functions.

The second most frequent category is filled pause (39.8%), comprising primarily um and

uh used as turn starters, consistent with findings in Clark and Fox Tree (2002).

There are some differences between the Glider and WTD distributions. The Glider

participants tended to use filled pauses and turn-starters more often, possibly due to the

longer periods of quiet work between the two men.

Interestingly, there are relatively few doubts in either data set. As defined, doubt shows

disagreement with a previous statement; in the formal model, doubt demotes propositions

from the EBank back to the QBank. Commonly, a participant may be surprised at or not

expecting a proposition, but they accept it anyway. The oh in the Detailed Walkthrough is

a good example of this. Participant 1’s expectation was violated (possibly indicated by the

token choice and prosody, but he nevertheless accepted the proposition and moved to the

next act.
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Table 4.4: Grunt dialogue act distribution
across Weights Task and Glider

WTD Glider Total

Dialogue Act N % N % N %

accept 160 43.6 41 31.5 201 40.4
Filled pause 126 34.3 72 55.4 198 39.8
observation 32 8.7 1 0.7 33 6.6
answer 21 5.7 3 2.3 24 4.8
doubt 20 5.4 4 3.1 24 4.8
Other 8 2.2 9 6.9 17 3.4

Total 497 100

Table 4.5 shows the distribution of antecedent types. (These are the same grunts as Ta-

ble 4.4 cross-classified with different criteria.) While 41.6% of grunts lack clear antecedents

(primarily filled pauses and turn starters), grunts responding to speech (25.4%) and observ-

able events (25.1%) occur at nearly equal rates. This near-parity is the central finding of

this chapter: non-verbal events function as conversational contributions on par with verbal

utterances, a result with direct implications for multimodal approaches to information state

tracking.

The distributions vary somewhat between the two sub-corpora, but the overall story of

the gruntables is consistent. Even with the higher percentage of Glider grunts that have

no antecedent, the remaining Glider grunts are split nearly evenly between having a speech

antecedent and having an event one (16.9% to 13.8%).

Table 4.5: Antecedent type distribution across Weights Task and Glider.

WTD Glider Total

Antecedent Type N % N % N %

No antecedent 126 34.3 81 60.4 207 41.6
Speech 104 28.3 22 16.9 126 25.4
Event 107 29.1 18 13.8 125 25.1
Speech describing event 22 6.0 13 10.0 35 7.0
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4.4.2 Token Specialization by Antecedent Type

Figure 4.3c reveals functional specialization among grunt tokens based on antecedent type.

Within accept responses, mm-hm shows a strong preference for speech antecedents (36.4%)

over event antecedents (4.0%). Conversely, oh, ooh, and hm are used more frequently to

acknowledge observed events. This specialization suggests that speakers maintain distinct

repertoires for grounding verbal versus non-verbal information, with backchannels like mm-

hm serving conversational continuity while reactive tokens like oh mark information state

changes triggered by perceptual events.

In both sub-corpora, mm-hm strongly prefers speech, consistent with the description as

continuers from Yngve (1970) and Schegloff (1982). Uh-huh does not appear in the WTD,

but it is a common speech-following accept in the Glider corpus. Due to the small number

of speakers in the data sets, and the large amount of time between their recordings, this may

indicate preferences of the individual speakers, token entrainment among the groups in the

interactions, or even changing vocabulary preferences due to eras. Tokens like ooh and oh

may track the asymmetry in what is being grounded, and are not managing turn exchanges

between speakers because they are registering new information to all participants.

4.4.3 Task Effects: Glider vs. WTD

The two sections of corpora represent different interaction contexts: a problem-solving task

among three university students in a laboratory setting versus two men assembling furniture

at home. Despite comprising only 20% of the corpus, the Glider video shows distinctive

patterns in antecedent distribution and token usage.

Glider contains more grunts without clear antecedents (56.9% vs. 36.2%) and fewer event

responses (13.8% vs. 29.2%). This likely reflects the sequential nature of furniture assembly,

where each step follows from the instructions rather than from collaborative inference about

an uncertain outcome. In contrast, the WTD’s problem-solving structure generates frequent

observable events that require acknowledgment and interpretation.
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Figure 4.3: Functional specialization among accept tokens. Each bar is a percentage of that
corpus’s accepts. In both corpora mm-hm prefers speech antecedents while oh, ooh, and
hm lean toward events; divergent tokens reflect differing grunt inventories by the speakers.

Both corpora feature “meta-communicative” vocalizations, including whistling and hum-

ming, that seem to mark discourse segment transitions (Grosz and Sidner 1986). Celebratory

vocalizations (woo, extended oh, singing) signal problem-solving success in WTD. The Glider

participants whistle during long periods of otherwise quiet heads-down work. Speech resumes

when a step is completed.
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Token preferences also differ by task: Glider shows dominance of uh (25.4% vs. 10.1%

in WTD), while um is more prevalent in WTD (16.6% vs. 5.4%). These differences may

reflect individual speaker preferences (Cavalcanti and Skantze 2025), demographic factors

(Bortfeld et al. 2001) task demands, or social dynamics, and underscore the importance of

cross-corpus validation.
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Figure 4.4: Antecedent type distribution by task context. Glider shows more grunts without
clear antecedents and fewer event responses than WTD, reflecting differences in task struc-
ture.

4.4.4 Grunts as Complete Conversational Turns

Approximately 80% of non-filled-pause grunts in the corpus function as standalone con-

versational turns, that is complete responses that advance the dialogue state without verbal

elaboration. A grunt following an observable event, such as oh after a scale reading, can con-

stitute a sufficient turn that grounds the information and enables coordinated next actions

without any further speech. This challenges dialogue models that treat minimal responses

primarily as backchannels that hold the floor without contributing propositional content. It

also motivates the prosodic analysis in Chapter 5: if grunts function as complete turns, their

acoustic form should encode their grounding function in ways that go beyond token identity

alone.

As a preview of the prosodic analysis, event-following grunts already show a markedly

different acoustic profile than speech-following grunts in the Weights Task: they are 35%
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Table 4.6: Acoustic features of standalone grunt responses by antecedent type (Weights
Task). Mean (SD).

Antecedent n Duration (s) Pitch range (Hz) F1 (Hz)

Speech 90 0.472 (0.226) 93.7 (111.5) 515
Event 78 0.635 (0.530) 153.7 (160.8) 638
Speech DE 19 0.538 (0.197) 138.8 (172.7) 572

Note: Event vs. Speech differences were significant for duration, t(101.1) = 2.53, p < .05,
d = 0.41; pitch range, t(122.1) = 2.69, p < .01, d = 0.44; and F1, t(166.0) = 3.92, p < .001,

d = 0.60 (Welch’s t-tests).

longer in duration, exhibit 64% greater pitch range, and show 24% higher F1 formant values.

These differences suggest that speakers employ distinct strategies when reacting to observable

events versus conversational speech, and that the grounding source is encoded not only in

token choice but in acoustic realization. Chapter 5 develops this analysis in full.

The Glider corpus is excluded from the prosodic analysis. Its source recording and

digitization process means that the audio is of lower fidelity than the Weights Task material.

The Glider data yields unreliable formant and pitch estimates, with F1 values uniformly

elevated and unstable pitch-range estimates. I believe this is likely a recording artifact rather

than genuine acoustic differences. The Glider data is retained for the categorical dialogue

act, token, and antecedent analyses, which do not depend on acoustic measurements.

4.5 Summary

This chapter established three results. First, the annotation scheme for grunts and gruntables

provides a systematic framework for capturing the functional role of minimal vocalizations

in situated dialogue, including the triggers to which they respond. Second, the EB-DEL

formal model demonstrates that grunts are not merely continuers but fact-promoting moves:

the grunt oh after a scale fails to balance is doing the same formal work as an explicit verbal

acceptance of a statement, promoting a proposition from available evidence to accepted fact

in the common ground. Third, the distributional findings establish the central empirical

claim of the dissertation: grunts respond to speech and observable events at nearly equal
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rates, and their token selection systematically encodes what type of information is being

grounded. The following chapter asks how that encoding extends to the acoustic dimension.
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5 PROSODIC ENCODING OF GROUNDING FUNCTION

The distributional findings in Chapter 4 established that grunts respond to speech and

observable events at comparable rates, and that token selection encodes grounding source

systematically. This chapter asks whether this encoding extends to the acoustic dimension.

If grunts are doing different grounding work depending on what they respond to, does their

form reflect that difference beyond the choice of token? I report findings from a prosodic

analysis of standalone grunt responses (Brutti and Pustejovsky 2026b).

