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ABSTRACT

EMBODIED MULTIMODAL REFERRING EXPRESSIONS GENERATION

Using both verbal and non-verbal modalities in generating definite descriptions of objects and
locations is a critical human capability in collaborative interactions. Despite advancements in
Al, embodied interactive virtual agents (IVAs) are not equipped to intelligently mix modalities
to communicate their intents as humans do, which hamstrings naturalistic multimodal IVA. We
introduce SCMRE, a situated corpus of multimodal referring expressions (MREs) intended for
training generative Al systems in multimodal IVA, focusing on multimodal referring expressions.
Our contributions include: 1) Developing an IVA platform that interprets human multimodal in-
structions and responds with language and gestures; 2) Providing 24 participants with 10 scenes,
each involving ten equally-sized blocks randomly placed on a table. These interactions generated a
dataset of 10,408 samples; 3) Analyzing SCMRE, revealing that the utilization of pointing signifi-
cantly reduces the ambiguity of prompts and increases the efficiency of IVA’s execution of humans’
prompts; 4) Augmenting and synthesizing SCMRE, resulting in 22,159 samples to generate more
data for model training; 5) Finetuning LLaMA 2-chat-13B for generating contextually-correct and
situationally-fluent multimodal referring expressions; 6) Integrating the fine-tuned model into the
IVA to evaluate the success of the generative model-enabled IVA in communication with humans;
7) Establishing the evaluation process which applies to both humans and IVAs and combines quan-

titative and qualitative metrics.
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Chapter 1

Introduction

1.1 Overview

Natural language understanding (NLU) stands as a considerable challenge within the domain of
artificial intelligence. It encompasses the ability to discern the semantic relationship, “meaning”,
between linguistic expressions—be they individual words, phrases, or complete sentences—and
underlying non-linguistic intents, as well as the capacity to articulate or communicate one’s own
intentions [1].

Human language serves as a channel for communicating the physical world of speakers, with
the concept of “symbol grounding” [2], facilitating the mapping of linguistic terms received from
a speaker to their corresponding real-world referents. This process enables interlocutors to engage
in reasoning and generate meaningful expressions. Nonetheless, recent advancements in language
understanding models, exemplified by OpenAl’s ChatGPT, GPT-2 [3], and BERT [4], are con-
strained by accessing solely the textual representation (form) of language, thereby deviating from
the actual use of the language. It may be tempting, therefore, to believe that language generation
for conversational agents (CAs) is a solved problem. However, these recent large language models
(LLMs) exhibit two significant limitations: firstly, they focus on learning only the syntactic aspects
of words, such as Part of Speech [5], and their semantic features e.g., lexical similarity [6], which
are insufficient for achieving a deep contextual understanding of language [1]. Secondly, their
black-box nature leads to the argument that they are insufficient at demonstrating understanding of
communicative intent and also cannot explain why or when these failures occur [1].

Given recent advancements in language modeling, the ability to seamlessly combine multiple
modalities will be crucial for the next generation of conversational agents (CAs). As interactive
agents become more sophisticated, interpreting both visual and linguistic contexts simultaneously,

users will expect them to behave more like humans. Embodied agents, which represent human



interactions, provide the structures that make language "deeply understandable." A number of
embodied conversation agents (ECAs) deployed in different task domains, including education [7],
negotiations [8], and medical practitioner evaluation [9]. Indeed, various applications of embodied
systems, such as robots aiding elderly individuals or virtual agents facilitating educational courses
in subjects such as biology or geography, confirm the shared requirement for agents to engage in
natural communication about their environments. Whether providing directions, describing spatial
relations, or referencing physical objects, effective communication about the surrounding context
is pivotal for these systems to interact seamlessly with humans.

As “Embodied worlds”, either virtual, physical, or mixed-reality, are a uniquely useful tool to
examine what NLP models in use meaningfully learn and “understand,” a particular class of ECAs,
namely the embodied Interactive Virtual Agent (IVA), is utilized as a measure of “deep understand-
ing” as they provided new opportunities for grounding and interpreting visuals, gestures, locational
information, or actions consequences. If one modality (e.g., language) is not communicative, an-
other modality (e.g., gesture) can be used to explore the meaning. A communicative act, C,, can
be modeled as a tuple of expressions from the modalities available to the agent, which convey
complementary or redundant information. For example, if the modalities involved are Speech,
Gesture, Facial expression, gaZe, and Action, then C, = (S, G, F, Z, A), of which any may be
null or empty. Information in one channel may be supplemented by another channel, and they may
disambiguate each other if properly aligned. For instance, if interpreted from the human’s point of
view, C, = (S = “left”, G = [Point, A Dir = RIGHT]), this may signal a difference in the agents’
relative frames of reference [10, 11]. This effect of embodiment is critical for deep understanding
of situated language, vis-a-vis something as basic as directional terms.

Due to the fact that objects within a shared situated context as anchors for establishing mutual
understanding between interlocutors, Multimodal Referring Expressions (MREs) have emerged as
a valuable case study for understanding multimodal language use in context. A referring expression
is a strategy, leveraging object characteristics and locations, to identify objects within a shared

context. Incorporating multiple referring strategies, including speech and deictic gesture, is a



defined task to study the capability of IVAs to demonstrate: 1) the interpretation of the full meaning
of intents in real-world human interactions, and 2) the generation of symmetrically-descriptive
descriptions.

To enhance deep understanding for IVAs, we propose to explore human referential strategies
via bidirectional human-IVA interactions to develop and evaluate an Al model, generating MREs
that are fluent and clear, and symmetric and bidirectional in the context they exploit when compared

to human-generated REs. This thesis was guided by following these research questions:

* RQ.1: How can an IVA effectively extract the communicative intents of others from their

deixis and language synthesis?

* RQ.2: How can a large language model (LLM) effectively integrate multiple modalities,

including speech and gesture, to convey its intentions similar to humans?

* RQ.3: What are the metrics that clearly establish whether both interlocutors are able to

correctly and efficiently extract the communicative intents of the others from their behavior?

1.2 Thesis Contributions

Existing embodied multimodal language models, such as SayCan [12], PaLM-E [13], and RT-
2 [14], have made significant strides in multimodal interaction and language comprehension, with a
primary focus on integrating distinct modalities e.g., vision, and language to contextually interpret
commands. Nonetheless, these models do not address the incorporation of gesture and speech
despite its significance on the social fluency [15]. Therefore, our goal is to bridge this gap by
developing an embodied large language model trained with SCMRE to generate fluent and clear
referring expressions, with symmetrical and bidirectional use of language and deictic gesture. Our

key contributions are:

* Developing an embodied IVA with the capability to interpret and respond using language

and gestures to collect MREs from humans.

* Collecting the SCMRE corpus via bidirectional and symmetrical human-IVA interaction.



* Implementing a fine-tuned LLM for generating contextually correct and situationally fluent

MRE:s.

* Applying quantitative and qualitative metrics to evaluate MRE generation for both humans

and the IVA.

1.3 Related Work

Recent advancements in human-machine interaction, leveraging human cognition and behav-
iors, indicate potential for enabling human-like interactions with users [16, 17]. Nonetheless, it is
argued that human-machine interaction systems lack of bidirectional and symmetrical recognition
and generation of multimodal communication mechanisms [18]. This emphasizes the significance
of machines in not solely recognizing but also generating multimodal communication within the

domain of referring expressions.

Referring Expressions Generation The psycholinguistic literature shows the impact of deic-
tic gesture on the successful communication of intent and reference for both speakers and hear-
ers [19,20]. Despite this significant contribution of deictic gesture to the successful communica-
tion, [19,20], early RE generation research prioritized linguistic description, such as relative and
absolute properties of objects (e.g., size and color) [21-23] and spatial references [24-27], and
relational episodic descriptions [27]. Where non-verbal information, such as deictic gesture, is
considered, much prior work focuses on RE comprehension rather than generation, e.g., [28-32].
Agent embodiment features were rarely integrated into generation [33,34], with most studies treat-
ing generation and comprehension separately [27,35] or it lacks the multimodal generation [36,37].
The approaches have been used to generate referring expressions fall into two categories—rule

based methods [24,35,38] and traditional learning methods [24-27].

Multimodal Generative LLMs Al demonstrated advances in the development of multimodal

foundation models (MFMs) for multimodal generation [39]. Multimodal transformers, such as



[40], VILBERT [41], VisualBERT [42], SimVLM [43], BLIP-2 [44] and Flamingo [45], process
inputs from various modalities like text, images, and point clouds. Other models focus on pro-
cessing video, audio, or 3D data understanding [46—48]. These models were pre-trained on large
multimodal datasets containing images, audios and languages. Nevertheless, multimodal LLMs

have not been pre-trained for understanding and generating a mix of deictic gestures and speech.

Datasets Several datasets and corpora contain human-generated descriptions of target objects
in visual scenes, including Bishop [49], Drawer [50], GRE3D3 [51], TUNA [21], RS-VS [26],
and recent corpora by Kunze et al. [24] and Dogan et al. [25]. Other RE corpora collected for
the purpose of training comprehension models fall into three categories—verbal references only
[52-59], gestures only [60-62], and embodied multimodal REs including language and gesture
[60,63—-66]. The embodied multimodal referential behaviours were either generated by simulators,
such as VoxSim [64], and CAESAR [65], or by humans while referring to static images [60], or
referring to outdoor objects in front of the camera [66]. Therefore, we established humans-IVA
interactions to elicit humans’ generated referring expressions while interacting with the embodied

IVA considering humans expectations from IVAs in the real time as illustrated in Table 1.1.

Metrics Overlap in the properties of human and machine descriptions can been computed ac-
cording to Dice Coefficient [67], MASI [68], Levenshtein Distance [69], BLEU [70], ROUGE [71],
CIDER [72], or METEOR [73]. Alternatively, human judges can evaluate generated REs accord-
ing to adequacy of reference or naturalness. While adequacy is evaluated by object identification
tasks [24,25,27,74], naturalness is evaluated by (1) metrics such as error rate, identification time,
and reading time [75, 76] or (2) human ranking of generated references for objects in images or
videos [24,25,64,77]. Relatedly, Kozierok et al. [78] argue that evaluating multimodal interactions
require a combination of quantitative and qualitative criteria, particularly in task-based situations.
We therefore present a task-oriented setting designed to require MREs, and a proposal for quali-
tatively and quantitatively evaluating how non-verbal strategies complement verbal strategies for

situated meaning [79].



Table 1.1: The existing corpora for generating and comprehending of referring expressions using language,
gesture, or ensemble

Dataset Lang | Gesture | Emb. | Type Source Inst.
Bishop Corpus [49] v X X Cones im- | Hum- 447
ages images
Drawer Corpus [50] v X X Drawers Hum- 140
Images images
GRE3D3 Corpus [51] v X X Sph-cube | Hum- 630
images images
TUNA Corpus [21] v X X People Hum- 2,280
images images
PointAt [60] X v v image Lab 220
ReferAt [63] v v v Video Lab 242
Reflt [53] v X X Image Image 130,525
CLEF
RefCOCO [54] v X X Image MSCOCO | 142,209
IPO [61] X v v Image Lab 287
Flickr30k entities [57] v X X Image Flickr30K | 158,915
IMHEF [62] X v v Image Lab 1716
RefCOCO+ [55] v X X Image MSCOCO | 141,564
RefCOCOg [56] v X X Image MSCOCO | 104,560
Visual Genome Corpus [77] v X X image crowd- 108,077
sourced
Kunze Corpus [24] v X X image crowd- 200
sourced
GuessWhat? [58] v X X Image MSCOCO | 155,280
CLEVR-Ref+ [52] v X X Image CLEVR 998,743
EMRE [64] v v v Video VoxSim 1,500
Cops-Ref [59] v X X Image COCO/Flickr148,712
RS-VS Corpus [26] v X X indoor im- | simulator 2,089
ages
YouReflt [66] v X X Video crowd- 4,195
sourced
CAESAR-XL [65] v v v Video CAESAR | 124,412
SCMRE v v v Symbolic | Human- 22,159
and IVA
Video

Prior work on embodied agents argues for the role of embodiment in representing the salient
content of objects in a scene [80], in contributing to mutual understanding [81], and in evaluating

the outputs of interactive systems [82]. As such, we seek to design a task-oriented setting to solicit



MREs from humans, build and evaluate models for embodied IVA, with the goal of aiding the
development of IVAs that interact with humans with symmetrical and bidirectional use of non-
verbal and verbal behavior.

To achieve this goal, we begin by explaining the development stages of the embodied inter-
active virtual agent (Chapter 2). Next, we detail the establishment of human-IVA interaction and
present the collected multimodal referring expressions (Chapter 3). Following this, we demon-
strate the proposed intelligent model for generating multimodal referring expressions (Chapter 4).
We then evaluate the IVA’s generation and comprehension capabilities using qualitative and quan-
titative metrics applied to both humans and the IVA (Chapter 5). Lastly, we discussed the im-
plications, broader impact, and limitations of the work, and provide future directions for MREG

research (Chapter 6).



Chapter 2

Interactive Virtual Agent Development

2.1 Overview

In human communication, verbal referring expressions such as spatial descriptions (e.g., “Please
bring the book beside the cup”), references to prior actions (e.g, “give me the cup you just put
down”), or attributive references (e.g, “Pick up the red block™) are often supplemented by non-
verbal cues to enhance comprehension and convey intentions efficiently. Understanding these
expressions involves a complex interplay of cognitive processes, including parsing linguistic in-
puts to predicate logical forms (PLF), locating objects, resolving spatial relationships, recalling
relevant historical actions, and interpreting pointing gestures. Inspired by human cognitive strate-
gies, our research seeks to bridge the gap between embodied intelligent virtual agents (IVA) and
cutting-edge natural language processing (NLP) technologies. By integrating VoxWorld [83], spa-
tial relations recognition, speech recognition, we aim to enable IVAs to generate and interpret
multimodal referring expressions in real-time interactions with humans. Our motivation for devel-
oping a bidirectional interaction scheme is to create methodologies for implementing a successful
multimodal generative IVA. These methodologies are sufficient for training AI models to gener-
ate human-like multimodal referring expressions, and evaluating combined verbal and non-verbal
behavior that apply equally well to human and IVA behaviors.

Prior to delving into generating and interpreting multimodal expressions, ensuring the quality
of the Google Automatic Speech Recognizer (ASR) is imperative. Google ASR is a speaker-
independent recognizer which means the translation results cannot vary relying on speakers. It
decodes audios, recognize patterns, and transcribe speech by applying computations using deep
neural networks with significant computing power that are made on Google’s servers. An anec-
dotal example highlights the importance of this step, where confusion between similar-sounding

words led to system errors [84]. Therefore, we conducted an experiment to assess Google speech



recognition performance, focusing on addressing potential challenges in linguistic expression in-
terpretation.