5.1 Motivation: Form and Function in Minimal Responses

It is well established that prosodic form encodes communicative function in minimal vocal-

izations (Ward 2000). Ward and Tsukahara (2000) identify low pitch regions as cues for

backchannel opportunities in English and Japanese. Hockey (1993) shows that pitch con-

tour distinguishes okay and uh-huh tokens with different dialogue functions. Most directly

relevant, Clark and Fox Tree (2002) demonstrate that uh and um differ systematically in

duration and planning function, with um signaling a longer upcoming pause. These works

show precedence for form encoding function in non-lexical vocalizations that I extend to the

grounding domain.

The literature on oh as a change-of-state token (Heritage 1984; Heritage 2002) is par-

ticularly relevant. Heritage characterizes oh as marking a transition in the speaker’s infor-

mational state, as a signal that new information has been registered and integrated. This

account is consistent with the token specialization findings in Chapter 4. The present anal-

ysis provides quantitative corpus-level support for what has largely been described through

conversation analytic methods.

The mirativity literature offers a related theoretical frame. Mirativity in linguistics is the

grammatical marking of surprise or novelty with information (DeLancey 1997; Aikhenvald

2012). Kraus (2019) describes English discourse particles like oh and huh as mirative markers

whose prosodic contours are systematically heightened when the speaker’s expectations are
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violated, or when there is new information. Expectation-violating observable events in the

task-based settings include a scale failing to balance, or a furniture piece not fitting. Moments

like this predict that event-following grunts should show more marked prosodic profiles than

speech-following grunts.

Event Segmentation Theory (Radvansky and Zacks 2014) provides a cognitive account

of why this might be so. Observable events are parsed into discrete units at points of high

prediction error, triggering updating of mental event models. If event-following grunts mark

these segmentation points, they may reflect increased processing demands relative to grunts

that simply acknowledge a verbal contribution. This is a nice theoretical connection, though

the step from acoustic features to cognitive mechanisms is speculative without experimental

evidence.

A related observation, suggested by an anonymous Cognitive Science (CogSci) reviewer, is

that LLMs employing chain-of-thought reasoning produce tokens such as wait, hmm, and oh

at points of internal state transition. These are the contexts where human speakers produce

change-of-state tokens. Whether this reflects a general mechanism for marking information

state updates or is an artifact of training data remains an open question, but the parallel is

worth noting.

5.1.1 Corpus and Preprocessing

The prosodic analysis draws on the same corpus as Chapter 4: nine WTD videos and the

Glider video. The prosodic analysis is restricted to standalone grunts, i.e., those that con-

stitute a complete conversational turn. This approach minimizes acoustic bleed from sur-

rounding speech. Temporal boundaries for standalone grunts were refined by hand using

the waveform visualizer in ELAN prior to feature extraction. Speaker-normalized prosodic

features have previously been used to distinguish interactional and affective states in collab-

orative dialogue (Goodman et al. 2006).

The WTD recordings were captured with a single room microphone for all 4 speakers (3
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unique participants per video, plus the same researcher-facilitator for all videos), and are

not channel-separated. The Glider video was recorded on a camcorder and subsequently

digitized. As a result, all videos have variability in recording quality and acoustic quality

across speakers. No additional filtering was applied beyond the boundary refinement step

described above. Formant estimation is sensitive to recording quality and background noise,

so the results from the two corpora may not be directly comparable.

Acoustic features were extracted using Parselmouth (Jadoul, Thompson, and De Boer

2018), a Python interface to Praat (Boersma and Weenink 2021). Four features were ex-

tracted for each standalone grunt: duration (total vocalization length in seconds), mean

F0 (fundamental frequency, reported in Hz), pitch range (difference between maximum and

minimum F0 in Hz), and mean F1 (first formant frequency in Hz). Additionally, as pointed

out by a helpful Cognitive Science review, Parselmouth does not currently support the most

recent pitch detection algorithm introduced in newer releases of Praat; pitch results pre-

sented here should therefore be interpreted with some caution. Ward Ward (2006) suggests

loudness/intensity plays a role, but I omitted that measurement due to the single microphone

setup.

The choice of features is motivated by the cognitive and affective processing literature.

Duration indexes processing effort and arousal. Pitch range reflects prosodic expressiveness

and has been associated with information status marking. F1 correlates with vowel openness

and has been used as an index of vocal effort, following Scherer (2003).

Pitch perception is non-linear, and F0 values are conventionally expressed in semitones

normalized to a speaker-specific baseline. This chapter’s analysis converts F0 measurements

to semitones relative to each speaker’s mean F0.

A note on F1 interpretation: F1 reflects vowel quality and is therefore sensitive to lexical

choice as well as to paralinguistic modulation. Because the grunt tokens in this analysis are

lexically distinct (mm-hm is nasal with low F1, while oh and ooh involve open vowels with

high F1), direct cross-token comparison of F1 values conflates token identity with prosodic
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modulation. The cross-token F1 reflect the combined effect of token selection and prosodic

realization rather than purely paralinguistic encoding. A within-token analysis comparing

F1 values for oh tokens across antecedent types provides a cleaner test.

Statistical analysis was conducted using linear mixed-effects models implemented in

statsmodels (Seabold and Perktold 2010), with speaker included as a random intercept to

control for between-speaker variation in baseline characteristics. The primary analysis is re-

stricted to accept dialogue acts to control for the effect of dialogue act function on prosodic

realization.

Each speaker is allowed their own baseline level of the outcome (duration, F0, pitch

range, or F1), so the antecedent coefficients β1 and β2 estimate how much event-following

and Sp→Ev-following grunts differ from speech-following grunts (the reference category).

This keeps speakers who happen to contribute many grunts from disproportionately driving

the estimated effects. Participant labels (p1, p2, p3) are not unique across groups in the

WTD corpus, so speaker identity was constructed as a composite of group and within-group

ID. The researcher (r) is the same for all WTD groups. Significance was assessed by t-tests

on fixed effects with effective degrees of freedom approximated based on the within- and

between-speaker variance components. Cohen’s d is reported with 95% confidence intervals

as effect-size estimates alongside model coefficients.

A token-controlled model added grunt token as an additional fixed effect (mm-hm as

reference, restricted to the six tokens with n ≥ 5 in the ACCEPT subset) to test whether

antecedent effects on prosody persist after accounting for which token speakers selected. We

also fit a within-token model for hm, the only token with sufficient cells in both speech and

event conditions, as an exploratory analysis.

For token distribution analysis, chi-square tests evaluate whether token choice (e.g., mm-

hm vs. oh) varied systematically by antecedent type.
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5.2 Token Specialization by Antecedent Type

A chi-square test restricted to the six most frequent tokens (n = 190 standalone grunts) re-

vealed significant specialization by antecedent type: χ2(10) = 48.95, p < .001. Backchannels

predominantly follow speech: mm=hm follows speech contributions in 75.8% of cases, rising

to 95.2% when speech-describing-event antecedents are folded in with speech. Reactive to-

kens pattern in the opposite direction, with ooh and hm preferentially following observable

events (66.7% and 57.7% respectively).

This functional specialization suggests that speakers select tokens based on the type

of information being grounded. Tokens traditionally described as backchannels function

as acknowledgments of verbal contributions, while reactive tokens may encode surprise or

novelty at unexpected events. The predominant use of mm-hm for speech and preference

for oh and ooh following events indicates that lexical selection may provide coarse-grained

categorical encoding of grounding source, operating in coordination with prosodic modulation

to signal multimodal grounding.
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Figure 5.1: Distribution of grunt tokens by antecedent type (n = 190 standalone grunts
across the six most frequent tokens). Backchannels (mm-hm, mm) predominantly follow
speech contributions, while reactive tokens (oh, ooh, hm) preferentially follow observable
events. Stacked bars show counts for each token–antecedent combination.

Token specialization in backchannels is a well-established entrainment phenomenon.
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Speakers align lexical and prosodic choices to those of their interlocutors over the course

of an interaction (Levitan and Hirschberg 2011). Without controlling for entrainment, it

is difficult to fully disentangle contextual effects from alignment processes. A group-level

analysis of entrainment in grunt token choice is a natural extension of this work, and is dis-

cussed with the Portal Dialogue Corpus work in Chapter 6, as the same pair of participants

completes multiple puzzles together.

5.3 Prosodic Encoding of Grounding Source

5.3.1 ACCEPT Responses by Antecedent Type

The primary prosodic analysis compares standalone accept grunts following speech an-

tecedents (n = 77) and observable event antecedents (n = 50). Table 5.1 shows the acoustic

features by antecedent type.

Table 5.1: Acoustic features by antecedent type (ACCEPT responses, mean acoustic fea-
tures). F0 reported in semitones relative to each speaker’s median.