In this chapter, we present the IVA’s capabilities: 1) recognizing diverse verbal collaborative in-
puts, 2) transforming linguistic speech into PLF, 3) interpreting spatial referring expressions, 4) in-
terpreting descriptions based on prior events, 5) interpreting non-verbal referring expressions, and
6) deterministically generating verbal and non-verbal behaviors. The code for PLF transformation,
the relational referring expression interpretation and historical referring expression interpretation
will be publicly available on Github'.

The proposal of this work has been published in Proceedings of the First Workshop on Bridg-
ing Human Computer Interaction and Natural Language Processing [81]. Then, the details of
this chapter has been published into GENEA-2023, the generation and evaluation of non-verbal

behavior for embodied agents workshop [85].

2.2 Evaluation of Google ASR Performance

This study evaluates Google ASR’s effectiveness through audio recordings in multimodal col-
laborative tasks involving humans and machines. High-quality speech input is essential to avoid
computational interpretation issues due to recognition errors. The study objectives include ex-
amining Google ASR’s word error rate in recognizing vocabulary and phrases used in diverse
collaborative tasks, investigating the impact of biasing the recognition algorithm towards domain-
specific vocabulary, and identifying areas where recognition errors may cause downstream issues.
The source code? and datasets® used in the evaluations can be found on Github. This section pri-
marily focuses on the evaluation of Google ASR. Initially, the evaluation methods will be outlined,
followed by sections dedicated to analyzing the results of both domain-specific and open-domain

tests.

"https://github.com/nadahass/MREG_DIANA . git
Zhttps://rb.gy/gmxt2

3https://github.com/nadahass/GSR_Evaluation.git



2.2.1 Data Collection

Participants. To evaluate the performance of Google ASR within the task domain, we collected
voice recordings from 22 graduate students at Colorado State University via email. Of these par-
ticipants, 15 were male and 7 were female, with ages ranging from 18 to 65 (mean = 20, SD =
9). The recruited participants involve diverse vocal profiles, including various accents and timbres,
ensuring that speech models suitable for these voices are adequate for a crowd-sourced study. Par-
ticipants originated from the United States (15), India (4), Mexico (1), China (1), and Iran (1). As

compensation, each participant received a $10 gift card from Amazon, Chipotle, or iTunes.

Test Data. participants were asked to record scripts containing domain-specific vocabulary sourced
from the EGGNOG dataset [86]. This dataset comprises multimodal commands generated through
human-human interaction in the blocks-World domain. We selected a total of 5 scripts, each con-
taining 5-8 commands, resulting in approximately 30 commands of varying lengths (1-15 words).
Our selection process revealed three primary referring strategies used by humans in the EGGNOG
data: Artributive REs (describing object properties), Relational REs (describing objects in relation
to each other), and Historical REs (describing previously mentioned or interacted-with objects).

These selected scripts serve as the basis for our evaluation.

Procedure. Participants we recruited were requested to record their voice while reading all five
scripts at their convenience, from their preferred location. We received five recordings from each
participant, totaling 110 recordings. These audio files were then submitted to the Google Cloud
Speech API for transcription, once using Google’s open vocabulary and once with our restricted
vocabulary. This was done to evaluate the performance of Google Speech Recognition (GSR)
under these two conditions. Upon receiving the transcripts, we calculated the Word Error Rate
(WER) and accuracy detained in Section 2.1, and also considered the domain tokens necessary to

prevent any potential corruption of our experimental software.
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Scripts

Put this blue block on the table (Attributive RE). Grab the block you just put on the table.
Place it there. Take the yellow block and place it next to it. Take one more block, put it on
the top of those two blocks. Stop, you are done.

Go there. Grab this purple block. Now put it in front of the cup. Pick up the block that you
just put down to the left (Historical RE). Now, move that block and put it on top of these
boxes. Wait! Move it more this way. Stop!

H Go to that red block. Grab it and place it above these brown blocks. Nevermind! Turn
right, Rotate the block that is beside the white block (Relational RE). Take that block and
release it to the back of the blue block. That is Enough.

OK turn left, move the orange block to the right of that gray block. Wait! Grab the black
block. Go forward put it next to that block. Go here, put this pink block between these
ones. That is pretty good.

Go there! take that green plate and put it to the left of that mug. Go back! Push that glass
now to the back of that bottles. Now you're going to bring this knife and drop it in the
glass.

Figure 2.1: Selected scripts from EGGNOG dataset including highlighted examples of the most common
referring expressions

2.2.2 Operationalizations and Calculations

We developed a Java program utilizing Google Cloud client libraries to conduct measurements
of Word Error Rate (WER) and accuracy. Specifically, we implemented a function that iterates over
audio files, sends each .wav file to the Google Cloud Speech API for transcription, and generates
hypotheses. These hypotheses are then compared with the ground truth (references) to calculate
statistics such as the number of deletions, insertions, substitutions, and correct words, enabling us
to determine accuracy and WER. The source code for calculating WER is based on the ErrorRate
class provided by the Google Cloud Platform #. To evaluate the restricted recognizer, we sent
specific domain phrases to the Google Speech API using the speechContexts parameter in each API
call. In contrast, the open recognizer utilized Google’s open vocabulary. The reference, hypothesis,
number of tokens, correct tokens, substitutions, insertions, deletions, reference length, differences

between reference and hypothesis, calculated Word Error Rate (WER), calculated accuracy, and

participant demographics (gender, accent, native language, and original country) were written to

“https://github.com/GoogleCloudPlatform/java-docs-samples
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.csv files for each evaluation. Subsequently, these files were processed to determine the final

accuracy, WER, and unrecognized words for each recognizer.

Word Error Rate (WER). This metric is a popular way of assessing the quality of a speech
recognizer. WER [87] is calculated by finding the number of errors that resulted after the process
of converting speech to text. To calculate the WER, the number of errors in the hypothesis is
divided by the total number of words in the reference sentence (correct sentence). Equation 2.1

shows how the word error rate is calculated.

substitutions + deletions + insertions
WER = N (2.1
Total

Where:

* Nioia be the total number of words.

As shown in Table 2.1, The errors that summarized by WER are incorrect substitutions, deletion
or incorrect insertion of tokens that causes the clear difference between the hypothesis and the

reference.

Table 2.1: The Concept of Word Error Rate: “S” substitution, “I”” insertion, “D” deletion, “=" match

Reference now | pick | up | this | red | block
= D |S|=]= = I
Hypothesis now of | this | red | block | log

2.2.3 Results and Analysis

This section presents the evaluation results of both the open recognizer (OR) and restricted
recognizer (RR) in terms of their Word Error Rate (WER) and accuracy across multiple accents.
The objectives are to: 1) assess the ability of both open and restricted Google speech recognizers to
transcribe domain-specific speech spoken in various accents, 2) investigate the impact of biasing
the speech recognition model to domain tokens on WER and accuracy, and 3) explore common

unrecognized tokens.
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Table 2.2: Statistical testing of the impact of accents’ variety and context restriction on the performance of
Google Speech Recognizer using Welch Two Sample #-test.

\ Accuracy Groups P-value
Non-Native RR vs Native RR | 8.39¢ — 05
Non-Native OR vs Native OR | 2.58¢ — 05
Restriction Impact (RI) OR vs RR 0.3433

Accent Impact

Table 2.3: Statistics (mean and SD) for open recognizer WER and accuracy and restricted recognizer WER
and accuracy when recognizing speech from native and foreign speakers

Non-Native scripts N=35 | Native scripts N=75 | Mean
Mean SD Mean SD AVG
OR_WER 0.23 0.272 0.11 0.107 0.17
OR_ACC 0.77 0.274 0.89 0.097 0.83
RR_WER 0.20 0.268 0.09 0.07 0.15
RR_ACC 0.80 0.270 0.91 0.07 0.85

As shown in Table 2.3, we received 110 recordings, including 35 non-native speech and 35
non-native speech, and sent them to Google ASR to be transcribed. As a result, 85% and 83% of
the recorded speech were correctly transcribed by the restricted recognizer and open recognizer,
respectively. Nonetheless, WER showed that 17% and 15% of the recordings were incorrectly
transcribed by the restricted recognizer and open recognizer, respectively. Being closer to our data
points, Figure 2.3 (a) and Figure 2.3 (b) illustrates how OR and RR worked with native and non-
native speech. The WERs (OR: 11% and RR: 9%) are lower when transcribing native speech than
those of non-native speech (OR: 23% and RR: 20%).

Figure 2.2 shows the accuracies and WERs for OR and RR over different nationalities includ-
ing, Indian, Mexican, American, Chinese, and Persian. Total of recognition errors occurred on
non-native speech, Indian (49.5% and 44.3%), Mexican (8% and 9%), Chinese (10% and 8%),
and Persian (20% and 15%) were larger than those appeared on recognition of native speech (11%
and 8%). There are differences between native speech and non-native speech recognition using the
open recognizer and restricted recognizer (p-value: 8.39e-05 < 0.001, p-value: 2.58e-05 < 0.001,
respectively, using Welch Two Sample #-test, as presented in Table 2.2). Variety of speech accents

causes the low performance of OR and RR.
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Figure 2.2: WER and accuracy of OR and RR transcribing the voices recorded from different nationalities,
N is the number of transcribed speech by each nationality

Recognition errors, insertions (a), deletions (b), and substitutions(c) shown in Figure 2.4, varies
among these nationalities. Indian accents affect the GSR performance by the highest rate of dele-
tions (OR: 33% and RR: 32%) and substitutions (OR: 15% and RR: 12%). Similarly, considerable
substitutions occurred when transcribing speech recorded by other nationalities; Mexican (OR: 7%
and RR: 7%), American (OR: 7% and RR: 6%), Chinese (OR: 9% and RR: 7%), and Persian (OR:
14% and RR: 8%). Insertion error, however, rarely occurred (0% - 2%) by both recognizers for all
solicited speech. Based on Spearman’s rank Correlation [88], substitutions (p-value: 2.20e-16 <
0.001, »r =RR: 0.7, OR: 0.9) and deletions (p-value: 2.20e-16 < 0.001, » = RR: 0.7, OR: 0.8) raise
the WER for OR and RR more than insertion (p-value: 0.00215 < 0.001, » = RR: 0.3, OR: 0.3).

After adding domain words to Google ASR’s speech context, the difference is occurred in the
performance of speech recognition. As presented in Figure 2.5, RR transcribed most of the audio
files with high accuracy and low errors in compared to OR transcription for native and non-native
speech. There is an impact of biasing the speech recognition model to domain words such that the
accuracy became slightly higher, however, the difference (p-value: 0.3433> 0.001, using Welch

Two Sample #-test, as presented in Table 2.2) is not statistically significant. Nonetheless, this slight
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Figure 2.3: The influence of accents on Google ASR (a) Foreign Restricted Speech Recognizer WER vs
Domestic Restricted Speech Recognizer WER (b) Foreign Open Speech Recognizer WER vs Domestic
Open Speech Recognizer WER.

improvement in recognizing domain specific words is still useful to avoid any computational errors
on those correctly transcribed tokens. Therefore, because of this improvements, we added domain
specific phrases to model’s speech context.

Speech context restriction increased the GSR performance as shown in table 2.3, however,
it still encounters errors (OR: 17%, RR: 15%). For native speech recognition, errors occur in
homonyms (e.g., “there”, “their””). Nonetheless, non-native speech errors are caused by the nature
of participants’ native languages, (e.g., “it”: “eat”, “there”: “deer”). Based on these results, two

pre-processing steps were implemented before passing human’s speech to the agent’s internal pro-
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Figure 2.4: (a) Insertions, (b) Deletions, and (c) Substitutions occurred during GSR transcription over
distinct nationalities. "N" is the total number of tokens in ground scripts of all transcribed audios

cessing. First, domain syntactic categories were incorporated into GSR’s speech context. Second,
tokens listed in Table 2.4 were replaced with their correct counterparts. These pre-processing steps
ensure linguistic inputs are refined for subsequent computations, such as language transformation

to predicate logic format (Sec 2.7), VoxML modeling [89], and VoxSim simulation [83].

2.3 Setting of the Experimental Platform

We developed a standalone version of the existing Diana system [18, 84], developed as a col-
laborative virtual agent who responds to instructions given via both live gesture and speech and
collaborates with humans in situated task-based interactions. We adapted the system where hu-
man participants are presented with a sequence of 10 scenes, each involving (1) ten equally sized
target blocks randomly placed on a table that (in simulated units in the Unity-based environment)
is approximately 1.6m wide. There are two of each color of block: red, green, blue, pink, and

yellow; and (2) two landmark objects (plate and cup) available for use when describing the target
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Figure 2.5: The influence of context restriction on Google ASR (a) Foreign Restricted Speech Recognizer
WER vs Domestic Restricted Speech Recognizer WER (b) Foreign Open Speech Recognizer WER vs Do-
mestic Open Speech Recognizer WER.

blocks. This setting requires the IVA to ask for disambiguation based on factors like color and lo-
cation if needed, and the human to provide complex descriptions including verbal (e.g., relational,
historical) references, non-verbal (e.g., deictic pointing) references, or ensemble.

Diana initially asks a question, e.g., “Which object should we focus on?”, as shown in Fig-
ure 2.6, without providing any prior knowledge of what she understands, e.g., specific domain
words or actions. Participants are informed that they are able to use multiple input channels, e.g.,
automatically recognized speech and mouse-based deixis, to clearly express their intent. To repli-

cate the variability in pointing displayed in the Diana system with live gesture recognition, and
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Table 2.4: The popular domain specific words were incorrectly recognized by Google speech recognizer

Correct form \

Incorrect form

Correct form

Incorrect form

There Their, they’re, deer Gray Grave

This Is, does, deep Bottle Water

Wait Weight, rate Mug Month

Block Rock, lock, blog Pink Paint, spring
Blotch, coke It eat
Black, blue, dog, clock | Knife Nice

Scoot it Scooter, screwed Place it Play sit, blessed
Student Push Put

Now Not Grasp Rasp, grass, graph, craft

Above About Glass Class

Right Light, site Green Cream

That Dead, the, a, back Put What, but

Of Out Below Pillow

Move it Limit, modded Brown Problem

Your You’'re White Bride, Y

the gesture-semantic notion of a pointing cone [90-92], the center of deixis fluctuates within a
circle of radius £0.3m around the mouse location and the size of the deictic reticle (see Figure 2.6)
randomly fluctuates in size within a range of 14—186% of the default radius (17.32cm). This
variability prevents users from relying on fully accurate pointing with the mouse as a method of

unambiguously indicating objects, and encourages the use of speech input for object specification.

2.4 Interpretation of Multimodal REs

Multimodal referring expressions can be considered special cases of gesture utterances as spec-
ified in [93], in that they contain a gestural component and a verbal component that must be unified
for a complete interpretation by either human or machine. In addition, MREs may be mixed with
unimodal REs in a discourse, but even unimodal REs may rely on meaning that was previously

established in the discourse using multimodal communication.
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Figure 2.6: Experimental Diana System: the purple circle indicates where the user is pointing. Without
disambiguation, any object within the pointing circle is a potential candidate for a deixis-only RE. Diana’s
utterances appear on screen and are spoken aloud via TTS.