Antecedent n Dur (s) F0 (ST) Range (Hz) F1 (Hz)

Speech 77 0.43 −0.24 101 609
Event 50 0.62 +1.21 140 677
Sp→Ev 23 0.49 +1.87 134 683

A speculative account is that longer duration iconically reflects increased processing de-

mands at event segmentation boundaries: the grunt is literally extended in time to accom-

modate the additional cognitive work of grounding a perceptual event. A cleaner test would

involve manipulating event complexity or predictability experimentally.

Mixed-effects models (random intercept on speaker) showed that event-following grunts

were significantly longer than speech-following grunts (β = 0.147 s, SE = 0.064, t = 2.28,

p = .024; d = 0.49, 95% CI [0.13, 0.85]) and exhibited higher F1 values (β = 98.4 Hz,

SE = 36.7, t = 2.68, p = .009; d = 0.27, 95% CI [−0.09, 0.62]). Mean F0 in semitones

(β = 1.40 ST, p = .31) and pitch range (β = 22.1 Hz, p = .47) did not differ significantly.

Speech-describing-event responses (Sp→Ev) (grunts produced when the immediately pre-
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ceding utterance was a verbal description of an event) showed an acoustic profile that mixes

features of both reference categories. On vowel quality (F1 = 683 Hz), pitch (F0 = +1.87 ST

relative to speaker median), and pitch range (134 Hz), Sp→Ev grunts pattern with event-

following responses; on duration (0.49 s), they pattern more closely with speech-following

acknowledgments. Mixed-effects models showed no statistically significant differences be-

tween Sp→Ev and either reference category at the current sample size (n = 23; all p > .19),

so this pattern is descriptive only.

5.3.2 Disentangling Token and Prosodic Modulation

Because grunt tokens differ inherently in their acoustic properties (mm-hm is a brief nasal

murmur with low F1, while oh and ooh require an open vowel of longer duration), the

population-level prosodic differences reported above could reflect either (a) systematic prosodic

modulation that operates independently of token choice, or (b) the inherent acoustics of the

tokens that speakers select for each antecedent type. This is a question of how much prosody

can tell us about grounding source beyond what the token choice conveys. Recent work es-

timates channel quantities in information-theoretic terms for features such as sarcasm and

affect (Yadavalli et al. 2025).

To distinguish these possibilities, I re-fit the prosodic models with grunt token included

as a fixed effect (restricted to the six tokens, hm, huh, mm, mm-hm, oh, ooh, with n ≥ 5 in

the ACCEPT subset; n = 107).

After controlling for token, the duration effect was no longer detectable (β = 0.012 s,

p = .79) and the F1 effect was reduced to a marginal trend (β = 81.0 Hz, p = .087).

F0 in semitones and pitch range remained non-significant. This pattern indicates that the

population-level prosodic differences in these corpora may be largely attributable to token

selection rather than independent prosodic modulation by antecedent.

An exploratory within-token analysis was possible only for hm, the single token with

adequate cells in both conditions (speech n = 5, event n = 7). Effect sizes were consistent
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with prosodic modulation (duration d = 0.89; F1 d = 1.28), but the within-token mixed-

effects coefficients did not reach significance given the very small sample (all p > .23). For oh

(nevent = 4, nspeech = 7) and mm-hm (nevent = 3, nspeech = 34), the cell distributions were too

imbalanced for meaningful within-token testing. Whether speakers prosodically modulate a

given token by antecedent therefore remains an open empirical question. The larger sample

size of the Portal corpus may provide additional insight.

Splitting the corpus by source confirmed that the population-level effects (duration, F1)

were carried by the WTD corpus (n = 125, 26 speakers), where they replicated (duration p =

.032, F1 p = .001). The Glider corpus (n = 25, 2 speakers, 4 event tokens in ACCEPT) was

too small to detect effects in either direction. This pattern is consistent with the recording

quality discussion in Chapter 4. The effects replicate in the WTD corpus, and the Glider

sample is too small and acoustically variable. This also motivates the Portal section, where

each speaker has their own microphone.

5.3.3 The Speech-Describing-Event Category

The speech-describing-event (Sp→Ev) antecedent type is for cases where a participant ver-

bally describes or narrates an observable event, rather than the event itself serving as the

gruntable. This condition offers a useful probe of where the lexical-prosodic boundary falls.

These show an intermediate acoustic profile. Duration (0.485s) sits between the speech

(0.453s) and event (0.626s) values, as does F1 (686Hz between speech 582Hz and event

652Hz).

When a partner verbally describes a co-perceived event, the listener’s grunt selects from

a token inventory whose acoustic properties (open vowel, wider pitch range, F0 elevated

relative to the speaker’s baseline) resemble those of grunts following directly perceived events,

even though the proximate antecedent is speech. Duration, however, patterns more like a

speech-following acknowledgment. One possibility is that token selection tracks the kind

of contribution being grounded (a state change in the world) regardless of whether it was
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acquired perceptually or verbally, while duration tracks the proximate processing demands

of the antecedent.

This is a tentative interpretation given the small Sp→Ev sample (n = 23), but it may

suggest that the Sp→Ev case is worth treating as theoretically distinct. Verbal framing

of a physical event may partially shift the grunt toward speech-type patterns, but does not

fully override the event grounding signature. This suggests that grounding source is gradient

rather than categorical. Cognitive demands of grounding an event described in speech are

between grounding direct perception and grounding a purely verbal assertion. The small

n makes this finding suggestive rather than conclusive, and the Sp→Ev category warrants

dedicated analysis in future work with larger samples.

5.3.4 Prosodic Variation by Dialogue Act

Prosodic variation within individual tokens across dialogue acts further demonstrates that

speakers draw on acoustic resources to disambiguate grunt function when token alone is

insufficient. mm-hm produced as an accept is 18% shorter in duration and shows 57% less

pitch range than mm-hm produced as an answer, for example, suggesting that the same

token is prosodically modulated to signal different grounding functions. hm shows the most

dramatic variation: duration ranges from 0.245s in question-like uses to 0.934s in doubt

expressions. While the within-token analysis above could not confirm prosodic modulation

across antecedent types, a complementary pattern is visible across dialogue acts: the same

token is realized differently depending on the grounding function it performs. This dialogue-

act variation indicates that prosodic modulation operates within tokens for at least some

functional contrasts, even though the antecedent-level modulation tested earlier remained

inconclusive.
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5.4 Discussion

These findings point to grunt token selection as the primary mechanism of differentiating

grounding sources. Token choice provides a coarse-grained reliable signal about statement

source. At the corpus level, event-following grunts are also longer in duration and higher in

F1 than speech-following grunts. Once grunt token is entered into the model, however, the

duration effect is less detectable and the F1 effect is reduced to a small trend. The narrowest

interpretation is that speakers do most of the differentiating through grunt token choice,

and that the prosody of the resulting grunts follow largely from the inherent acoustics of the

selected vocalizations rather than from independent prosodic modulation by antecedent.

In this data, the interpretation is demonstrated by the link between the tokens and their

vowels. The grunt tokens that prefer event gruntables typically have more open vowels than

those that prefer speech ones. So, the F1 difference is likely expected based on token alone.

Cross-token F1 comparisons reflect a combination of token choice and vowel quality; it is

unclear if it is a purposeful modulation of the tokens. The larger sample size of the Portal

corpus allows for this analysis.

This does not rule out independent within-token modulation, but indicates that the

present corpus cannot establish it. The exploratory within-token analysis of the only token

with adequate counts in both antecedent conditions, namely hm, showed large effect sizes

in the predicted direction, though these did not reach significance at just 12 examples. The

prosodic variation observed across dialogue acts points the same way: the same token is

realized differently depending on the function it performs. Taken together, these patterns

suggest that within-token modulation is real, but small, relative to token selection, and

that detecting it requires denser sampling and annotation than either sub-corpus provides.

Whether speakers prosodically modulate a given token by antecedent therefore remains an

open empirical question from WTD and Glider.

The prosodic analysis reported in this chapter was published at Cognitive Science 2026

(Brutti and Pustejovsky 2026b). The peer-review process directly shaped the analysis pre-
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sented here: F0 is reported in semitones normalized to each speaker’s median rather than in

raw Hz; F1 is interpreted as a property of vowel quality; and the token-controlled model was

added to separate token selection from prosodic modulation. The larger size of the Portal

corpus will allow for an analysis of lexical entrainment between participants, because the

same dyads complete multiple tasks together. The larger size of the corpus will also allow

for at least one version of the within-token question.