2.4.1 Language Preprocessing

Given VoxWorld’s specific formatting needs for event visualization and simulation, it’s crucial
to parse natural language input efficiently. This involves mapping tokens within entries to their syn-
onyms, facilitating real-time visualization and simulation by VoxSim. Additionally, transforming
the processed speech into a predicate logic format, as detailed in Section 2.7, enhances compati-
bility with VoxWorld’s requirements. In human-to-human interactions, participants are not always
required to provide complete sentences with all components, including verbs and nouns; some el-
ements may be omitted. A preprocessing step is employed to manage the various alterations that
may arise in human prompts, ensuring effective communication. Due to the limited interpreta-
tion capabilities of VoxSim, actions, nouns, and relations are constrained. Therefore, synonyms
of these entities, such as directive actions (e.g., “take”), prior actions (e.g., “took’), nouns (e.g.,
“box”), and relations (e.g., “above”), are gathered from interlocutors and mapped to corresponding

99 <&

VoxSim entities. For instance, “take” is mapped to “grasp,” “took” to “grasped,” “box” to “block,”
and “above” to “on.” Refer to Table 2.5 for additional VoxWorld nouns, relations, and actions

along with their synonyms.
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Table 2.5: Mapping linguistic nouns, actions and relations to VoxSim entries

VoxNouns Cup Kinfe | Blocks | Block
Cylindrical block, cylindrical object,
Synonyms Rounded object, rounded Nice | Boxes | Box
block,Cylinder, mug, Glass, class
VoxActions Ugrasp Grasp Grasped Ungrasped
Let go of, Pick up, pick, Picked up, Went of,
Synonyms let go, drop, grab, grasp, rasp, dropped,
grabed, took
release, leave grass, hold, take unreleased
VoxActions Slid Slide Place -
Synonyms Pushed, pulled | Move, push, pull put -
VoxRelations On Behind Under| Beside
On ton of. on the In back of, back of, In
Synonyms p ol the back of, to back of, | Below | Next to
top of, Above
To the back of

Incomplete prompts often lead to significant corruption in subsequent semantic extraction, par-
ticularly when one or two speech parts are missing. Hence, it’s crucial to map incomplete speech to
an acceptable form that the Stanford CoreNLP dependency parser can accurately extract semantics
from. Two common scenarios are addressed: Firstly, when the action is missing and the prompt
begins with a demonstrative (e.g., “the/this red block™ instead of “pick up the/this red block™), the
action “Grasp” is inserted at the start of the speech input. Secondly, if the prompt starts with a
spatial relation entity (e.g., “behind the plate” rather than “take the red block behind the plate™)
and clarification is asked by the agent (e.g., “Which red block?”), the human intent is extracted
and placed between the action “Grasp” and the relational clause, resulting in a coherent prompt
like “Grasp the red block behind the plate.” This properly mapped input is then processed by the
parsers to generate the predicate form.

To rectify misunderstandings by the agent, humans utilize negative words like “Nevermind,”
“No,” and “Stop.” These terms are not mapped or parsed to Predicate Logic Form, detailed in
Section 2.7. Instead, undoing functionalities are triggered to revoke the last prompt and remove

the last intended action object. In instances where these negative entities are coupled with another
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event, such as “Take the green block - Nevermind take the red block,” the last event, “Take the

green block” is omitted, and the new prompt is executed.

2.4.2 Transformation to Predicate Logic Format

To interpret the received speech, it recursively follows a set of rules relying on semantic rela-
tions (e.g., “Subj”, “Obj”, “Parataxis”, “Advmod”, “Amod”, etc.) between dependent entities, e.g.,
small, which modify governors, e.g., block, that are extracted by StanfordCoreNLP dependency
parser [94] to compose linguistic constituents into a predicate logic form (PLF). As illustrated in
Figure 2.7, the natural language input interpreted and simulated by the VoxWorld reasoning plat-
form after being transformed into predicate logical representation. Grasp(the(red(block))) is an
exemplar, encompassing an objects, action, and demonstrative based on discriminative syntactic
and semantic features for each verbal expression, be it attributive, relational, or historical.

To explore the common features for each RE category, deterministic rules were implemented to
connect to StanfordCoreNLP server and send linguistic prompts, 30 scripts that were selected from
EGGNOG dataset as we mentioned in Sec 2.2.1 and shown in Figure 2.2, to the StanfordCoreNLP
dependency parser in order to generate their dependency parsing in two forms; JSON format and
graphical dependency tree to analyze the patterns of the resulted semantic relations and Part of
Speech (POS) tags. We established common syntactic and semantic relations for each of the fol-
lowing verbal sets: 1) transitional attributive REs, describing properties for focus and destination
objects (e.g., “Put the red block”, the focus object, “beside the green block”, the destination ob-
ject), 2) non-transitive attributive REs, describing properties for focus object (e.g., “Grasp the red
block”), 3) relational-to-objects REs, describing objects in relation to other objects, (e.g., “Move
this block to the left of the red block’), 4) relational-to-space REs, describing objects in relation to
the space (e.g., “Move the red block fo the left’) and 5) historical REs, (e.g., “Grasp the block you
just put down”).

We operationalized the transformation of natural language into related PLF by implementing

a set of C# rules that recursively iterate over semantic relations between entities in the accessed

21



Syntactic Computation Algoerithm

e
e J J
.

=7 |
— - Connection
FindRelation()
FindRelationalObj() W End ’4—|
No

omposePredicate()
No FindObject()
TypeOfExpression()

Relational?
e Y5

ComposePredicate() fa—res

[y
Yes
.:- o< Attributive?

det case
@r/— 4amod N @bdet |

Grasp the yellow block behind the p|ate

Speech Prompt PLF
Pick up that red block grasp(that(red(block)))
A 4

- . VoxML Resources
AttributiveRE EvantManage() -

RelationalRE EvantManage() b

HistoricalRE EvantManage() Unity

Figure 2.7: The process of speech interpretation (1) Speech is recognized through GSR (2) Tagging and
dependency parsing are determined using StanforedCoreNLP (3) Computation of the extracted parse tree to
transform the speech to its PLF (4) PLF interpreted and simulated using VoxML and VoxSim.

JSON output, as depicted in Figure 2.8. Initially, a webpage request is generated to the Stan-
fordCoreNLP server to input the speech and retrieve the response as a JSON file containing the
dependency tree and POS tags. Given that this algorithm is part of an IVA designed to collect
data from students distributed throughout Colorado State University, remote access to the server
must be accounted for. Consequently, a portion of a machine in the Computer Science building
at Colorado State University was dedicated to hosting the StanfordCoreNLP server, along with its
required libraries and operations for syntactically and semantically processing natural language
inputs.

When providing a linguistic input along with its JSON dependency parsing, as illustrated in
Figure 2.8(2), if the part-of-speech (POS) tag of the dependent entity of the “ROOT” dependency

relation is a verb (VBZ), it is extracted as the action of the referring expression. This action can
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Figure 2.8: Transformation to predicates logic format requires 1) Connecting to StanforCoreNLP, 2) Ex-
tracting the action, and 3) Finding the focus and destination objects from the provided linguistic prompts
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either be a transitional action (e.g., “push”, “move”, “put”) or a non-transitional action (e.g., “lift”,
“take”, “grasp”). The extracted action is then placed at the beginning of the predicate form as
Action(.

Based on our analysis of EGGNOG referring expressions, we propose that human prompts
commonly entail two “Nominal Nouns (NNs)”: focus objects (the focus of discourse) and desti-
nation objects (objects to which other objects are moved). Given the JSON objects, as depicted
in Figure 2.8(3), all tokens tagged with “NN” are collected. If the entire constituents, including
adjectives, relations, and the destination object, are composed into the predicate form, the focus
object is positioned at the end of the predicate form as Action(FocusObject).

The algorithm iterates over the JSON entities to examine the dependency relations, which sig-
nify the semantics between dependent and governor constituents, including determiners, attributes,

relations, etc. These are then utilized to compose the predicate form, as depicted in Figure 2.9 and

Table 2.7. In the context of referring expressions, several semantic relations play important roles.
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“DT” denotes the determiner, specifying entities like “the,” “this,” or “that.” “Amod” signals at-
tributes, properties of objects. Meanwhile, “Advmod” pertains to distance-related tokens such as
“there,” crucial for spatial references. Additionally, “Obl” signifies prepositions like “right,” cru-
cial for describing an object’s target location in space. The placeholder “{1}” is integrated into the
PLF to be replaced with the precise position in subsequent computations. Notably, while the first

two relations modify objects, the latter two influence actions.

Table 2.6: Transitive and non transitive verbs are used to distinguished between relational REs and transitive
attributive REs

Transitive verbs Non-transitive verbs
Move, Put Pick up, Lift, Go to
Push, Pull, Slide Grab, Grasp, Take
Place, Shift Let go of, Ungrasp
Scoot, Servo, Bring Drop, Release, Find
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The extraction of semantics for complex referring expressions, including relational REs and
historical REs, entails multiple iterations over JSON objects, as illustrated in Figure 2.10. Rela-
tional REs differentiate an object based on its relation to others, while historical REs utilize prior
actions to identify an object. These prompts typically consist of two clauses, with the second clause
elaborating on the previous one either with relative pronouns (e.g., “which” and “that”), identified
by the “SBAR” entity, or without relative pronouns, identified by the “Parataxis” entity. Historical
REs are distinguished by the presence of a pronoun constituent, signaled by the “PRP: you” part
of speech in the second clause, and the “nsubj(you, put)” relation, where the governor is the prior
action. This prior action is integrated before the focus object as an adjective in the PLF, either with

“SBAR” (e.g., Table 2.7 #4) or with “Parataxis” (e.g., Table 2.7 #9). To identify relational REs, a

Table 2.7: Predicate logic format (PLF) transformation for co-gestural verbal REs (Att _RE: Attributive
RE, Trans_RE: Transitive RE, Rel_RE: Relational RE, Hist_RE: Historical RE, and Comp_RE: Compound
RE). *Numerals in brackets denote variables that must be assigned from prior conversational or non-verbal
context (e.g., “it,” “there,” etc.).

| No | Speech Prompt | PLF |

1 | Pick up that red block | grasp(that(red(block)))

2 | Put this block to the | put(this(block), right(the(blue(block))))
right of the blue block
3 | Grasp the green block | grasp(the(green(beside_adj(plate(block)))))
beside the plate
4 | Lift the block that you | lift(the(put_adj(block)))
just put down
5 | Take this block and put | take(this(block)) + Put({0}, {1})*
it there
6 | Move the red block to | move(the(red(block)),{1}right)
the right
7 | Take the blue block to | take(the(blue(right_adj(cup(block)))))
the right of the cup
8 | Take the grey block in | take(the(grey(in_front_adj(plate(block)))))
front of the plate
9 | Lift the block you just | lift(the(put_adj(block)))
put down
10 | Take the blue block that | take(the(blue(right_adj(cup(block)))))
is to the right of the cup
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Figure 2.10: Transformation of 1) transitive attributive descriptions, 2) relational (to objects) descriptions,
3) historical descriptions to predicates form

token tagged with “VBZ” must exist with “SBAR” in the second clause (e.g., “thatis” in Table 2.7
#10), or without verbs (e.g., Table 2.7 #3). The semantic relations between entities in relational
prompts vary based on the number of prepositional tokens: 1) one token (e.g., “behind” in Ta-
ble 2.7 #3 ), where the dependent entity of “Case(behind,plate)” is the preposition and its governor
is the destination object, 2) two tokens (e.g., “right of” in Table 2.7 #7), or 3) three tokens (e.g.,
“in front of” in Table 2.7 #8). In the latter cases, the governor entity of “nmod(plate,right)” or
“nmod(plate,front)” is the preposition, and its dependent is the destination object. This is distinct
from transitive attributive REs (e.g., Table 2.7 #2 ), identified by the action category (transitive or
non-transitive) as shown in Table 2.8. Additionally, compound conjunctions (CC) in two attribu-
tive and transitive prompts are recognized by inspecting a token tagged with CC, which is then
replaced with “+7, as illustrated in Table 2.7 #5. These are executed by VoxWorld as two separate

and consecutive prompts.

2.4.3 Attributive Referring Expressions Interpretation

The attributive RE algorithm interprets attributes of objects, such as color or demonstratives
(e.g., “the,” “this,” etc.). There are two subcategories of attributive REs: Transitive REs, which in-
volve an attributive RE embedded within a transitive clause (see Table 2.7 #6), and Compound REs,

which entail multiple events, as shown in Table 2.7 #5. A simple, non-transitive, non-compound
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Data: List of local variables
Result: cvent < Action(Focus)
RelList + SpatialTokensList,
relation <— Prompt.Intersect(RelList);
multi AppendDelimiter < 7 +7
if "adj” € Prompt then
if relation # null then
| Call Relational REsInterpretation Algorithm 2

else
| Call Historical REsInterpretation Algorithm 3

end

else

if multi AppendDelimiter € Prompt then
EventsList < Prompt.Split(” +")
foreach cvent € FventsList do

| EventManager.Insert Event(event)

end

else

| EventManager.Insert Event(event)
end

end
if matches > 1 then
| AskForDisambiguation()
end
Algorithm 1: Attributive RE Interpretation (Prompt)

attributive RE is exemplified in Table 2.7 #1. This utterance also illustrates how demonstratives
may serve to deictically disambiguate the target.

Algorithm 1 outlines the process of discerning the type of a referring entry and subsequently
interpreting and acting upon it. Relational REs and historical REs are differentiated from attributive
ones by the presence of the “adj” token. If a spatial relation exists in the expression, it indicates
a relational RE; otherwise, it signifies a historical RE. Attributive REs, whether transitive or non-
transitive, are added to the EventManager, the gateway of the VoxWorld platform, if the prompt
comprises only one event. For prompts with multiple events, they are split by the delimiter “+”,
and then inserted into the EventManager over multiple iterations, determined by the event count. If
the generated description is unambiguous and the focus object can be discriminated successfully,

the agent follows the EventManager rules to simulate the requested event. Nonetheless, if the focus
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object is preceded by demonstratives and the shared space encompasses more than one match to
the uttered intended object, the agent cannot discriminate the focus object solely through speech.

In such cases, humans will be prompted for additional information to clarify their intent.

2.4.4 Spatial Referring Expressions Interpretation

Algorithm 2 outlines the computations of relational REs interpretation. It utilizes the relational
PLF to resolve spatial relations between objects and identify the focus object. VoxWorld employs
calculi such as RCC-3D [95] to track spatial relations, aiding in the extraction of the focus object,
human intent, and destination object relative to the focus object, along with their relation. This
facilitates the localization of the focus object and subsequent action upon it.