5.5 Summary

This chapter reported a prosodic analysis of standalone accept grunts. On the whole,

event-following grunts are longer in duration and higher in F1 than speech-following grunts;

once grunt token is included in the model, however, the duration effect shrinks. The pri-

mary mechanism by which speakers differentiate grounding sources is token selection, which

encodes information source at a categorical level, while the corpus-level prosodic differences

follow largely from the inherent acoustics of the selected tokens. Whether speakers addi-

tionally modulate prosody within a token by antecedent remains an open question: the

exploratory hm analysis and the variation observed across dialogue acts are consistent with

that idea, but the WTD + Glider corpus is too sparse to establish it. The intermediate

acoustic profile of speech-describing-event grunts is likewise suggestive of gradient rather

than categorical grounding, though too small at the current sample size.

The analysis in this chapter was published at Cognitive Science 2026 (Brutti and Puste-

jovsky 2026b), and the methodological refinements raised in peer review—speaker-normalized

F0, the token-controlled model, and the corpus-split robustness check—are incorporated

above. Two questions remain open: prosodic and lexical entrainment between interlocutors,

and the within-token modulation question, both of which the Portal corpus is positioned to

address. Chapter 8 turns to the structural dimension of grunt function—where in a turn

grunts occur, and what that position reveals about their grounding role.
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6 THE PORTAL DIALOGUE CORPUS

To this point, the dissertation establishes three results. Non-lexical communicative acts have

representable propositional content (Chapter 2). Grunts perform fact-promoting moves in

the common ground at rates comparable to speech (Chapter 4). Their acoustic form encodes

grounding source systematically (Chapter 5).

The preceding two chapters established their central findings on a limited corpus base:

the distributional analysis of Chapter 4 and the prosodic analysis of Chapter 5 both drew

primarily on the Weights Task, supplemented by the shorter Glider recording. A natural

question is whether these findings reflect properties of grunts in general or artifacts of these

particular tasks and speakers. This chapter addresses that question by reproducing both the

distributional and prosodic analyses on the Portal corpus (Tomlin et al. 2025), a structurally

distinct collaborative setting. Portal comprises 18 dyads each completing multiple video

game puzzle tasks together in a virtual co-situated environment, recorded with individual

microphones, as the participants are not physically co-located. These differences make Por-

tal a test of generalization rather than a confirmation: the dyadic structure, distinct task

demands, and repeated pairing each represent a dimension along which the earlier findings

might or might not hold. They also enable analyses the earlier corpora could not support,

including more reliable prosodic measurement and denser within-speaker sampling.

Pairs work together in the first-person gameplay in Portal 2’s cooperative mode. Portal

2 is a puzzle video game 1 where players can place portals and teleport between them in

order to move objects around in order to solve the puzzles. Players’ avatars and actions are

mutually visible in-world from each other’s point-of-view.

Portal was selected from a broader search of multimodal dialogue corpora as a comple-

ment to WTD and Glider. Several multimodal corpora were considered before Portal; many

are surveyed in Anikina, Leippert, and Ostermann (2025). Each was evaluated against the

requirements that the analyses in this dissertation impose. Any corpus setting must involve

1https://www.thinkwithportals.com/
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two or more participants engaged in a shared task that generates observable, groundable

events; this excludes single-participant recordings (Damen et al. 2022), speech-primary in-

teractions (Kraaij et al. 2005), and corpora whose interactions are captured primarily in the

chat modality (Afantenos et al. 2012; Lopes, Hemmingsson, and Åstrand 2018; R. Zhang

and Eickhoff 2021). The study of prosody requires clean, per-speaker audio, which rules out

corpora distributed without audio (Zarrieß et al. 2016; A. Zhu et al. 2023) or recorded on

a single shared microphone (Mughal et al. 2024). Also, verifying that events are mutually

observable requires video, excluding audio-only resources (Anderson et al. 1991), or resources

that cannot distribute video (Kontogiorgos, Sibirtseva, and Gustafson 2020). And lastly, to

keep the grunt inventory comparable with the Weights Task and Glider and to avoid con-

founding cross-linguistic differences in non-lexical vocalization, the corpus had to be in US

English; this set aside otherwise suitable corpora in other languages (Kok and Heylen 2011;

Ueda et al. 2024). Many otherwise excellent corpora fail one of these requirements, or carry

access restrictions on their video portions that placed them beyond reach.

Figure 6.1: The Portal Dialogue Corpus: Stitched view. Blue and Orange players have their
own perspectives in the same virtual space.

6.1 Portal Distributional Analysis

As shown in Table 6.2, the Portal corpus tracks closely with the Weights task in terms of the

distribution of the grunt tokens as Dialog Acts. Portal Sessions are organized in dyads, where

the same people work together completing 6 multiple puzzle levels each. Session 01 Course

1 and Session 12 Course 1 were annotated with the grunt scheme described in Chapter 4,
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Table 6.1: Grunt token inventory for the annotated portion of the Portal Dialogue Corpus

Token n Token n Token n

agh 1 nn 1 thinking noises 1
ah 28 oh 287 ugh 4
aw 2 oh-oh-oh 1 uh 171
ay 2 oof 11 uh-huh 3
blech 1 ooh 15 uh-oh 5
doo-doo-doo-doo 1 ooh-ooh 1 um 30
ee 2 oop 2 whee 17
eh 9 oops 4 whoa 7
hm 25 ope 1 woo-hoo-hoo 1
hu-um 1 ow 1 wow 3
huh 10 oy vey 2 yay 4
mm 9 phew 2 yippee 1
mm-hm 8 singing 3 yo 1

totaling 12 videos lasting approximately 65 minutes. There were two unique speakers in each

Session, for a total of four. Full token counts are shown in Table 6.1.

An observation about observation and the oh token: annotating observation vs ac-

cept was difficult because players walk through a virtual world. They are constantly seeing

different rooms, portals, and other things in the environment. I made the decision to anno-

tate standalone oh as accept with the rationale of the visualization of new environments

or items in the world served as proposition which the player accepts and uses for navigating

the situation and the puzzle. Since different items may or may not be useful to the players,

at the time of their appearance, I annotated as accept since the state of the items may end

up as part of the Common Ground for the players solving the puzzle. Grunts occur far more

frequently in Portal (10.5 per minute) than in the Weights Task (2.6 per minute) or Glider

(3.2 per minute).

One additional note on the token oh in Portal. In the dyads I chose, Session 12 in

particular, used the phrase oh my god several times. During annotation, I did not have a

graceful way to handle these, so I parked them as filled pauses because they are part of

a larger bound phrase. In an analysis of the transcripts, I found that approximately 10% of
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Table 6.2: Grunt dialogue act distribution across
Weights Task, Glider, and Portal

WTD Glider Portal

Dialogue Act N % N % N %

accept 160 43.6 41 31.5 312 45.9
FP + Bound 126 34.3 72 55.4 296 43.5
observation 32 8.7 1 0.7 6 0.9
answer 21 5.7 3 2.3 30 4.4
doubt 20 5.4 4 3.1 29 4.3
Other 8 2.2 9 6.9 7 1.0

Total 367 100 130 100 680 100

the ohs in Portal filled pauses were oh my gods, so in the tables in this chapter, I will

label this category as Filled pause + Bound. This does not impact either the standalone or

accept analysis.

Table 6.3 shows the distributions of grunts to all antecedent types. This counts all grunts,

regardless of dialogue act and utterance position. As before, these are the same grunts as

Table 6.2 classified with different criteria. In the Portal corpus, grunts respond to events

more often than they do to speech by a significant margin. By far, this is the highest

proportion of grunts responding to events of the 3 data sets. The Portal task is a far more

event-dense environment: participants contend with moving mechanical elements (doors,

elevators, lasers) and with information on in-game signs and screens, while collaborative

verbal reasoning is comparatively sparse. The event-grounding rate thus scales with the

event density of the task. That events remain a major groundable category across all three

corpora supports the broader claim that observable events function as contributions requiring

acknowledgment rather than a minor or task-specific phenomenon. They are dominant in

Portal, and near parity in the Weights Task.
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Table 6.3: Antecedent type distribution across Weights Task, Glider, and Portal

WTD Glider Portal

Antecedent Type N % N % N %

No antecedent 126 34.3 81 60.4 296 43.5
Speech 104 28.3 22 16.9 88 12.9
Event 107 29.1 18 13.8 274 40.3
Speech describing event 22 6.0 13 10.0 22 3.2

6.2 Portal Token Specialization by Antecedent Type

The token specialization in Portal replicates my earlier findings on the event side, but the

effect is not visible on the speech as antecedent side. In all three corpora, oh, ooh, and hm all

lean toward event gruntable antecedents. However, mm-hm’s strong preference for speech,

which is robust in the Weights Task and Glider, is not apparent in Portal.

This follows from Portal’s observed interactional profile. There is little sustained verbal

exchange in the annotated dyads, so there is relatively less conversational speech available

to acknowledge. Only 12.9% of Portal grunts follow speech, so the speech-continuer function

that mm-hm fills has fewer occasions to appear. The event-reactive tokens, by contrast,

have abundant triggers and dominate: oh alone accounts for 49% of Portal accepts, mostly

following events.

Portal also shows a wider inventory of reactive tokens than the other corpora—whee,

oof, whoa, uh-oh, yay—reflecting the affective stakes of game success and failure. These fall

outside the seven-token set common to all corpora and are event-driven as shown in Table

6.4.

The event-reactive specialization thus generalizes across all three settings, while the

speech-continuer specialization is contingent on the presence of verbal contributions to be

grounded. This is consistent with the account on which token choice tracks the source of the

grounded contribution: where events predominate, so do event-grounding tokens.

Roughly half of Portal grunts constitute complete turns, compared to about 80% in the

Weights Task and Glider. The remaining Portal grunts are embedded in larger turns—often,
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(c) Portal (n = 312).

Figure 6.2: Functional specialization among accept tokens. Each bar is a percentage of
that corpus’s accepts.

it appears, opening them rather than standing alone. Why event-dense interaction should

shift grunts from complete turns toward turn-initial position is a question about the struc-

tural role of grunts, which the next chapter takes up directly: Chapter 7 examines where in

a turn grunts occur and what that position reveals about their grounding function.
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Figure 6.3: Combined view for all 3 corpora. Divergent tokens reflect differing grunt inven-
tories across the speaker groups.

Table 6.4: Expressive and reactive accept tokens in Portal outside the six-token inventory
shared across corpora (n = 90, 28.8% of Portal accepts). Nearly all follow events.

Token n Token n

whee 17 oops 4
oof 9 um 4
whoa 7 eh 4
huh 5 yay 4
uh 5 ugh 3
uh-oh 5 13 singletons 13

6.3 Portal Prosody

Chapter 5 found that event-following accept grunts in the Weights Task differ prosodically

from speech-following ones. This section asks whether that pattern extends to Portal. Be-

cause the Portal subset was sampled for depth rather than breadth, there are two dyads

recorded over 6 videos each. This means that the prosodic analysis here relies on just 4

speakers, so I report it as exploratory corroboration.

As with the WTD and Glider analysis in Chapter 5, I focus the prosodic analysis on

standalone accepts. This clearly delineates the tokens from surrounding ones. Portal’s

time-stamped transcription allowed for easier extraction based on a list of grunt tokens,

so I did not refine word boundaries myself. This leaves 157 standalone accepts for the

analysis. Fundamental frequency is reported in semitones relative to each speaker’s median

F0, as before. Because only four speakers contributed standalone accepts in both an-
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tecedent conditions, the primary test aggregates to per-speaker means and compares speech-

and event-following grunts within speaker. I also omitted loudness/intensity for the Por-

tal analysis due to the likely presence of Automatic Gain Control (AGC) on the voice-chat

microphones.

Event-following grunts are higher and wider in pitch than speech-following grunts (Ta-

ble 6.5): roughly five semitones higher in mean F0 (+3.69 vs. −1.21 ST) and more than

double the pitch range (166 vs. 70 Hz). The pitch effect survives speaker-level aggrega-

tion: on per-speaker means, event-following grunts are significantly higher in F0 (paired

t(3) = 3.77, p = .033) and wider in range (t(3) = 2.71, p = .073). Duration, by contrast,

does not differ (0.52 vs. 0.49 s, n.s.). F1 is higher for event-following grunts (649 vs. 590 Hz)

but does not differ reliably given the small speaker sample.

Table 6.5: Acoustic features of standalone accept grunts in Portal by antecedent type.
Mean (SD). F0 in semitones relative to each speaker’s median.

Antecedent n Duration (s) F0 (ST) Pitch range (Hz) F1 (Hz)

Speech 29 0.490 (0.388) −1.21 70 590
Event 118 0.519 (0.298) +3.69 166 649
Speech DE 10 0.651 (0.253) −1.34 71 644

Note: On per-speaker means (four speakers contributing both conditions), event-following grunts are
significantly higher in F0 (t(3) = 3.77, p = .033) and wider in pitch range (t(3) = 2.71, p = .073). Duration,
F1, and the speech-describing-event category do not differ reliably.

This pattern is clearest within a single token. Oh is the only token with sufficient produc-

tions in both conditions (speech n = 15, event n = 41). For oh, event-following productions

are substantially higher in pitch (F0: t = 2.75, p = .009, d = 0.65) and wider in range

(t = 4.68, p < .001, d = 0.93), with no difference in duration. Because token identity is

constant, this provides some within-token evidence for prosodic modulation by antecedent,

which the smaller Weights Task and Glider corpora were underpowered to detect.
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6.4 Grunt Token Entrainment in Portal

A natural question for a repeated-interaction corpus is whether the two members of a dyad

entrain on grunt-token choice. The Portal corpus is well suited to this question. Each dyad

plays together for an extended session, and the released transcripts provide grunt token

productions for all eighteen dyads. This analysis uses the full corpus rather than the hand-

annotated subset, since entrainment requires only token, speaker, and timestamp of the

speech.

Grunt tokens were extracted from the player transcripts using a lexicon observed from

the corpus. To avoid measuring similarity that might be driven by common filled pauses,

i.e., uh and um, these tokens were excluded. The analysis is restricted to the contentful

grunts where convention formation would be expected to occur. Entrainment was assessed

three ways.

Distributional similarity. For each dyad, a grunt-token frequency vector was built for

each player, and the cosine similarity between the two players’ vectors was computed. To

distinguish partner-specific similarity from similarity driven by the shared task, real-partner

similarity was compared against a permutation baseline of cross-dyad (artificial) pairings.

Real partners were no more similar than randomly paired non-partners (real mean cosine

= 0.97, artificial pairs = 0.96). 41% of the random pairings were as similar as, or more

similar than, the real partners.

Convergence over time. Each dyad’s session was divided into three ordered windows

across the levels, and the change in player-to-player similarity across them was estimated as

a slope. There was no convergence: the mean slope was slightly negative (−0.012), and only

four of the eighteen dyads showed positive trend.

Adoption of idiosyncratic tokens. Convention formation is also possibly visible in

rare or novel token use, as in the lexical “catch” example documented in the Portal paper

Tomlin et al. 2025. Restricting to grunts used by at most three dyads, only one such token

was shared by both players of any dyad. Shared expressive tokens such as whee observed
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multiple times during annotation of Session 12 proved to be distributed across many dyads

rather than partnership-specific, indicating common reactions to similar game events rather

than adoption.

Across all three measures, grunt-token use showed no evidence of interpersonal entrain-

ment. This contrasts with the lexical convention formation that the same players exhibit for

content words. This can be interpreted as a lack of alignment on grunts, even as participants

align on content words. This fits the account in Chapters 4 and 5: grunts track the source

of the contribution being grounded (speech or observable event).

6.5 Conclusion

This chapter tested whether the distributional and prosodic findings of the preceding chapters

hold beyond the WTD and Glider corpora, using the Portal Dialogue Corpus as a structurally

distinct third setting. It is dyadic like Glider, virtual rather than physically co-situated, and

far more event-dense than either the Weights Task or Glider. The central phenomenon

generalizes, but its surface realization is shaped by the task.

The distributional findings replicate and, in one respect, strengthen. Grunts ground

observable events at a higher rate in Portal than in either earlier corpus. Grunts occur

roughly four times more often per minute, and events are the dominant antecedent (40.3%)

rather than at parity with speech. The rate of event-grounding scales with the event density

of the task, while events remain a major groundable category throughout. This is positive

evidence that observable events function as contributions requiring acknowledgment rather

than as an artifact of any one corpus scenario.

Token specialization replicates only in part. The event-reactive preference of oh, ooh,

and hm holds across all three corpora, but the speech-continuer role of mm-hm does not

replicate in Portal, where there is little sustained verbal exchange to be acknowledged. The

specialization is thus better understood as tracking the source of the grounded contribution.

Where speech is sparse, the speech-grounding tokens have few occasions to appear.
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The prosodic finding replicates on a different acoustic dimension. Where the Weights

Task marked event-following grunts through duration, Portal marks them through pitch:

event-following accepts are higher and wider in pitch, and, for oh, holds within a single

token. This evidence for prosodic modulation is a new finding that the smaller corpora were

underpowered to detect, though it rests on four speakers and is reported as exploratory. The

specific means differs across corpora, even as event-following grunts are prosodically marked

in each, reinforces the claim that grounding source can be encoded in acoustic form rather

than in any single fixed feature.