The algorithm begins by extracting the spatial relation from the uttered speech and then pro-
ceeds to extract attributes and objects based on predefined patterns. The spatial relation is extracted
by intersecting the prompt’s tokens with known spatial relations that are enumerated in Table 2.8.
Then, the attributes and objects, including the focus and destination objects, are extracted by string
indexing of this pattern as “Take (action) + red (attribute)/ none + block (object) + beside
(relation) + plate (object)”. The prompt’s focus object, destination object and their spatial re-
lation are recursively compared to all tracked two relative objects by VoxWorld’s relations tracker.
If objects with their relation are tracked by VoxWorld, the agent efficiently act on the prompt, oth-
erwise, if the objects are shown on the scene, but the relation is not tracked, the agent suggests to
act on an object that is similar to the uttered object. For example, if a human asks to act on object
with an untracked relation “Grasp the red block to the right of the plate”, the agent suggests to
grasp one of the red blocks in the shared space. Moreover, in case the human asks to act on objects

are not placed in the common space, the agent responds negatively but offers helpful suggestions.

2.4.5 Historical Referring Expressions Interpretation

In addition to language and deictic gesture, prior actions contribute to building speakers’
knowledge of descriptions of objects as defined by Grice’s maxim of quantity [96]. Therefore,

we integrated a dialogue history to the IVA. Two stacks stores all requested actions along with
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Data: List of local variables
Result: cvent < Action(Focus)
RelList + SpatialTokensList,
relation <— Prompt.Intersect(RelList);
Action < Prompt[0];
FocusType < Prompt|Prompt.Length — 1];
if relationIndex is 2 then
targetObj = Prompt[3];
FocusColor < Prompt|[1];
Focus < FocusColor.Concat(FocusType);
else
if relationIndex is I then
relation «— Prompt[1];
targetObj = Prompt[2];
Focus <— FocusType;
end

end
if relation == left then
‘ relation < right,;
else
if relation == right then
‘ relation < left;
end
end

if (targetObj || Focus) ¢ SceneObjects then
| Agent.Speech : "There is no object here!"

end
foreach Dict Entry € relationTracker.relations do
if Dict Entry.Keys[0] = targetObj \ DictEntry.Keys[1] = Focus then
RelValue < DictEntry.Values[0];
if RelV alue == relation then
event < Action + (+Focus+);
EventManager.Inser Event(event) VoxWorld Executes the event
Found < True;

break
end

end

end

if Found # True then
Agent.Speech: "Do you mean this?"

Agent.Point: "Object"

end
Algorithm 2: Relational RE Interpretation (List < String > Prompt)
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Table 2.8: Transitive and non transitive verbs are used to distinguished between relational REs and transitive

attributive REs
Known Spatial Relations

In On Atop Port
Starboard Afore Astern At
Behind In front of Beside Near
Left of Right of Center of Edge of
Under Underneath Below Against
Here There Right left

destination objects, and accommodates interpretations of verbal, gestural, and multimodal inputs.
These stored actions are available for use by both humans and the IVA to refer to objects that may

have previously been interacted with.

Table 2.9: Sample of dialogue history, including previously mentioned actions and related objects after
executing multimodal (co-gesure speech) or unimodal (speech only or pointing only) prompts.

No. Modality PLF

4 SpeechOnly  grasp(the(adj_slid((block)))  grasp slide put put Green2 Green2 Redl Greenl
3 Multimodal  slide(Green2;left(the(plate))) slide put put Green2 Red1 Greenl
2
1

Actions Stack Referents Stack

Pointing Only  put(Redl;left(the(plate))) put put Red1 Greenl
Pointing Only  put(Greenl; < X', Y', Z' >) put Greenl

As shown in Algorithm 3, after recognizing the human’s intent and executing the parsed-out
prompt, the IVA pushes the action and referent (extracted from the PLF of the prompt) to two
separate stacks (an actions stack and a referents stack) as shown by Table 2.9, #1-3. If the human
uses a mention of a previously executed action to indicate an object as in Table 2.9, #4, the IVA
visits the dialogue history to 1) retrieve the most recently referenced object that is relevant to the
provided action (in this case, Green2 block, as it satisfies the adj_slid(-) predicate), 2) push the

new most recent action and referent onto the stack for future retrieval if necessary.
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Data: List of local variables

Result: cvent < Action(Focus)

DHE < DialogueHistoryFEventStack;
DHO « DialogueHistoryObjectStack;
if DHE.Count == 0 then

Agent.Speech: "No Events received yet!"

else

end

priorActionIndex < FindIndex(Prompt,z => x.Contains(”adj”));
Action < Prompt[0];
FocusType < Prompt[Prompt.Length — 1];
if prior ActionIndex is 2 then
priorAction < Prompt[2];
FocusColor <— Prompt[1];
Focus < FocusColor.Concat(FocusType);
else
if prior ActionIndex is I then
priorAction < Prompt[1];
Focus <— FocusType;
end
end
while DH E.Count > 0 do
LastEvent < DHE.Pop();
LastObject < DHO.Pop();
if (Last Event = priorAction) \(LastObject = Focus) then
TempEventStack.Push(Last Event)
TempObjStack.Push(LastObject)
event < Action + (+Focus+);
EventManager.Inser Event(event) VoxWorld Executes the event
Found <+ True;

break
else

DHE.Push(LastEvent)
DHO.Push(LastObject)

end
end

if Found # True then
| Agent.Speech: "Sorry I cannot remember this!"
end

Algorithm 3: Historical RE Interpretation (List < String > Prompt)
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2.4.6 Non verbal Referring Expressions Interpretation

Deictic inputs can be generated by humans along with clear speech, attributive REs, relational
REs, or historical REs to ensure clarity in descriptions. They can resolve the meaning of demon-
stratives in ambiguous speech within attributive REs or after the agent requests disambiguation,
using either pointing-only REs or co-gestural REs. Pointing gesture can also be sequential point-
ing prompts with no speech, e.g., Figure 2.12, in which the human points to the focus object,
“BlueBlock™, then to the destination object/location to instruct Diana to put the focus object on the

pointed at object/location, “GreenBlock”.

Exit to Menu

et e

w1

110 Scanas

Figure 2.11: Generating deictic gestures. Diana will respond to what she interprets the RE as referring to
by pointing to it, which can be used to assess the correctness of her object grounding depending on which
object the human actually intended to reference.

2.5 Deterministic Generation of MREs

In addition to interpreting multimodal inputs, being able to generate non-verbal behavior is
essential for interactive agents to add social fluency to the interaction [15]. Diana is able to gen-
erate speech via text-to-speech, deictic gesture via animation and inverse kinematics executed on

her body rig, and action by manipulating virtual objects in the scene. At this stage, the generation
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capability can be summarized as follows: (1) When the human indicates a block without supplying
an action to execute, Diana points to it, confirming understanding of the RE with her own deictic
RE, as shown in Figure 2.11. (2) She directly acts on all aforementioned verbal prompts (e.g., mul-
timodal commands in Figure 2.13, #1-12) by either disambiguating candidate destination objects
or carrying out the requested action in the virtual space. (3) She also acts on non-verbal prompts
(e.g., unimodal commands in Figure 2.12 from 1-4) by performing the denoted actions after the
human specifies the focus and target locations. (4) As shown in Figure ??, she expresses emotions
(e.g., confusion and joy), in response to human inputs, such as being confused when there is an
ambiguity in RE or action interpretation, or joy at having interpreted an input successfully. Ap-
propriate generation, then, becomes a question of correctly generating the content of an utterance,
movement through space of a gesture, or specific facial expression at the right time, to serve a

communicative purpose.

1] HUMAN: [Points to a blue block]

2] DIANA: [Points to the same blue block]

3] HUMAN: [Points over the green block]

4] DIANA: [Puts the blue block on the green block]

Figure 2.12: Sample dialogue: the interaction is unimodal (deictic gesture only).

1] HUMAN: Take the red block and put it to the left of the plate.

2] DIANA: Which red block?

3] HUMAN: This one. [Points to a red block]

4] DIANA: OK! [Acts on the red block]

5] HUMAN: Grasp this pink block and put it on the red block. [points to a pink block]

6] DIANA: Do you mean the red block I just put down? [Points to a red block]

7] HUMAN: No, the red block behind the blue block.

8] DIANA: OK! [Acts on the red block]

9] HUMAN: Pick up the block that you just grasped.

10] DIANA: TI’ve just grasped the pink block (that is) on the red block. Is this what you mean? [points
to a pink block]

[11] HUMAN: Yes.

[12] DIANA: OK! [Acts on the pink block]

— L, ——— .

Figure 2.13: Sample dialogue: the interaction from 1-12 is multimodal (co-gestural speech).
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2.6 Summary

In this chapter, we anticipated the complex dynamics of human communication [97], wherein
verbal referring expressions are often complemented by non-verbal cues to effectively convey in-
tentions and enhance comprehension. We have identified the cognitive processes involved in under-
standing such expressions, spanning from resolving spatial relationships to interpreting historical
actions and gestures. Motivated by these cognitive strategies, our research endeavors to bridge the
visual and kinematic capabilities of embodied intelligent virtual agents (IVA) and state-of-the-art
natural language processing (NLP) technologies. By integrating VoxWorld, spatial relations recog-
nition, and speech recognition, our aim is to empower IVAs to generate and interpret multimodal
referring expressions in real-time interactions with humans. This bidirectional interaction scheme
not only seeks to facilitate the implementation of successful multimodal generative IVAs but also
lays the groundwork for training AI models to mimic human-like multimodal behaviors. Through
the developed IVA, encompassing the transformation of linguistic speech to predicate logic format,
interpretation of spatial referring expressions, prior-events based descriptions, and non-verbal cues,
and deterministic generation of verbal and non-verbal behaviors, methodologies can be created to

pave the path towards more sophisticated and intuitive human-IVA interactions.
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Chapter 3
A Situated Corpus of MREs

3.1 Overview

Numerous corpora were collected for multimodal referencing research, but referential behav-
iors were either generated by simulators (e.g., VoxSim [64], CLEVER [52], CAESAR [65]), by
humans referring to static images [23], or indoor objects in front of a camera [66]. Our goal is
to explore how humans use multiple modalities when collaborating with IVAs and answering the
key research question: How can an IVA effectively extract the communicative intents of others
from their deixis and language synthesis? Therefore, we collected SCMRE, a situated corpus of
multimodal referring expressions to investigate humans-IVA understanding and referential capa-
bilities, and to train generative Al systems for MREs. In this chapter, we elaborate on our data
elicitation process and present statistics and analysis of participants’ referring behavior during
task-oriented dialogues. This explores whether humans and IVAs are able to extract intents using
MREs. The collected dataset is publicly available on GitHub’ for use by other researchers in an-
alyzing multimodal behaviors or training generative models. This work has been submitted to the

26th International Conference on Human-Computer Interaction (HCI International 2024).

3.2 Human-IVA Collaboration Data Collection

As our goal is to explore human referential strategies in collaborative interaction and develop
a multimodal generative model of referring expressions, we organized several sessions of human-
IVA interactions for an object identification task. This section details the process of collecting
SCMRE, highlighting the recruitment of human participants, the procedures followed as shown in
Figure 3.1, the collaboration between humans and the IVA, and the management of the collected

data.

Shttps://github.com/nadahass/SCMRE_Dataset.git
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[k |

Figure 3.1: Data Collection procedures (a) Humans download the IVA and interact with her (b) The gener-
ated data is upploaded to the allocated OneDrive Space (c) The data is processed and merged into one CSV
file

3.2.1 Participants

After obtaining approval from the IRB, we recruited 24 participants from Computer Science
department in Colorado State University to use REs of different types and strategies while collab-
orating with the IVA to perform the required task detained in the following part 3.2.2. People are
eligible for participation if they fit the criteria of being over 18 years old, speaking English fluently,
having access to a computer with a good-quality microphone to make a clear recording. Twelve
participants were male and twelve of them were female. Their ages ranged from 18 to 35 (mean
=27, SD = 4.21). Their native languages are English, Hindi, Spanish, Chinese, Persian, Arabic,
Assamese, and Nepalese. For participating in the study, participants receive a $10 gift card from
an Amazon merchant if they are recruited from outside a course, or an extra credit of 2% of the

total class grade if recruited from a course.
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3.2.2 Procedures

Conducting interactions between humans and an embodied IVA is the main aim of this ex-
periment to understand human referring behaviors while collaborating with the agent. Therefore,
participants were asked to download an executable application from an accessible OneDrive space.
This application provides participants with the developed IVA for an object identification task (See
Chapter 2). Specifically, participants are asked to generate different referring strategies that indi-
cate 10 randomly placed target blocks in each of 10 scenes by language, gesture or ensemble when
the IVA asked to refer to a block. During human-agent interaction sessions, referencing is consid-
ered successful when the IVA is able to ground the human’s MRE to the same object as the human
intends to describe. We anticipated that participants need one minute or less to describe each block,
which leads them to spend roughly 1 hour and 40 minutes, as maximum, to finish the task. The
IVA’s and participant’s movements parameters including target objects, distance from the agent,
object coordinates, relations in the scene, previously referred-to objects; utterance, modality(ies),
and demonstratives, are logged for analysis, training and evaluation of multimodal referring ex-
pression generation models. In order to review the logged data about how participants respond to
the questions, and about the scene, they were asked to record their interactions while referring to
objects including their mouse movements and their voice without including their identities. They
were required to make these recordings at their own locations to achieve more diversity in our
samples and quicker data collection. Participants also completed a survey to provide demographic
information, such as gender, nationality, native language, and to note any errors observed during

the interaction.

3.2.3 Data Management

The data received from each participant included CSV files for each scene, resulting in a total
of 10 scenes and 10 corresponding videos per participant. Participants were instructed to upload
their data to a designated OneDrive space. To ensure the validity and reliability of the data, we

reviewed each scene’s data, including CSV files and videos to check for any logging errors or
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duplication. This careful verification process was essential to maintain the integrity of the dataset.
After confirming the accuracy of the data, we merged all the generated referring expressions into a
single comprehensive CSV file. This file serves as the primary dataset for analysis, preparation, and
training purposes, facilitating the development and evaluation of multimodal referring expression

generation models.

3.3 Dataset Statistics

We divided our presentation of dataset quantities into three parts: namely, events statistics,
prompts statistics and references statistics. A prompt might involve more than one event that in-
cludes actions and referring expressions. In events statistics, we count the number of events to
execute each prompt. In references statistics, we count all referents in each generated prompt. In
prompts statistics, we count the number of human commands that are provided to the agent to
act on objects. For example, if a human asks the IVA to, “Put the red block on the green block”,
the statistics are: 1) one event: Put(the(RedBlock,on(the(GreenBlock)))), 2) two references,
one for the focus object (RedBlock) and another for the target object (GreenBlock), and 3) one
prompt which is the generated request. For pointing only prompts, if a human pointed to a block
(e.g., RedBlock) then pointed to another block (e.g., GreenBlock), the statistics are: 1) two
events: Grasp(the(RedBlock)) and Put(the(RedBlock, on(the(GreenBlock)))), 2) two refer-
ences, one for the focus object (RedBlock) and another for the target object (GreenBlock), and

3) one prompt which is the generated request.

Table 3.1: Quantities of human generated events before removing duplicated referencing and non-
referencing events

| Total of Events (with duplication) [ 11,976 |
Total of executed and not executed referencing events 10,670
Total of non-referencing events 1,306
Total of duplicated referencing events 948
Total of duplicated non-referencing events 620
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3.3.1 Events statistics

The construction process of SCMRE corpus relies on the number of provided events such that
each event is inserted as a sample. Each verbal-only or multimodal prompt is added as a sample as
the agent receives only one event including action and referring expressions to execute the prompt.
However, a pointing-only prompt, e.g, a deictic prompt of moving a block to another is inserted as
two samples. Theses two events are: 1) a pointing event to the focus object: Grasp(focusObj),
and 2) a pointing event to the target object: Put( focusObj, on(targetOby)) to execute the prompt.
The elicitation process resulted in a total of 11,976 events as shown in Table 3.1, including 10,670
executed and not executed referencing events and 1,306 non-referencing events. The events gen-
erated by participants varied in the range of 258 to 801 (mean = 444.6, SD = 171.9). Moreover,
the data includes 194 recorded videos spanned over around 36 hours, ranging from 24 minutes
to 4 hours (mean of 01:27:52, SD = 0.945 hours). The number of samples that are generated by
24 participants is significantly larger than what we anticipated (2400 samples). Some participants
generated multiple descriptions for each object, while others provided data for more than the 10
required scenes.

Table 3.2: Quantities of human generated events after removing duplicated referencing and non-referencing
events

| Total of Events 10,408 |
Total of executed pointing-only events 7,681
Total of executed transitive-attributive events 551
Total of executed attributive events 641
Total of executed relational events 369
Total of executed historical events 27
Total of executed non-referencing events 686
Total of not executed verbal events 453

As humans are able to use text inputs in addition to speech to communicate their intents with
the IVA, their switching from keyboard entries to voice entries without removing the previous tex-
tual prompt from the text field led to duplicate 948 referencing events and 620 non-referencing

events. After removing these duplications, the final dataset comprised 10,408 events. This in-
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cluded 7,681 pointing-only references, 551 transitive attributive events, 641 attributive events, 369
relational events, 27 historical events, 453 not executed verbal and and multimodal events, and
686 non-referencing events. The non-referencing events encompassed undoing actions, such as
“Nevermind,” 428 events, and “Stop,” 23 events, refusal prompts like “No,” 118 events, and affir-
mative prompts, e.g., “Yes,” 117 events. In terms of modalities used by humans, 575 events were
generated by mixing deixis and language, 7,681 events were generated using pointing-only, and
2,152 events were generated using speech-only. This distribution is presented in Table 3.2.

Table 3.3: Quantities of human generated events based on modalities used, including deictic gesture, speech
only, or both

] Humans’ Used Modalities

Events Modalities | Quantity | Total
Attributive Multimodal Events 186
Transitive Attributive Multimodal Events . 302
Relational Multimodal Events Multimodal 48 373
Historical Multimodal Events 3
Not executed multimodal events 36
Focus and target pointing \ Pointing-Only \ 7,681 \ 7,681 ‘
Attributive Speech Only Events 455
Transitive attributive speech only events 249
Relational speech-only events 321
Historical slfeech-onl;/ events Speech-Only 24 2,152
Non-referencing speech-only 686
Not executed speech-only events 417

| Total | 10,408 |

The I'VA acted to each human-generated event, which resulting in 10,408 IVA-based reactions,
as shown in Table 3.4. While interacting with humans, the IVA generated 5,271 multimodal actions
in response to 539 multimodal events, 3,628 pointing-only events, 686 non-referencing events,
and 418 speech-only events. Moreover, the agent react unimodally using either deictic gesture
or language. She acted to human pointing to 4,053 focus objects to confirm her understanding of
interlocutors’ pointing using her deictic reference. Using language, she asked for more information

to disambiguate 1,084 events.
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Table 3.4: Diana generated behaviours using deictic gesture, speech only, or both to act on human generated
events illustrated in Table 3.3

Diana Used Modalities \
Diana’s behaviours Modalities | Quantity | Total
Acting to multimodal events 539
Acting to pointing-only events Multimodal 3,628 5,271
Acting to non-referencing events 686
Acting to speech-only events 418
| Pointing to the focus objects | Pointing-Only | 4,053 | 4,053 |
] Asking for disambiguation \ Speech-Only \ 1,084 \ 1,084 ‘
| Total \ 10,408 |

Table 3.5: Quantities of human generated references based on modalities used including language, gesture
and ensemble

| Total of References | 10,273
Total of executed pointing-only REs 7,681
Total of executed speech-only REs 1,298
Total of executed multimodal REs 841

3.3.2 References statistics

As we explore human use of referring expressions— including types (e.g., block, cup, plate),
attributes (e.g., red, large, wide), and relations (e.g., to the left, on, beside)—we focus in this
section on presenting the quantities and categories of references utilized in each generated com-
mand. In human-IVA interactions, humans asked the agent to act on shared objects using 10,273
references by exploiting information of objects characteristics and locations using language and
gesture. These references include 7,681 pointing-only references, 1,298 speech-only references,
or 841 multimodal references, as demonstrated in Table 3.5. If language modality is used with or
without gesture, different contextual information is leveraged to communicate intents. This infor-
mation includes relations between objects to generate relational REs, color of objects to generated
attributive REs, and actions performed on previous referred-to objects to generate historical REs.
As shown in Table 3.6, SCMRE corpus includes 186 multimodal attributive REs, 455 speech-
only attributive REs, 48 multimodal relational REs, 321 speech-only relational REs, 3 multimodal

historical REs, 24 speech-only historical REs, 7,681 pointing-only transitive attributive REs, 604
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multimodal transitive attributive REs, and 498 speech only transitive attributive REs. Every one
transitive attributive event includes two referred-to objects, a focus object and a target object, to
move the focus to the target object.

Table 3.6: Quantities of human generated references based on information used, including attributes, rela-
tions, and previous actions, to refer to targets

| Total of References 10,273 |

Pointing only transitive attributive REs 7,681
Multimodal transitive attributive REs 604.00
Speech only transitive attributive REs 498.00
Multimodal attributive REs 186.00
Speech-only attributive REs 455.00
Multimodal relational REs 48.00
Speech-only relational REs 321.00
Multimodal historical REs 3.00

Speech-only historical REs 24.00

3.3.3 Prompts statistics

In human-to-human collaborations, typically the multimodal referring expression is a part of
a provided prompt. Mainly, the referential prompts are composed of actions, e.g., “grasp”, “put”,
“move”, and referring expressions. This section presents the quantities and categories of human
generated prompts in human-IVA interactions. To perform the required task, humans prompted
Diana to act on objects using syntactic composition of actions and references that describe focus
objects, target objects, or both using gesture-only, speech-only or both. Prompts is exemplified
by “move this red block to the blue block”, which demonstrates a one prompt and two refer-
ences. In terms of modalities used, human-IVA interactions resulted with 6,780 prompts, including
4,035 pointing-only prompts, 1,735 speech only prompts counting non-referencing and referencing
prompts, and 539 multimodal prompts, as presented in Table 3.8. In terms of the contextual infor-
mation used for discriminating objects, the quantity of prompts in each of attributive, relational and

historical categories are identical to the quantity of references in each of those categories as shown

in Table 3.7 and 3.6 since each command has one reference only. Nevertheless, as the number of
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referents in each command is not counted, the quantity of transitive-attributive prompts is signifi-
cantly lower than the quantity of transitive-attributive references. Specifically, 4,053 Pointing only,
302 multimodal, and 249 speech only transitive attributive prompts.

Table 3.7: Quantities of human generated prompts based on information used, including attributes, relations,
and previous actions

| Total of Prompts 6,780 |

Pointing only transitive attributive prompts 4,053
Multimodal transitive attributive prompts 302.00
Speech only transitive attributive prompts 249.00
Multimodal attributive prompts 186.00
Speech-only attributive prompts 455.00
Multimodal relational prompts 48.00
Speech-only relational prompts 321.00
Multimodal historical prompts 3.00
Speech-only historical prompts 24.00

Table 3.8: Quantities of human generated prompts based on modalities used to communicate intents

| Total of Prompts 6,780 |
Total of executed pointing-only prompts 4,053
Total of executed speech-only prompts 1,735
Total of executed multimodal prompts 539

3.4 Data Analysis

After presenting the descriptive statistics of the collected data, we proceed to a detailed analysis
to answer the above question and uncover insights. This section outlines the key findings from our
data analysis, exploring the relationships between modalities utilization and extraction of intent
meaning.

In terms of pointing, it reduces cognitive load [19] in human-human interactions. Similarly,
this is observed with the IVA, such that when she misunderstands or asks for more information, the
human recognizes her verbal questions or the failed multimodal actions and provide clarification

using verbal language, pointing gestures, or a combination of both. The IVA points to the human
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targets to confirm her successful comprehension or ask again for disambiguation. As shown in the
contingency table, Table 3.9, the agent shows her understanding of the human’s intended mean-
ing when providing a sequence of pointing REs or co-gestural speech (Multimodal REs) without
asking for more clarification by pointing to the referents. Nonetheless, relying solely on speech
for communication often necessitates the agent to seek additional information, such as gestures, to
precisely identify and point to the target. When the speech-only REs are relational REs or histori-
cal REs, leveraging recognized relations or historical dialogue, respectively, disambiguation is less
frequent. However, if the agent fails to recognize the relation or previous actions, clarification is

requested by the IVA.

Table 3.9: Contingency table of human RE ambiguity and modalities used: # ambiguous REs by modality

type
. Did Diana Disambiguate?
Modality No | -
Multimodal RE 539 0
Pointing Only RE 7,681 0
Speech Only RE 1,104 1,084
| P-value | <2.2e-16 |

Table 3.9 shows that the IVA asked to clarify 1084 events; namely the attributive REs (e.g.,
“the red block™), unrecognized spatial REs, and not-executed REs. On the other hand, 1104 ver-
bal events, including relational RE, pronoun (e.g., “it”), historical REs, attributive REs with no
demonstratives for the target (e.g, “take red block™), and non-referencing speech, were clear to
the IVA. As Pearson’s y2-test [98] is used for categorical data [99], it indicates that a relationship
exists between the modalities used and the level of ambiguity, such that use of pointing and com-
plex linguistics significantly reduces the ambiguity level of the prompt (p-value < 0.001). The
relationship indicates that incorporating pointing and complex linguistic REs significantly reduces
the ambiguity of prompts and enables the IVA extracting the meaning of human intents. This find-
ing implies that these modalities enhance the clarity and effectiveness of communication between

humans and the IVA. A more extensive analysis and evaluation, covering detailed methodologies,
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comprehensive data interpretation, and an in-depth discussion of findings, are presented in Chap-
ter 5. This chapter delves into the collection and exploration of data, investigating whether the

agent can extract the contextual meaning of intents.

3.5 Summary

This chapter has detailed the comprehensive process of collecting SCMRE, aimed at training
generative Al systems for multimodal human-IVA interactions involving both language and ges-
tures. The recruitment of participants was designed to ensure diversity and relevance, resulting in
a well-rounded sample of individuals from various nationalities and age groups. The procedures
followed ensured systematic data collection while allowing participants to interact naturally with
the IVA in a shared virtual space.

The collaboration between humans and the IVA was organized to elicit a wide range of refer-
ring expressions, encompassing verbal and non-verbal cues. The management of collected data
was rigorous, involving careful logging and validation to ensure the reliability and validity of the
dataset. We presented detailed statistics of the collected data, which included a variety of referring
expressions and interaction modalities. This dataset not only supports the training of Al systems
but also provides insights into human referential strategies in collaborative settings.

The quantities of SCMRE trials demonstrated the IVA’s ability to retrieve and disambiguate
objects referred to by humans. Additionally, the trials highlighted humans’ capability to commu-
nicate intents using language, deictic gestures, or a combination of both, and emphasized the ease
of use during interactions. The findings from this chapter indicates the potential of multimodal
interactions in enhancing human-IVA communication and provide a solid foundation for further

research and development in this field.
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Chapter 4
MRE Generation Model

4.1 Overview

Multimodal generative Al models represent a significant advancement in the field of artificial
intelligence, integrating multiple forms of data such as text, images, audio, and gestures to generate
coherent and contextually appropriate outputs [39]. These models are designed to emulate human-
like understanding and generation of information across different modalities, facilitating more nat-
ural and effective human-computer interactions. Gesture and speech integration is another critical
area of multimodal Al. Since there are no existing models that combine these modalities, we aim
to improve human-computer interaction clarity and naturalness by understanding and generating
non-verbal cues alongside spoken language. The research question we addressed in this chapter is:
How can a large language model (LLM) effectively integrate multiple modalities, including speech
and gesture, to convey its intentions similar to humans?

The neurosymbolic approach to Al has long argued for structured representation [100, 101],
and similar arguments have also been made by deep learning luminaries e.g., Bengio [102]. Intro-
ducing preexisting structure into NLP facilitates higher-order reasoning, but a hybrid approach also
does so at larger scales than purely symbolic systems, by using flexible deep-learning representa-
tions to process the structured input. Therefore, SCMRE, our collected human-IVA interactions
with symbolic referential structures, was used to train a generative Al model for integration into
embodied IVAs to generate MREs. LLM outputs serve as inputs to the IVA’s simulators, such as
VoxSim, enabling the generation of coordinated speech and gestures to simulate more human-like
interaction patterns. This integration is particularly beneficial in applications that utilize MREs,
such as instruction assistants, where the ability to understand and generate gestures can signifi-

cantly enhance the user experience.
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In this chapter, we delve into: 1) data preparation, discussing the processes of data augmenta-
tion, synthesizing, prompting and splitiing, 2) model architecture, describing the process of pro-
ducing MRE:s that closely approximate human responses within a given environment, 3) learning
experiments, outlining the experimental setup, training procedures, and variations in experiments,
4) learning results, presenting the quantitative results, comparing them with human-generated
MRESs, and discussing the implications.

The work described in this chapter has been published to the 26¢h International Conference on
Human Computer Interaction (HCI International 2024). The code for LLM fine-tuning, training,
and testing is available on GitHub®, and the trained generative LLM is publicly accessible on

Huggingface’.

4.2 Data Preparation

To create a robust and diverse dataset that ensures that an LLM trained over it can contextu-
ally generate MREs, four key preparation steps were applied to the SCMRE dataset: annotation,
augmentation, synthesizing, prompting and splitting, as illustrated in Figure 4.1.