Finally, grunt-token use showed no evidence of interpersonal entrainment on any of three

measures, even though the same players form lexical conventions for content words. Grunt

selection appears to be governed by what is being grounded rather than by alignment to a

partner. This is consistent with the information source-tracking account, for which entrain-

ment could have been a competing explanation.

Taken together, the Portal results support a unified conclusion. The grounding functions

of grunts established in earlier chapters are present across different collaborative settings.

Their surface form (tokens, acoustic feature, frequency) is sensitive to the structure of the

task.

Only about half of Portal grunts constitute complete conversational turns, against roughly

80% in the other corpora, with the remainder embedded in larger turns. Where grunts fall

within a turn, and what that position reveals about their grounding role, is the subject of

Chapter 7.
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7 GRUNT TURN POSITION

The distributional and acoustic analyses in the preceding chapters characterize grunts at the

token, functional, and acoustic levels. This extension examines whether a grunt stands alone

as a complete turn, prefaces a longer verbal contribution, sits embedded within a turn, or

ends an utterance. Each of these positions suggests a different grounding role.

Turn-position annotation was conducted manually in ELAN across all nine WTD videos

and the Glider video, using the grunt annotations from Chapter 4 as the input. Manual

annotation was chosen over an automated approach because grunt tokens in naturalistic

speech are not reliably detectable by ASR systems, as discussed in Chapter 1.

7.1 Turn Position Typology and Annotation

The annotation uses a four-way positional typology:

standalone The grunt constitutes the entire conversational turn. A: put green on the scale

/ B: mm-hm

turn-initial The grunt precedes verbal content in the same turn. oh, that one’s heavier

turn-medial The grunt is embedded within a turn, with other speech both before and after.

the red one is, uh, ten grams

turn-final The grunt follows verbal content in the same turn. so it balances, huh

A standalone grunt is a complete move (e.g., acceptance, doubt, observation) with no sur-

rounding speech. This is the minimal case in the prosodic analysis in the previous chapters.

A turn-initial grunt precedes additional verbal content in the same turn, typically registering

a contribution before the speaker fills in additional detail. A turn-medial grunt is embedded

in a speaker’s turn, often serving as a filled pause or internal acknowledgment. A turn-final

grunt follows verbal content in the same turn, often signaling that the topic can advance.

These positions may predict the different distributions of dialogue act, antecedent type, and

token selection.
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Approximately 80% of non-filled-pause grunts in the WTD and Glider corpus are stan-

dalone, as reported in Chapter 4; compared to 50% of Portal. The other three categories

are drawn primarily from the remaining grunts, which means the counts for non-standalone

positions are smaller but analyzable.

Table 7.1 gives the overall position distribution in each corpus. The corpora differ

markedly: Weights Task grunts are most often standalone (52%), Portal grunts are most

often turn-initial (48%), with Glider between (34%). This aligns with the observation that

Portal grunts far less frequently constitute complete turns than those of the other corpora.

Table 7.1: Turn position distribution by corpus (% of grunts).

Corpus n Standalone (%) Initial (%) Middle (%) Final (%)

Weights Task 367 52 31 13 4
Glider 130 30 34 28 8
Portal 680 32 48 15 5

7.2 Position by Antecedent

If turn position encodes grounding source like token and prosody do, event- and speech-

following grunts would differ in where they occur in a turn. Table 7.2 shows the position

distribution of grunts in each corpus.

Table 7.2: Turn position by grounding source, per corpus. Each row gives the percentage of
that corpus’s speech- or event-following grunts in each position. Within the Weights Task,
event-following grunts are turn-initial more than twice as often as speech-following grunts;
in Portal the contrast is absent.

Corpus Antecedent n Standalone (%) Initial (%) Middle (%) Final (%)

Weights Task Speech 106 82 13 1 4
Event 110 61 32 6 1

Glider Speech 22 50 32 5 14
Event 18 28 44 28 0

Portal Speech 88 48 51 1 0
Event 274 47 43 7 3

In the Weights Task the two diverge clearly. Speech-following grunts are overwhelmingly
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standalone (82%) and rarely turn-initial (13%): an acknowledgment of something a part-

ner said tends to stand on its own as a complete contribution. Event-following grunts are

standalone less often (61%) and turn-initial more than twice as often (32%): a grunt that

registers an observed event tends to open a turn that continues into further talk.

Glider shows the same direction. Event-following grunts are turn-initial more often than

speech-following ones (44% vs. 32%), and speech-following grunts are standalone more often

(50% vs. 28%). With only forty classified grunts, however, the association does not reach

significance, though it is consistent with the Weights Task.

Portal departs from this pattern. Grunts there are turn-initial at similar rates whether

they follow speech (51%) or an event (43%), and standalone at similar rates as well (48% vs.

47%). Position does not distinguish the two grounding sources in the same way. Part of this

is a matter of token composition. Portal accepts are dominated by oh, which makes up

roughly half of them, and oh is turn-initial in about two-thirds of its uses regardless of what

it follows (Table 7.4). When a single turn-initial token dominates the inventory, the contrast

is absorbed. The rapid, event-dense character of the Portal interaction could favor grunts

that open turns, since players are reacting continuously to new changes in the environment

while acting in parallel.

Similar to the restricted analyses in previous chapters, the trend holds when limited to

accepts as shown in Table 7.3.

In the Weights Task the two grounding sources diverge clearly. Speech-following accepts

are overwhelmingly standalone (84%) and rarely turn-initial (12%): an acknowledgment of

something a partner said tends to stand on its own as a complete contribution. Event-

following accepts are standalone less often (58%) and turn-initial three times as often

(37%): a grunt that registers an observed event tends to open a turn that continues into

further talk. Glider shows the same direction. Portal departs from the pattern: accepts

are turn-initial at similar rates whether they follow speech (44%) or an event (43%)

The Weights Task and Glider show that turn position can encode grounding source.
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Table 7.3: Turn position of accept grunts by grounding source, per corpus. Within the
Weights Task, event-following accepts are turn-initial about three times as often as speech-
following ones; in Portal position does not distinguish the two.

Corpus Antecedent n Position (%)

Standalone (%) Initial (%) Middle (%) Final (%)

Weights Task Speech 74 84 12 1 3
Event 65 58 37 3 2

Glider Speech 16 62 31 6 0
Event 10 30 60 10 0

Portal Speech 52 56 44 0 0
Event 242 48 43 7 2

For these situations, event-following grunts open turns, speech-following grunts complete

them. Similar to the prosodic findings of Chapter 6, this positional contrast may be task-

sensitive rather than fixed. The effect is flattened in the faster-paced, event-saturated Portal

interaction. A fixed antecedent-to-position mapping does not generalize, but is a resource

available for grounding.

7.3 Position by Token

Position is strongly associated with token identity, and the association recovers the same

functional grouping found in the distributional and prosodic analyses (Table 7.4). Some

patterns are clear. The acknowledgment tokens mm-hm, mm, and hm are overwhelmingly

standalone. For example, mm-hm constitutes a complete turn in 97% of its occurrences

across the three corpora. These tokens ground a contribution and yield the floor. The

reactive tokens oh and ah, by contrast, are predominantly turn-initial (65% and 67%). They

open a turn, registering and grounding something and leading to further talk. Finally, the

filled pauses uh and um are the only tokens that frequently occur in the middle of turns, which

is consistent with their function as planning moves rather than grounding acts. Turn-final

grunts were rare across all three. Observationally, they typically involve speakers trailing off

incomplete thoughts, or appending polar questions.

81



(Chapter 4).

Table 7.4: Turn position by token (percentage of each token’s occurrences, pooled across
corpora).

Token n Standalone (%) Initial (%) Middle (%) Final (%)

mm-hm 74 97 3 0 0
mm 43 81 16 0 2
hm 50 70 30 0 0
oh 357 22 65 12 1
ah 43 23 67 7 2
ooh 36 50 39 6 6
uh 240 14 38 37 12
um 98 24 34 35 7

7.4 Conclusion

This chapter examined turn position as a third channel through which grunts encode ground-

ing role, alongside token selection and acoustic form. Three findings emerge.

Position is tied to token identity, and the mapping aligns with the groupings in earlier

chapters. Acknowledgment tokens (mm-hm, mm, hm) are almost always standalone complete

turns. Reactive tokens (oh, ah) overwhelmingly open turns; and the filled pauses (uh, um)

are alone in occurring turn-medially, consistent with their treatment as planning markers

rather than grounding acts.

In the Weights Task, position encodes the grounding source. This also holds in Glider

with the smaller sample size. Event-following grunts open turns much more often than

speech-following ones. The same result holds when restricted to accepts. Position is

additional evidence that grounding source can be marked in grunt form.

The position contrast seems to be task- or environment- sensitive, not fixed. In dyads I

annotated in Portal, the grunt inventory is dominated by the turn-initial oh token. Grunts

open turns regardless of speech or event gruntable antecedent. This is similar to the prosodic

findings of Chapter 6. There is not a generalizable mapping from antecedent to position, but

grunt position can be a resource speakers recruit for grounding work, varying to the setup
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of the interaction.

Combined with the distributional and acoustic results, the turn position analysis shows

a consistent picture. The gruntable source is inferrable from the grunt token choice, how

the grunt is expressed, and where it might fall in the turn. None of these dimensions is

singular, but across them and across the corpora, the distinction between grounding speech

and grounding events is encoded in the form of the minimal vocalizations.
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8 CONCLUSIONS AND FUTURE DIRECTIONS

8.1 Summary of the Dissertation

This dissertation has argued that non-lexical communicative acts are first-class contributions

to the common ground in multimodal dialogue. The minimal vocalizations that follow spoken

assertions or completed actions are not noise to be filtered by automatic systems. They

are not only continuers holding the conversation turn. These grunts are grounding acts,

performing communicative work on par with explicit verbal acknowledgments, and doing so

very frequently and efficiency in co-situated interactions.

The argument proceeded sequentially, starting with extensible formal frameworks for

non-verbal modalities. Gesture AMR established the premise that non-verbal communica-

tive modalities have representable propositional content. The formal tools designed to rep-

resent speech can be extended to other modalities. The scaffolding chapter put together

an account of grounding that the subsequent grunt analysis depended on. The Weights

Task Dataset corpus was designed to elicit genuine multimodal communication, and the ac-

tion annotation approach put physical actions into the same representational framework as

speech and gesture. The Common Ground Tracking work, along with the supporting theory

papers, developed the QBank/EBank/FBank structure. The work on MM-AMR and MM-

MS-AMR, as well as the information state work, showed how speech, action, and gesture

can be integrated in a common account. With this work as a backdrop, the grunt analysis

made its central claim, i.e. grunts respond to speech and observable events at nearly equal

rates. The EB-DEL model formalizes how a grunt can promote evidence to accepted fact in

the common ground. Observable events function as propositional contributions on par with

utterances. My annotation scheme and distributional analysis show that grounding source

is encoded by token choice. The prosodic analysis showed that grounding source is also

encoded acoustically, and the turn-position analysis showed that the gruntable antecedent

is encoded structurally, by where a grunt falls within a turn. The Portal Dialogue Corpus

demonstrated that these findings hold beyond the Weights Task and the Glider video, in a
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very different environment. The central phenomenon, that people use grunts differently to

respond to speech and events, generalizes across corpora while its surface realization can be

shaped by the task.

It establishes the foundation through four interconnected contributions. Gesture AMR

demonstrates that non-lexical acts have representable propositional content and can be

brought within the scope of formal meaning representation. The Weights Task Dataset,

Common Ground Tracking framework, and action annotation model provide the empirical

and theoretical scaffolding for tracking multimodal grounding over the course of an inter-

action. The grunt annotation scheme and EB-DEL formal model characterize grunts as

fact-promoting moves in the common ground, with distributional findings establishing that

they respond to speech and observable events at comparable rates. The prosodic analysis

shows that token selection and acoustic realization jointly encode grounding source.

8.2 How Grounding Source is Encoded

The empirical chapters in the dissertation approached grunts from three perspectives, and

analyzed them separately: token identity, acoustic realization, and position within a turn.

Taken together, these perspectives tell a single story. Across all three dimensions, the form of

a grunt consistently encodes its grounding source, whether the grunt responds to something

a co-interlocutor said, or to something observed in the shared environment. This unified the

distributional, prosodic, and structural results, and is my central claim. The speech-event

contrast is not carried by any single feature of a grunt, but is distributed redundantly across

token, acoustics, and position.

Consider how each channel carries the contrast. At the level of grunt token selection,

the corpora show a clear functional split. Acknowledging tokens, mm-hm, mm, and less

often hm, lean toward speech antecedents, consistent with their long-standing description

as continuers and backchannels that pass the floor back to a speaker. Reactive tokens, oh,

ooh, and hm, lean toward observable events, consistent with the change-of-state account
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of oh in the conversation-analytic literature. Uh and um showed up most consistently as

filled pauses and planning signals, consistent with previous work. A test over the most

frequent tokens showed that token choice varies systematically by the antecedent gruntable

type. Token selection provides a coarse, categorical signal about what is being grounded.

Hearing mm-hm is good evidence that someone else has spoken, and hearing oh or ooh

is good evidence that something has happened external to the speakers. At the level of

acoustic form, the same contrast appears. Event-following grunts are, at the population

level, longer in duration, higher and wider in pitch, and higher in F1 than speech-following

grunts. However, once grunt token is entered into the model, the duration and F1 effects in

the Weights Task is reduced, indicating that much of the population-level acoustic difference

follows from the inherent acoustics of the tokens speakers select rather than from independent

prosodic modulation. The best evidence that prosody carries antecedent information within

a fixed token comes from Portal, where oh (which is the only token with enough post-event

and post-speech examples) is reliably higher and wider in pitch when it follows an event than

when it follows speech. This is a genuine finding for in-token modulation, but it rests on

a small sample of 4 speakers. At the level of turn position, the contrast is encoded a third

way. In the Weights Task, speech-following grunts are overwhelmingly standalone complete

turns, while event-following grunts are disproportionately turn-initial; a grunt that registers

an observed event tends to open a turn that continues into further talk, whereas a grunt

that acknowledges a partner’s utterance tends to stand alone as a complete contribution.

The effect holds in the same direction in Glider and persists when the analysis is restricted

to accept moves.

These three analyses, conducted on different data sets, come to the same grouping. The

tokens that prefer events are the tokens that open turns and the tokens with the more open,

marked acoustic profiles; the tokens that prefer speech are the tokens that stand alone and

the tokens with the reduced, nasal profiles. Grounding source is encoded redundantly, across

token, acoustic form, and turn position, with no single channel as decisive. Token selection
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is the most reliable and does the most work, acoustic form and position add further marking,

and the three overlap rather than fully partition the signal.

From the speaker’s perspective, this means that token, acoustics, and turn position con-

stitute a repertoire of resources available for marking grounding source. The predominating

resource is conditioned by what the task and situation scenario affords its participants. Uti-

lizing the idea of affordances from Gibson (Gibson 1977), a collaborative task affords its

participants particular communicative resources to solve the challenge. Participants may

use sustained verbal exchange, gestures and physical movement, the stream of observable

events, as well as opportunities to take or yield the floor. The grounding work of grunts

is distributed across the available channels accordingly. I am not claiming that speakers

deliberately select among channels. In the corpora examined for the dissertation, the cross-

corpus shifts are distributional, and most can be explained by what each task affords rather

than by any strategic choice by the participants. Where an interaction supplies sustained

verbal exchange, the speech-grounding tokens and standalone turn position have ample oc-

casion to do the work; in the Weights Task, where participants reason about block weights,

mm-hm predominantly follows speech, speech-following grunts are standalone over eighty

percent of the time, and speech and observable events serve as antecedents at near-equal

rates. The same speech-side pattern holds in Glider, a two-person furniture-assembly task

in which long stretches of quiet work are punctuated by talk: mm-hm and uh-huh appear as

speech-following acknowledgments, and speech-following grunts again tend to stand alone,

even though the more meticulous, sequential task yields fewer groundable events overall. In

the Portal corpus, the interaction instead supplies a near-continuous stream of observable

events and comparatively little talk. Here, mm-hm’s speech preference disappears, because

there is less conversational speech for it to acknowledge. The reactive oh carries the distinc-

tion in Portal. It accounts for nearly half of accepts and has higher and wider pitch in my

sample. Across the three settings, speakers draw on the same resources; which ones do the

grounding work depends on the task.
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The perspectives of the previous two paragraphs are two views of the same analysis.

From the outside, grounding source is redundantly marked; from the speaker’s side, the

repertoire of channels is utilized according to the interactional setup. Because the grounding

source is marked in more than one place, the speech-event distinction stays recoverable when

one channel carries less information. In Portal, where there’s little speech to acknowledge,

mm-hm’s speech preference flattens and position stops separating the sources, but the pitch

of oh can still differentiate its source. No corpus in the dissertation rests the distinction on

a single feature, so none leaves it unmarked. The corpus can’t quite make this redundancy

claim on its own. It would take a perceptual or interactional study, maybe by artificially

manipulating pitch or duration of tokens, to demonstrate that speakers and listeners actually

use this redundancy. I’ll leave that as a future possibility.