SCMRE DATA DATA PROMPTS ENGINEERING
- ANNOTATION AUGMENTATION

u — S _— Generate a multimodal referring
u M I INSTRUCTION ——— expression for the focus object with
u the following specifications

<FocusObject, FocusPosition,

DATA PROMPTS INPUT TargetO‘b]ect., Targeth‘osntnon,
SYNTHESIZING SPLITTING DATA Configuration, Relations,
ERCIRIEERIEE PreviousEvents>
— 8
<Utterence, Modality, Demonstrative,
S RESPONSE —— ~orones oca . e
8 “ail o PointingLocation>
| t

Figure 4.1: The main steps of data prepration, including annotation, augmentation, synthesizing, prompting,
and splitting

®https://github.com/nadahass/MREG_LLM.git

https://huggingface.co/Nadahass/MREG-LORAS-13b-4batches-1epochs-g8-Irle-5
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4.2.1 Data Annotation

This step addressed 453 prompts that were not executed because they could not be parsed by
the IVA’s parser component. One such example is “move blue block in corner to pink block,”
where failure to correctly parse “in corner” resulted in an invalid PLF form. This failure prevented
the identification of target objects and associated parameters. Thus, we annotated these prompts
to include all necessary parameters. The parameters that were logged for these prompts include
timestamps, utterances, relations, configurations, and previous events. To contribute effectively to
the exploration of human referential behaviors and the learning of our proposed model, we needed
to add the remaining parameters. These missing parameters are focus objects, destination objects,
focus positions, target positions, and demonstratives. We systematically review these prompts and
their corresponding videos to predict the focus and target objects, extract their positions from the

generated configurations, and identify the demonstratives within the linguistic prompts.

4.2.2 Data Augmentation

We utilized a data augmentation method to increase both the size and diversity of our SCMRE
dataset. Specifically, we employed synonym augmentation from the NLPAug library [103] to
expand the range of multimodal and speech-only referring expressions. Each original expres-
sion was augmented to produce three similar expressions. To maintain semantic similarity to the
ground truth MRE, we systemically reviewed and adjusted the augmented expressions by replac-
ing less popular or informative words to align with our specific requirements. We then used BERT
Score [104] to assess semantic similarity between augmented REs to human REs using the cosine
similarity of their respective embedding vectors. We achieve an average BERT-Precision of 97.1%,
BERT-Recall of 97.6%, and BERT-F1 97.3%. The dataset was expanded to include 16,527 events,
comprising 2,296 multimodal REs, 6,550 speech-only REs, and 7,681 pointing-only REs. Both
multimodal REs and speech-only REs obtained significant increases compared to their original

counts, as detailed in Table 4.1.
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4.2.3 Data Synthesizing

Despite the expansions resulting from augmentation, the dataset remained imbalanced, partic-
ularly in multimodal REs, potentially affecting the robustness of MRE generative model training.
To augment the dataset with diverse multimodal samples, we synthesized individual pointing-only
and speech-only samples to create new multimodal RE samples. This process involved identify-
ing instances where both deictic gestures and speech were used to refer to the same object at the
same spatial location. By aligning these expressions based on their shared focus object and po-
sition, we created composite samples that incorporate both modalities. Following this synthesis
approach, the dataset includes 7,928 multimodal samples. Specifically, 5,632 new multimodal RE
samples were generated, increasing the dataset size from 16,527 to 22,159, as shown in Table 4.1.
This enhancement contributes to a more balanced dataset, improving the results of MRE genera-
tive models learning as shown in Chapter 3. The augmentation and synthesizing code is publicly

available on GitHub?.

Table 4.1: Quantities of original, augmented, and synthesized datasets

\ Dataset | Speech-Only REs | Multimodal REs | Pointing-Only REs | Total |
Original Dataset 2,152 575 7,681 10,408
Augmented Dataset 6,550 2,296 7,681 16,527
Synthesized Dataset 6,550 7,928 7,681 22,159

4.2.4 Prompt Engineering

Prompting and instruction tuning are established methods used to elicit a response from a Large
Language Model (LLM). In prompting process, an instruction p, manually composed, is concate-
nated to the input . Then, the response is sampled from the probability distribution, denoted as
y~p(y|p,z;0r0) [105].

We used Alpaca [106] as the basis for our MRE-generating model. Alpaca’s Instruction-

following models [106] require structuring the data in a way that aligns with the model’s archi-

8https://github.com/nadahass/SCMRE_Dataset.git
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Table 4.2: Training, Validation, and Testing Sets

Dataset Train. Set \ Valid. Set \ Test. Set | Total
Original Dataset 8,325 1,665 417 10,407
Enhanced Dataset 17,727 3,545 887 22,159

tecture, incorporating instructions, inputs, and outputs consistently throughout the dataset. This
involved concatenating a set of columns for both the input and output components as shown in
Figure 4.1. The input tuple includes configuration, relations, focus object, target object, and previ-
ous events, while the output tuple comprises the utterance, modality, demonstrative, and pointing

location.

4.2.5 Data Partitioning

We divided the original and enhanced dataset into three subsets: a training set, validation set
and a testing set. The training set, comprising 80% of the total data, was used to train models.
The validation and testing sets, consisting of 80% and 20% of the remaining 20% of the total
data, was reserved for evaluating the model’s performance. The testing data, comprising 20% of
the validation and testing data, was used to assess the model’s generalization ability on unseen
data. Table 4.2 illustrates the resulting number of samples in each set for both original and en-
hanced datasets. To ensure an unbiased representation of the data, the datasets was shuffled and

the division was performed randomly.

4.3 MRE Generation Model

4.3.1 Model Architecture

We used open-weight LLaMA2-chat models [107] to conduct parameter-efficient fine-tuning
for generating contextually-correct and situationally-fluent referring expressions, including lan-
guage and gesture. As illustrated in Figure 4.2, the model takes a query, representing the target
object O, its position P, relations R, configurations C, and previous events /; and outputs a

descriptor tuple, (Modality, Utterance, Location, Demonstratives). M € {Gesture, Language,
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Ensemble}, U is a decoded sentence embedding, L is the location the gesture grounds to, and
D € {the, this, that}. Depending on the value of M, some of the other parameters may be
empty by default. The query constitutes a description of the environment in which the agent is
situated, along with an utterance prompting for a referring expression, and the model is optimized
to generate output that approximates what a human would say in response to the prompt, while
remaining situationally-grounded, fluent, natural, and referring to the correct object. The query (
O = RedBlock, P =< XY, Z >, None, None, R = [Right(RedBlock, GreenBlock),...], C' =
[< X" Y', Z' >,...], H = [Put(YellowBlock),...] ), represents the target object (the red block), the
current spatial arrangement, associated relations and previous events. The corresponding output,
( multimodal, pick the red block, < X" Y"” Z" >, the ), embodies the elements of the generated
multimodal referring expression. Here, this output prompts the agent to utter “pick the red block”
while pointing to the location denoted by Cartesian coordinates < X" Y" Z" >.

Given the instructional prompts as detailed in Section 4.2.4, Llama2-chat’s tokenizer generates
embedding vectors for inputs, converting tokens into numerical indices used as model inputs. An
end-of-sequence token <EOS> is appended to the input sequence, with the label matching the
input and an attention mask set to 1. The decoding-only transformer, which includes multihead
masked self-attention and neural networks, selects the next token from the probability distribution
over tokens. This process continues iteratively until the <EOS> token is reached or the maximum

length is achieved.

4.3.2 Learning Experiments

We fine-tuned multiple LLMs using Low-Rank Adapters (LoRA [108]) to enhance parameter
and memory efficiency. LLaMA 2-chat [107], developed by Meta Al, includes large-scale gener-
ative language models available in distinct parameter sizes: 7B, 13B, 70B, and empirical studies
indicate that even the LLaMA 2-chat-13B model, with just % of the parameters, surpasses GPT-3

(175B) [109] in most benchmark evaluations. For this study, we selected LLaMA 2-chat-7B° and

https://huggingface.co/meta-llama/Llama-2-7b-chat-hf
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Figure 4.2: The MREG architecture under exploration

Table 4.3: Hyper-parameters of Fine-tuning and Training Time for LLaMA Models

Models Dataset | Learning rate | Epochs \ Steps \ Training Time (hh:mm:ss) ‘

LLaMA-13B | 8,325 3x 1074 0.14 300 3:954:29
LLaMA-13B | 17,727 3x 1074 0.07 300 6:49:15
LLaMA-7B | 17,727 2 x107° 0.25 | 1,107 9:00:35
LLaMA-13B | 17,727 3x 1074 1 4,432 48 : 30 : 10

LLaMA 2-chat-13B'° as our foundational experimental models. To enable loading these models,
fitting them into memory, and speeding up inference, we employed 8-bits quantization to represent
weights with lower-precision data types. We use LLaMA2-chat in this study, which for conve-
nience is hereafter simply referred to as “LLaMA." We applied patches to the LoORA modules for
the query, and value matrices, set their rank to 8, a scaled factor to 16, a dropout rate of 0.05, and
task type to CAUSAL_LM. This setting reduced the trainable parameters from 13,022,417,920
parameters to 6, 553, 600 parameters, allowing models to be processed on 2 NVIDIA RTX A6000-
49GB GPUs.

According to Alpaca-LORA implementation, we utilized a learning rate of 2x 10> for LLaMA-

7B and 3 x 10~* for LLaMA-13B. The fine-tuning process included one LLaMA-7B model that

1Ohttps://huggingface.co/meta-llama/Llama-2-13b-chat-hf
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was fine-tuned for 1, 107 steps, and three LLaMA-13B models were fine-tuned, two for 300 steps
each, and one for 4,432 steps. We applied AdamW as a stochastic optimization method with a
global batch size of 4 and precision of fpl6. We incorporated warm-up steps of 100 and validation
steps of 100 for all models. The checkpoint with the best cross-entropy on development set was
retained. Table 4.3 lists the hyper-parameters, training sets and training time that are related to

each model.

4.3.3 Results

Loss Entropy. The loss curve for LLaMA-13B in Figure 4.3q, trained for 4,430 steps (1 epoch),
shows slower convergence; however, it achieves lower loss values compared to LLaMA-7B in
Figure 4.3¢, which was trained for 1,107 steps (0.25 epochs). The fine-tuned LLaMA-13B reached
training and evaluation losses of 0.517 and 0.515, respectively, while the LLaMA-7B obtained
0.576 and 0.575.

Perplexity. As depicted in Figure 4.3b.d, the perplexity of both models decreases steadily as
training progresses, indicating that both fine-tuned models are learning and improving their pre-
dictions over time. Nonetheless, the LLaMA-13B model demonstrates a more rapid decrease in
perplexity compared to the LLaMA-7B model. The fine-tuned LLaMA-7B achieved training and
evaluation perplexity values of 1.777 and 1.779, respectively, whereas the LLaMA-13B recorded
values of 1.676 and 1.674. This suggests that LLaMA-13B converges faster and achieves better

performance more quickly.

Comparisons between Human and LLM Ultilization of Referring Strategies. We tested the
performance of fine-tuned Alpaca LoRA-based models—namely LLaMA-7B and LLaMA-13B—
in integrating gesture and speech for referential behaviors across various parameterizations. Using
datasets of 10K and 22K samples and varying training epochs and step counts (see Table 4.3), it
was observed that the performance improved with larger datasets, models, and more training steps.

The LLaMA-13B model, trained for one epoch on a test set of 887 samples, demonstrated the best
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Figure 4.3: The loss (a) and perplexity (b) of LLaMA-13B after one epoch of training. The loss (c) and
perplexity (d) of LLaMA-7B after 1,107 steps of training

performance in mixing modalities for generating referring expressions as depicted in Figure 4.4d.
It generates 40.61% of multimodal REs, 13.91% speech-only REs, and 45.48% of pointing-only
REs, closely resembling human utilization of modalities when generating REs as in Figure 4.4e:
43.55%, 22.29%, 34.16%, respectively. Nevertheless, pointing-only REs dominate with the tuned
LLaMA-13B model trained on the original dataset. In Figure 4.4a, they account for 96% of out-
puts. On the LLaMA-7B model (Figure 4.4b), they account for 55.13%, and on the enhanced

dataset with fewer steps (Figure 4.4¢), they account for at 54.31%.

Similarity between human-generated and LLLM-generated MREs. Successful generation re-
sults in a descriptor tuple that includes speech, demonstrative, gesture, and the target location for

the specified target object and scene configuration. The multimodal generated description should
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Figure 4.4: Quantities of Human and LLM Generated Pointing, Linguistic and Multimodal Referring Ex-
pressions.

maintain semantic similarity to the ground truth MRE. Semantic similarity must be attained at
both the speech and position levels. Similarity results are illustrated in Figure 4.5 for the four
fine-tuned models, utilizing automatic evaluation metrics that compare model outputs to human
REs in the same situation. The tuned LLaMA-13B model for one epoch surpasses all models in
achieving similarity to human outputs on both the tuple and speech levels. It achieves an aver-
age BERT-Precision of 93%, BERT-Recall of 93%, BERT-F1 of 93%, and IoU of 72% on the
tuple level, and an average BERT-Precision of 91%, BERT-Recall of 92%, and BERT-F1 of 91%
on the speech level. Figure 4.6 depicts the distribution of similarity results of BERT-F1 between
human-generated tuples and the dominant LLaMA-13B model-generated tuples. Approximately
350 samples exhibit similarity results ranging from 98% to 100%. The remaining low-similarity

results occur due to the divergence in generated modalities compared to human samples.

Correctness of Generated Positions. Given our goal of ensuring the LLM produces contextu-
ally appropriate referring expressions, it is essential to assess their positional accuracy. The fine-
tuned LLaMA-13B, trained for one epoch, achieved remarkable performance, with an average

accuracy, precision, recall, and F1l-score of 99% for correctly generated positions. Performance
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Figure 4.5: The similarity between human-generated and LLM-generated MREs using BERT-Precision,
BERT-Recall, BERT-F1, and Intersection of Union(IoU)
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Figure 4.6: The distribution of BERT-F1 similarity results between human-generated and (13B-1 epoch)
LLM-generated MREs

for LLaMA-13B with fewer steps and LLaMA-7B was notably lower, reaching 86% and 97%

respective for the LLaMA-13B models, and 87% for LLaMA-7B, as shown by Figure 4.7.

Clarity of Generated MREs. As the goal is to maintain human-level clarity for the fine-tuned
LLM, we compared human and LLM-generated REs based on the same provided contextual infor-
mation. Figure 4.8 categorizes the combined strategies used by human and LLM to convey infor-
mation about the target object. Humans utilized multimodal relational REs, multimodal attributive
REs, speech-only relational REs, and speech-only attributive REs. The fine-tuned model utilized
all the above strategies except speech-only attributive REs. This is a feature of the fine-tuned
model, as using only object attributes without additional clarification often requires interlocutors

to seek disambiguation, leading to inefficient communication of intent. Figure 4.9 presents exam-
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Figure 4.7: The performance of LLaMA models in predicting positions of target objects
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Figure 4.8: Clarity level of (a) LLM-generated and (b) human-generated REs

ples of all combinations of RE strategies for both humans and the fine-tuned model when referring

to the same target objects in identical situations.

4.4 LLM-IVA Integration

We used server-based approach, llama.cpp'! [107], to integrate the LLM with the IVA. This
integration leverages the flexibility, efficiency, and scalability of the llama.cpp server to deploy,
manage, and scale LLLMs in real-time applications, facilitating more efficient and effective IVA-
human interactions.

To set up the llama.cpp server, we first installed the necessary dependencies, cloned the repos-

itory, built the server, and configured the settings to specify the model path, server details, and

https://github.com/ggerganov/llama.cpp.git



Human Generation Diana’s Generation Human Generation Diana’s Generation
1- Speech-Only Attributive RE 1- Multimodal Attributive RE 4- Multimodal Attributive RE 4- Multimodal Relational RE
“The green block” “The green block” “The pink block” “The pink block next to the blue
block”

2- Pointing-Only RE 2- Multimodal Attributive RE 5- Multimodal Attributive RE 5- Multimodal Attributive RE
pid “This pink block” “Pick up the red block” “Therad block

3- Speech-Only Attributive RE 3- Multimodal Relational RE 6- Multimodal Relational RE 6- Multimodal Relational RE

“Lift the green block” “The green block to the right of “Grasp the pink block behind “the pink block to the right of
the cup” the yellow bock” the blue block”

7- Pointing-Only RE

Figure 4.9: Comparing human and IVA-generated REs for identical configurations.

usage parameters. For optimal performance and compatibility with the Unity-developed IVA, we
convert the LLLM to GGUF format, ensuring efficient and streamlined inference. Once configured,
the server can be started, allowing the IVA to communicate with it using a REST API. This setup
ensures efficient query submission and response retrieval, as illustrated in Figure 4.10, with the
server handling the computational load of generating language outputs.

The communication protocol between the IVA and the llama.cpp server involves C# based
functions that send requests with specific inference parameters using, such as max length, temper-
ature, top-k, and top-p sampling. These parameters control the behavior of the LLM, affecting the
randomness, diversity, and length of the generated responses. For instance, a lower temperature
value makes the model’s predictions more deterministic, while a higher value increases creativity

and variability in the responses.
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Figure 4.10: The performance of LLaMA models in predicting positions of target objects

Practically, the IVA can send a query to the server to generate a descriptive response. For
example, when asked to describe an object, e.g., “RedBlock1”, on a table with specific configura-
tions, the server respond with (Multimodal, “Grasp the red block”, (< X", Y" Z" >), “the”). The
IVA, then, is able to use speech (generated via text-to-speech) to utter the generated speech and
deictic gesture (generated via animated gesture) to refer to the “RedBlock1”, facilitating clear and
effective communication.

Ensuring low latency is crucial for real-time applications, particularly in LLM-IVA integra-
tion. We applied several strategies, including optimizing server configurations and leveraging two
GPU acceleration. GPUs handle parallel processing tasks required by LLMs more efficiently than
CPUs, enabling the system to process more queries simultaneously. In addition, we used caching
mechanisms reducing repetitive processing. Moreover, model optimizations, such as pruning and
quantization, reducing computational demands, were considered. Nonetheless, the scarcity of GPU
resources lead to delays in processing requests. Continuous improvement through regular updates
and fine-tuning of the model based on user interactions can further enhance the IVA’s performance

in real-time interaction.

4.5 Summary

In this chapter, we detailed the fine-tuning process of a LLM to generate contextually appropri-
ate and situationally fluent referring expressions. The chapter covered various aspects, including

data preparation techniques such as augmentation and synthesizing, the model architecture, and
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the outcomes of the fine-tuning process. Additionally, we discussed the integration of the LLM
with IVAs, highlighting the importance of optimizing advanced inference parameters and leverag-
ing GPU acceleration to ensure low latency. The findings indicate a significant similarity between
human-generated and LLM-generated MREs, as well as the correctness of generated positions,
and a favorable perplexity score. These results suggest that deploying a generative LLM within
interactive systems to integrate gestures and language is highly promising. This approach enhances
task-based interactions, enabling more natural and effective human-computer collaboration.

The implication of fine-tuning an LLLM, as opposed to using a deterministic approach for gen-
erating MREs, is significant. Fine-tuning allows for the incorporation of contextual distinctions,
enabling the model to generate more natural and human-like expressions. This leads to more effec-
tive and engaging interactions between IVAs and users. In contrast, deterministic methods often
lack the flexibility to handle the complexity and variability of real-world interactions, resulting
in less fluid and more rigid communication. By leveraging the strengths of fine-tuned LLMs, we

aimed to improve the overall clarity and naturalness of IVA-generated communication.

60



Chapter 5
Evaluation of MREG Models

5.1 Overview

With the aim of enabling bidirectional communication between machines and humans using
multimodal referring expressions as a testbed use case, it is essential to enumerate specific eval-
uative properties using a set of metrics. These metrics help demonstrate the effectiveness of a
fully-symmetrical system compared to one that maintains communicative asymmetry between the
two interlocutors. The key research question with evaluation is: What are the metrics that clearly
establish whether both interlocutors are able to correctly and efficiently extract the communicative
intents of the others from their behavior? Therefore, good metrics will answer if the non-verbal
behavior generation methods is effectively contributing to both interlocutor’s understanding, as
defined as the ability to extract communicative intent from utterances and actions.

We consider key properties that are related to deictic and linguistic referencing, as used in
the evaluation of human-machine collaboration [78], and propose quantitative and qualitative met-
rics that assess the following properties of multimodal RE usage in a task-based environment:
1) efficient collaborative task completion, 2) Effective understanding of contexts, 3) contribu-
tion of meaningful content and 4) human satisfaction of communication clarity and fluency. We
used SCMRE corpus to evaluate multimodal communication strategies. Moreover, we utilized the
LLM’s generated MREs to evaluate the success of the fine-tuned model’s generation. The results
utilizing a subset of the proposed metrics have been published in GENEA-2023, the Generation
and Evaluation of Non-Verbal Behavior for Embodied Agents workshop [85], as well as in the

26th International Conference on Human-Computer Interaction (HCI International 2024).

61



5.2 Evaluation Metrics

To evaluate the success of the IVA w.r.t. the key characteristics of human-machine collabora-

tion from Sec 5.1, we define 9 metrics as follows:

6]

2)

Agent Completion Time of Human Prompts (ACTHP): Time from human generation of a
referring expression, using multimodal REs, verbal only REs, or pointing only REs to task
completion by the agent (See equation 5.1). ACTHP serves as the dependent variable, while
Crva and Gyyy are regarded as independent variables. This metric can be utilized based on
the categories of modalities used in the research. Therefore, we excluded these previously
proposed metrics: Multimodal Prompt Completion Efficiency (MPCE) and Linguistic Prompt
Completion Efficiency (LPCE). These metrics were intended for measuring the completion

times when using multimodal REs vs. verbal only REs.

ACTHP = Crya — Guum (5.1)

Where:

* Crya be the task completion time by the agent.
* G'gywm be the target generation time by the human.

Human Interpretation Time of Machine Communication (HITMC): Time from generation of
machine’s communication (e.g, asking for disambiguation) to target identification by human
(See equation 5.2). The HITMC is a dependent variable, whereas Iyyy and Grya are indepen-

dent variables.

HITMC = Igum — Grva (5.2)
Where:

* [yuwm be the target identification time by human.
* (G1va be the communication generation time by the IVA.

The metrics #1 and #2 mentioned above are derived directly from data logged during human-

agent interactions to assess the human-IVA’s efficiency in interpreting, responding and completing
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collaborative tasks. The IVA and humans work together in a way that makes the best use of time,

effort, and resources to achieve the task effectively. The previously proposed metric, Human-

Machine Completion Efficiency (HMCE), is omitted because these metrics #1 and #2 measure the

efficiency for each prompt instead of the entire interaction. This enables researchers to investigate

specific areas for improvement based on each prompt.

3)

“4)

Machine Interpretation of Human Communication (MIHC): Rate of correctly executed prompts
(See equation 5.3). Neorrect, prompts aNd Niotal prompts are independent variables, while MIHC is
a dependent variable. This metric can be applied based on categories of modalities and speech
types in the research. Thus, we excluded the proposed metrics: Machine Interpretation of
Relational REs (MIRRE) and Machine Interpretation of Historical REs (MIHRE). The MIHC
metric can then be generalized to different multimodal communication contexts, whether using

relational and historical REs or not.

MIHC — Ncorrectiprompts (5 3)

N, total_prompts

Where:

* Ncorrect_prompts b€ the number of correctly executed prompts.
* Niotal prompts D€ the total number of prompts given.

Agent Pointing Success Rate (APSR): Rate of agent successfully pointing out the target object
(See equation 5.4). The APSR is a dependent variable, while Forrect pointings ad Niotal prompts
are independent variables.

APSR _ Pcorrect_pointings (54)

N, total_prompts

Where:

* Plorrect_pointings D€ the number of successful pointings used to identify the target object.
* Niotal prompts D€ the total number of prompts given.

The metrics #3 and #4 mentioned above are derived directly from data logged during human-agent

interactions to assess the IVA’s contextual awareness. The IVA’s capability of referencing and

understanding contexts, including the linguistic and deictic context.
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(5) Machine Multimodal Referencing Success (MMRS): Rate of machine-generated multimodal
referring expressions compared to total number of generated REs (See equation 5.5). MMRS
is a dependent variable whereas Ny, ris and Niotal rEs are independent variables. This metric
is derived directly from data generated by the LLM using the testing data to assess the [VA’s
contribution with meaningful contents, specifically the machine’s ability to communicate its in-
tents to humans in a situation-appropriate manner to provide meaningful content. This metric
can be used based on categories of speech types used in the research. This can be general-
1zed to different multimodal communication contexts either using relational and historical or
not. Therefore, we omitted these proposed metrics: Machine Relational Referencing Success
(MRRS) and Machine Historical Referencing Success (MHRS). These metrics were intended

for measuring the rates of generated spatial references and previous-action based references.

Nmm S
MMRS = ~nmREs (5.5)
N total_REs
Where:

* Num rEs be the number of machine-generated MREs.
* Niotal rEs be the total number of generated referring expressions.

The following metrics 6-9 are collected post facto from the judgments of 3rd-party evaluators
(see Section 5.4) to measure the clarity and fluency of IVA-generated REs. While the clarity refers
to how easily understandable the generated REs, fluency, pertains to the naturalness and smooth-
ness of the generated REs. By involving human evaluators, we ensure that the IVA’s generation
is not only automatically accurate but also align with human expectations. This is invaluable for

refining the model to produce more human-like and contextually appropriate REs.

(6) Machine Object Identification Success Rate (MOISR): Rate of correctly identified objects (by
machine), as shown in equation 5.6. While M orrect identifications aNd Miotal referrings are inde-
pendent variables, the MOISR is a dependent variable.

Mcorrec identifications
MOISR = tidentificat (5.6)

M total_referrings

64



Where:
* Meorrect_identifications D€ the number of correctly identified objects.
* Miotal referrings b€ the total number of machine REs given.

(7) Human Object Identification Success Rate (HOISR): Rate of correctly identified objects (by
humans), as shown in equation 5.7. Hcorrect_identifications a0d Hiotal referrings are independent

variables, while the HOISR is a dependent variable.

Hcorrec identifications
HOISR = tidentificat (5.7)

H total_referrings

Where:
* Horrect_identifications D€ the number of correctly identified objects.
* Higtal referrings b€ the total number of human REs given.

(8) Machine References Fluency Rate (MRFR): Rate of top-rated machine references according
to 3rd-party human judgments, as shown in equation 5.8. MRFR is the dependent variable,

while Mo rated_references ANd Miotal referrings are independent variables.

MRFR _ Mtop_rated_references (58)

M, total_references

Where:

* Miop rated_references D€ the number of top-rated machine REs.
* Miotal_referrings b€ the total number of machine REs given.

(9) Human References Fluency Rate (HRFR): Rate of the top-rated human references according
to 3rd-party human judgments, as shown in equation 5.9. While the HRFR is a dependent
variable, Hiop, rated_references ANd Higtal referrings are independent variables.

HRFR = HtOp_rated_references (59)

H total_references

Where:

* Hiop rated_references b€ the number of top-rated human REs.
* Hiotal referrings D€ the total number of human REs given.
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Some other metrics, such as Proceed Without Reset (PWR), were proposed to evaluate reli-
ability, but we excluded it. Although PWR is important, it is not related directly to multimodal
interaction and understanding; it is intended for systems usability and reliability. Additionally, we
could not use this metric as some participants had memory issues affecting the app’s execution,
which were not related to the app itself. Moreover, we omitted Machine Appropriate Response
Success Rate (MARSR), measuring the rate of IVA responses to human prompts that are not fol-
lowed by a negative response. However, we observed that it is not necessarily indicative of an

“wn

inappropriate response if a human uses negative words like “"nevermind.” They sometimes simply
be changing their target, which means the IVA correctly understood the intent. The proposed met-
ric, Mutual Contribution Success Rate (MCSR), is also omitted. Due to the lack of available GPUs,
we were unable to evaluate mutual interaction, and thus, this metric was not tested or included in
our analysis.

These 9 remaining evaluation metrics are rigorously utilized to assess and analyze the IVA’s

interpretation and generation capabilities during human interaction, both quantitatively and quali-

tatively, as presented in subsequent sections.

5.3 Automated Quantitative Evaluation

Using the quantitative metrics from 1-5 with Human-IVA logged data, presented in Section 3.3,
and LLM-generated data in Section 4.3.3, we obtained results regarding the ease of IVA disam-
biguation, human recognition efficiency of IVA intent from verbal and non-verbal behavior, the
IVA’s abilities in completing different human referential prompts, and IVA’s ability to generate

multimodal communication.

5.3.1 Contextual Awareness

In this section, we evaluate the IVA’s ability to reference and understand contexts, involving
both linguistic and deictic contexts, to extract the meaning of human intents using Agent Pointing

Success Rate (APSR) and Machine Interpretation of Human Communication (MIHC). In Fig-
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[2023-06-07-11-51-05] Pointing to the FOCUS without Speech——————
[2023-06-07-11-51-05] user:intent: object _ focus | BlueBlock1

[2023-06-07-11-51-05] Focus object position | (0.2, 1.1, -0.3)

[2023-06-07-11-51-05] Distance from agent to focus obj:1.188692

[2023-06-07-11-51-05] Diana pointed | BlueBlock1

[2023-06-07-11-51-06] Pointing to the TARGET without Speech ————
[2023-06-07-11-51-06] target object | YellowBlockl

[2023-06-07-11-51-06] target object position | (0.0, 1.1, -0.2)

[2023-06-07-11-51-06] Distance from agent to focus obj:1.188692

[2023-06-07-11-51-06] user:intent:event | put(BlueBlockl,behind(YellowBlock1))
[2023-06-07-11-51-06] agent executed | put(BlueBlock1,behind(YellowBlock1))

[2023-06-07-11-51-06]
[2023-06-07-11-51-06] Relations: under | Table and PinkBlock1 + under | Table and BlueBlock2 ...
[2023-06-07-11-51-06] Configurations: RedBlock1: (0.583337500: 1.124870000: 0.429246700) ...
[2023-06-07-11-51-06]
[2023-06-07-11-51-07] user speech | pick up the Yellow Block

[2023-06-07-11-51-07] Parsed speech | grasp(the(yellow(block)))

[2023-06-07-11-51-07] Diana | Which Yellow Block?