8.3 Caveats and Limitations

The findings in this dissertation are subject to several caveats and limitations, largely due to

the nature of the data and the difficulties of the annotation task. Each of the listed limitations

is also an opportunity for more esting of the ideas and account of the dissertation.

The most consequential limitation is the sample size of the annotated data, from which

I base several of the acoustic takeaway claims. The data set is substantial in grunt tokens,

with approximately 1000 annotated across WTD, Glider, and Portal. But there are relatively

few speakers. The Weights Task portion has fewer than thirty unique speakers, and Glider

has only two. Portal, where I demonstrate the in-token modulation for oh, has just four,

across two pairs. The oh finding is the cleanest demonstration that grounding source differs

prosodically within a fixed token, so it is vulnerable to the small speaker sample.

The audio recording quality constrains what could be measured and where. The Weights

Task was captured on a single room microphone shared by all speakers and is not diarized.

There is overlapping speech, and varying distance to the microphone. The Glider video was

recorded on a camcorder and later digitized. Glider’s audio yielded unreliable formant and
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pitch estimates and was therefore excluded from the prosodic analysis entirely, retained only

for the categorical token, dialogue-act, and antecedent results. The shared-microphone setup

also placed the theoretically motivated feature of intensity out of reach. Ward’s work ties

it to confidence and emphasis, but intensity cannot be reliably be recovered when mic-to-

speaker distance varies so much, so loudness plays no role in the acoustic account despite its

possible relevance. Portal’s per-speaker audio is captured with individual microphones per

speaker, which is part of why it could supply the within-token test, but it introduces its own

uncertainty in the form of possible automatic gain control in the voice-chat pipeline, which

would compress exactly the intensity differences that might otherwise be measured.

The gruntable annotation reliability poses another limitation. Identifying a grunt is mod-

erately reliable, with agreement shown to be on par with comparable tasks. But identifying

what a grunt responded to proved to be substantially more difficult. The retrospective,

causal judgment of which prior utterance or event triggered a grunt is genuinely difficult,

since multiple plausible antecedents often fall within a short window. Combining grunt-

able and grunt annotation in a single annotation pass increased the difficulty of the task.

Annotations were subject to cascading disagreements; meaning if annotators disagreed on

a grunt annotation, the dependent gruntable annotations would necessarily be misaligned.

Reframing the task by giving annotators the gold-standard grunts and asking only for the

antecedent gruntable showed reliable agreement. Even with the reframing, the annotations

are more secure at the coarse speech/event level than in the finer subcategories. The speech-

describing-event category in particular remained the area of most disagreement, likely due

to a lack of refinement in the guidelines for ambiguous cases.

Also in the realm of annotation, the dissertation largely relies on my single-annotator

gold standard throughout. The subset annotated for agreement is small, and the annotators

did not have formal training in the subject matter. The initial grunt agreement is promising,

but over-reliance on a single annotator’s judgment is a risk.

One additional limitation is narrower. The different setup of the Portal data required an
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annotation judgment call. Because the players move continuously through a virtual world

in which new rooms and objects are constantly appearing, the boundary between observe

and accept was blurred. I annotated standalone oh primarily as accept on the rationale

that the newly visible environment element constitutes an event proposition the player takes

up, similar to the event-to-acceptance structure used for the Weights Task, even where no

prior question was under discussion.

8.4 Future Directions

Several additional threads emerge from the work presented here that are beyond the scope

of the dissertation but represent natural extensions of the work’s contributions. There are

some broad themes: integrating grunts into computational models of grounding, recovering

and recognizing grunts from the speech signal, experimental testing of the encoding claims,

and extending the theoretical account beyond grunts.

Grunts in computational models The Common Ground Tracking pipeline of Chap-

ter 3 did not consider minimal vocalizations. Its move classifier operates over utterance-

derived segments, and because the ASR systems used to produce those segments filter ex-

actly the tokens studied here, grunts that constitute complete turns are largely absent from

the input. A first step is to measure that gap directly: how many grounding-relevant grunts,

particularly the standalone accept and doubt moves that promote and demote proposi-

tions in the common ground. fall outside the segments the tracker operates on, and are

therefore invisible to it by construction.

Recovering grunts from the speech signal The filtering problem motivates a ded-

icated grunt-detection system. I have carried out some preliminary experimentation on a

Wav2Vec2-based (Baevski et al. 2020) classifier trained to identify the difference between

output from a voice activity detection algorithm (VAD) (Team 2024) and ASR using faster-

whisper 1. These experiments use podcast audio, providing groundwork for a more robust

1https://github.com/SYSTRAN/faster-whisper
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grunt detection pipeline that could be integrated with systems to recover the tokens they

currently filter. These regions that have vocal activity but no recognized speech are can-

didate grunts, but in early results, it’s common to identify music and laughter alongside

grunts.

A more robust detector, integrated with downstream dialogue systems, would let those

systems recover the tokens they currently discard. A natural companion is a systematic

benchmark of how leading ASR systems such as Parakeet, Qwen, and DeepSpeech handle

non-lexical vocalizations (Kuchaiev et al. 2019; Chu et al. 2023; Hannun et al. 2014). Beyond

the manual annotation approach used here, simulation-based validation (Tam et al. 2023b)

offers another path forward for verifying multimodal annotation schemes. Quantifying what

fraction of grunts each system captures would inform both system selection for multimodal

dialogue work and the design of grunt-aware recognition, and with luck turn up another

disfluency-removal policy as quotable as the one in the Whisper paper.

Testing the encoding claim experimentally The central claim of this dissertation,

that the form of a grunt encodes its grounding source, has been established observationally

from the distributions and measurements from the three corpora. An experimental test is a

natural next step. A perceptual study could ask whether a listener, given a single grunt in

isolation, can recover what it was responding to, and whether artificially manipulating pitch

or duration shifts that judgment. This would establish whether the redundancy described

earlier in this chapter is something speakers and listeners actually exploit. The three encoding

channels could also be modeled jointly: a single classifier predicting grounding source from

token, acoustic form, and turn position together would quantify how much each channel

contributes independently of the others, which the separate analyses here cannot. The

denser sampling that such a model would need is the kind of data an expanded Portal

annotation could supply. On a related note, the token-entrainment analysis of Chapter 6

could be extended to the acoustics. It would be interesting to see whether dyads converge

on grunt prosody over an interaction, as they do not on grunt tokens. The paired structure
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of Portal is suited to answer with per-speaker audio across more dyads than were annotated

for this dissertation.

Extending the account The grunts studied here sit between non-lexical sounds and

conventional words, and the question of how they move along that continuum is open. Wow

seems to have made the journey to full word: it can be used as a noun (”that was a wow”),

verb (”wowed the committee”) and is drifting towards adjectival use (”wow moment”). Per-

haps one day we will be uh-huh-ing and uh-uh-ing each other (once we work out the spellings).

Meta-communicative vocalizations observed in all corpora (e.g., whistling, humming, singing

during problem-solving) appear to mark discourse segment transitions and task-completion

boundaries. These fall outside the grunt category as defined in this work but are plausibly

part of the same broader phenomenon: non-lexical vocalizations that communicate struc-

tural information about the interaction (Keevallik and Ogden 2020). Finally, the relationship

between grunts and co-occurring gesture is unexamined here: whether speakers grunt differ-

ently when they also gesture, and whether gesture and grunt trade off in carrying grounding

work, is a question the multimodal corpora are positioned to address, in tandem with GAMR

annotation.

8.5 Conclusion

This work had argued that non-lexical communicative acts are first-class contributions to the

common ground in multimodal dialogue. It establishes the foundation through four intercon-

nected contributions. Gesture AMR demonstrated that non-lexical acts have representable

propositional content and can be brought within the scope of formal meaning representation.

The Weights Task Dataset, Common Ground Tracking framework, and action annotation

model provided the empirical and theoretical scaffolding for tracking multimodal grounding

over the course of an interaction. The grunt annotation scheme and EB-DEL formal model

characterize grunts as fact-promoting moves in the common ground, with distributional find-

ings establishing that they respond to speech and observable events at comparable rates. The
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prosodic and turn-position analyses showed that token selection, acoustic realization, and

structural position jointly encode grounding source, and the Portal corpus established that

these findings hold across a structurally distinct collaborative setting.

Taken together, this work makes the case that grunts are not peripheral to the grounding

process but among its primary signals in co-present, task-based interaction. In situated dia-

logue, the minimal vocalization that follows a completed action or a spoken assertion is doing

the same communicative work as an explicit verbal acknowledgment. That acknowledgment

is efficient, frequent, and more systematic in how it encodes its function than existing models

of dialogue have recognized. A complete account of grounding in multimodal dialogue must

bring these small sounds into the formal and evidential picture.

The grunt work, it turns out, is doing quite a lot.
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