[2023-06-07-11-51-08] Pointing to the FOCUS After Disambiguation——-
[2023-06-07-11-51-08] user:intent: object _ focus | YellowBlock2

[2023-06-07-11-51-08] Focus object position | (0.5, 1.1, 0.1)

[2023-06-07-11-51-08] Distance from agent to focus obj:1.447748

[2023-06-07-11-51-09] Diana executes | grasp(the(yellow(block)))

(a)

[2023-06-07-13-38-16] User speech | Grasp this block

[2023-06-07-13-38-16] Parsed speech | Grasp(this(block))
[2023-06-07-13-38-17] Diana | OK!

[2023-06-07-13-38-17] User speech | No, this block

[2023-06-07-13-38-18] Diana | OK!

[2023-06-07-13-38-39] User speech | Move the green block to the left of the plate
[2023-06-07-13-38-39] Parsed speech | slide(the(green(block),left(the(plate)))
[2023-06-07-13-38-39] User speech | nevermind

[2023-06-07-13-38-40] Diana | OK! Nevermind.

(b)

Figure 5.1: (a) Trial sample of the IVA’s ability to disambiguate the target; (b) Trial sample of human’s
ability to correct misunderstanding.

ure 5.la, interlocutors’ moves, including actions, speech, and gestures, are logged with their
timestamps. We see that the human started pointing to the focus object (BlueBlockl) and moving it
behind YellowBlockl. Logs also include the positions of each, distance from agent to each, and the
agent’s action after pointing to each of the two blocks. The human then used language only (“Pick
up the yellow block™) to instruct Diana to pick up YellowBlock2. This instruction required Diana
ask for disambiguation: “Which yellow block?”, as there are two in the scene. To disambiguate,
the human uses pointing, and the object, its position, and distance are logged along with Diana’s
action. Additionally, when Diana has a misunderstanding, the human can correct it using language,
deictic gesture, or both (Figure 5.15). Diana confirms that disambiguation was successful using
deictic gesture to the correct object, resulting in bidirectional communication where both human

and agent use verbal and non-verbal behavior.
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14%

APSR
m APSR u Pointing (No disamb.) Pointing (disamb.)

Figure 5.2: Agent Pointing Success Rate (Metric #4: APSR) includes successful identifications of target
objects both without requiring clarification and after requesting and receiving clarification.

This demonstrates Diana’s ability to accurately disambiguate the object referred to by the hu-
man and to reference the human’s target, showcasing her comprehension of the prompted object
as shown in 5.2a. Using APSR, we found that Diana successfully identified and pointed to 95%
of the target objects when she extracted the correct intent. Of these, 81% of the prompts were
clear without requiring additional clarification, while 14% were ambiguous, prompting her to ask
for more information. These findings confirms the significant relationship between multimodal
responding, including pointing and speech, and contextual understanding (p-value < 0.001 using

Pearson’s x2-test) as illustrated in Table 5.1. To quantitatively measure the IVA’s situational un-

Table 5.1: Contingency table of the IVA’s pointings to human targets and her contextual understanding: #
of contextual understanding instances based on IVA’s pointings to the targets.

. L. Did Diana Understand?
IVA’s Pointings No ‘ Yes
No 453 0
Yes 0 9,268
| P-value | <2.2e-16 |

derstanding capabilities, we used MIHC. As illustrated in Figure 5.3a, while the IVA successfully
interpreted 5.18% of multimodal REs, 73.80% pointing-only expressions, and 16.67% of speech-
only expressions, 4.36% of multimodal and speech-only expressions were not correctly interpreted

by the IVA. In terms of speech type, she correctly interpreted 11.45% of attributive REs, 3.55% of
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relation REs, 0.26% of historical REs and 6.95% of non-referencing expressions as shown in Fig-
ure 5.3b. Overall, the IVA successfully interpreted 95% of human communications, while 5% were
not correctly interpreted. By maintaining a high success rate in both APSR and MIHC metrics,
the IVA demonstrates robust contextual understanding and responsiveness, crucial for efficient and

effective human-agent interactions.

N 80% 73.80% ” 14%
u 70% u 129 11.45%
3 60% 3 10%
B 50% £ .
o
s < 8% 6.59%
% 40% E 6%
s 30% S 4% 3.55%
2 20% 16.67% £ 2.35% 1.96%
© o - 9, -
a o 2% -
10%  5.18% 4.01% P 026% 0.0a% 0.00%
0, Jive 0% —
0% ——— 0.35% 0.00% —— _— . . . Non-
° Multimodal Pointing Only Speech Only AtiributiveRE|  RelationalRE | HistoricalRE referencing
= InterpretedComm. 5.18% 73.80% 16.67% u InterpretedComm. 11.45% 3.55% 0.26% 6.59%
= NotinterpretedComm. 0.35% 0.00% 4.01% = NotinterpretedComm. 2.35% 1.96% 0.04% 0.00%
Categories of Modalities Categories of Multimodal and SpeechOnly REs
(a) (b)

Figure 5.3: Machine Interpretation of Human Communication (Metric #3: MIHC) categorized by (a) uti-
lized modalities; and (b) speech type.

5.3.2 Efficiency of Collaborative Task Completion

In this section, we evaluate the IVA-humans efficiency in completing tasks using Agent Com-
pletion Time of Human Prompts (ACTHP) and Human Interpretation Time of Machine Communi-
cation (HIEMC). Based on ACTHP results illustrated in Figure 5.4a, b and ¢, we observed that the
IVA’s efficiency of completing prompts increases when humans use pointing or multimodal ref-
erences to communicate their intents. Specifically, Diana spent approximately 3 seconds or more
to understand the meaning of humans’ intents and respond to 46.14% of speech-only prompts, as
shown in Figure 5.4b. Nonetheless, giving deictic and multimodal communication, Diana demon-
strates increased efficiency by spending 3 seconds or more on 20.03% of multimodal REs and
on 24.13% of pointing-only REs as illustrated in Figure 5.4a and c¢. We conclude that the use of
pointing significantly increases the efficiency of IVA’s understanding of the meaning of humans’

intents and completing the task (p-value < 2.2e — 16 using ANOVA test [110]). On the other
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Figure 5.4: Agent Completion Time of Human Prompts (Metric #1: ACTHP) categorized by (a) Completion
time of linguistic prompts; (b) Completion time of pointing-only prompts; and (c) Completion time of
multimodal prompts; and (d) Human Interpretation Time of Machine Communication (Metric #2: HITMC)
hand, using HITMC, we noticed distinct response times by humans to the IVA’s communication
(see Figure 5.4d). While 69% of the human responses were immediate, taking 0 seconds or less,
31% of the human communications required between 1 second and approximately 2 minutes to
recognize and respond to Diana’s communication.

For a set of prompts, the humans’ recognition time, as shown in Figure 5.4d, and Diana’s
completion time, as depicted in Figure 5.4a, b, and ¢, exceed 3 seconds and can reach up to ap-
proximately 2 minutes. This delay is due to slow human responses to Diana’s disambiguation
questions, speech recognition issues, and failures in parsing speech to a PLF, as observed in hu-
man recordings of interactions. Addressing these challenges and maintaining lower ACEHP and

HIEMC result in efficient collaborative interactions between IVAs and humans.
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5.3.3 Contribution with Meaningful Content

Based on the significant reduction in ambiguity levels observed when humans used co-gestural
REs while interacting with the IVA (see Section 3.4), we evaluate whether LLM-generated refer-
ences maintain this level of clarity using Machine Multimodal Referencing Success (MMRS). As
illustrated by Figure 5.5, the LLM generated 40% of multimodal REs including 33.1% attributive
REs and %7.5 relational REs, 45.5% of pointing-only REs, and 13.9% speech-only REs, includ-

ing only relational REs. Nonetheless, the LLM generated none of the historical REs because of

Historical RE. 0.0%
SpeechOnly_Attributive RE. 0.0%
Multimodal_Attributive RE. [ 33.1%
Speech-only REs. - 13.9%
Multimodal_Relational RE. [l 7.5%

SpeechOnly_Relational RE. N 13.9%
POinting-only RES._ b
Pointing-Only RE. I 45.5%

LLM Generated REs
LLM- Generated REs

0.0% 10.0% 20.0% 30.0% 40.0% 50.0% 0.0% 10.0% 20.0% 30.0% 40.0% 50.0%
Rates of Generated REs Rates of LLM generated REs
(a) (b)

Figure 5.5: Machine Multimodal Referencing Success (Metric #5: MMRS) categorized by (a) generation
modalities only, and (b) speech type and generation modalities.

the lack of prior-actions based data to train the LLM on. Similarly, the LLM generated 0% of the
speech-only attributive REs. However, this is considered an advantage of the LLM, as this category
often requires interlocutors to disambiguate as illustrated in the contingency table in Section 3.4,
which leads to reduced efficiency of task completion. These results show the capacity of a gen-
erative model to contextually integrate gestures and language. Higher MMRS thereby enhances

task-based interactions and facilitates more natural and bidirectional human-IVA communication.
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5.4 Human Based Evaluation

Alongside the automatic quantitative evaluations, we conducted two human-based experiments
on Amazon Mechanical Turk (AMT) to assess the fluency and clarity of IVA and human-generated
MREs. We proposed two criteria for evaluating the generated MREs: 1) A qualitative compari-
son of IVA with human-generated MREs, using MRFR, the rate of top-rated machine references
based on third-party human judgments, and HRFR, the rate of top-rated human references based
on third-party human judgments, through preference ordering, 2) quantitative comparison of IVA
with human-generated MREs, using MOISR, the rate of correctly identified objects (by machine),
and HOISR, the rate of correctly identified objects (by humans). Evaluation data and results are

publicly available on GitHub'?.

5.4.1 Study Design

As illustrated in Figure 5.6, we selected 50 human MREs from the SCMRE dataset. These
were compared with 50 REs generated by the IVA in the same situation when driven by a generative
model trained over the human data. A total of 100 videos were collected. The referencing strategies
examined for each of human and IVA generation are pointing only REs, relational speech-only
REs, attributive speech-only REs, relational multimodal REs and attributive multimodal REs as
shown in Table 5.2.

Videos were used in a set of AMT human intelligence tasks (HITs), each involving workers
rating 1 video for both fluency and clarity, including 1 machine generated RE or 1 human REs, for
a total of 100 HITs. As shown in Figure 5.7, workers first identified the target object mentioned,
then, they rate the fluency of each video description on a Likert scale (5 = best, 1 = worst). Each
video was completed by 10 workers, for a total of 2,000 individual judgments for fluency and
clarity. We recruited workers fluent in English between 18 and 60 years old. They were given 1

hour per task and were compensated $0.75 for each HIT.

1https://github.com/nadahass/Human-based- Evaluation-of-EMREG
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Figure 5.6: Crowdsourcing framework, including human judgments and related metrics, Metric # 6:
MOISR, Metric # 7: HOISR, Metric # 8: MRFR, Metric # 9: HRFR, for evaluating MRE generation
models.

Table 5.2: Quantities of testing videos and judgements for referring expressions with distinct modalities
and speech types

‘ Human-Generated REs ‘ # Testing REs ‘ # Judgements ‘ IVA-Generated REs ‘ # Testing REs ‘ # Judgements ‘

Multimodal_Attributive 21 210 Multimodal_Attributive 33 330
Multimodal_Relational 14 140 Multimodal_Relational 6 60
Speech_Attributive 3 30 Speech_Attributive 0 0
Speech_Relational 9 90 Speech_Relational 7 70
Pointing 3 30 Pointing 4 40

‘ Total 50 ‘ 500 Total 50 500

5.4.2 Results and Analysis

Upon analyzing 1,000 assignments, it was found that 300 were rejected for not following in-
structions or attempting to game the system, and were subsequently republished. Workers, with an
average lifetime approval rate of 100%, invested approximately 30 minutes on average to complete
the tasks, indicating thorough engagement.

The rates of identifying objects referred to by humans and IVA were compared to the intended
objects in the dataset. As shown in Figure 5.8a, the overall HOISR and MOISR were 82.6% and

89.4%, respectively, demonstrating that the clarity level of IVA-generated MREs strongly competes
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Figure 5.7: Each HIT includes two tasks for quantitative and qualitative evaluation of (a) IVA REs and (b)
human REs.
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Figure 5.8: (a) Machine Object Identification Success Rate (MOISR) and Human Object Identification
Success Rate (HOISR), and (b) Machine References Fluency Rate (MRFR) and Human References Fluency
Rate (HRFR)

with human-generated MREs (p-value < 2.2e — 16 using Pearson’s y2-test). For the fluency task,
Figure 5.8b shows MRFR of 73% and HRFR of 67% , with ratings at “4” and “5”. The fluency
between human and LLM-generated REs demonstrates no significant difference, as indicated by
a p-value of 0.5529 (p-value = 0.5529 using Pearson’s y-test). This indicates that the generative
LLM is capable of producing REs of comparable quality to those generated by humans.

In terms of utilized modalities, the findings in Table 5.3 confirm that integrating multiple
modalities by the LLLM significantly improves the fluency of REs. Pointing-only REs and speech-
only REs received 55% and 31.43% of “17, “2” and “3” ratings, respectively, whereas multimodal
REs received fewer low ratings. Higher ratings of "4" and "5" were received for multimodal rela-

tional REs and multimodal attributive REs, with fluency rates of 78.33% and 79.58%, respectively.
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The p-value of 0.00405, using Pearson’s x>-test, indicates the importance of employing mixed

modalities to achieve more natural, fluent and effective interactions.

Table 5.3: Contingency table of IVA’s RE fluency and modalities used; Rel: Relational REs, Att: Attributive

REs: fluency level by modality type

Fluency \ Multimodal-Rel \ Multimodal-Att \ Pointing \ SpeechOnly-Rel ‘

1 13.33% 13.64% 22.50% 18.57%

2 0.00% 0.61% 2.50% 2.86%

3 8.33% 9.70% 30.00% 10.00%

4 33.33% 38.67% 27.50% 38.57%

5 45.00% 40.91% 17.50% 30.00%
P-value 0.00405

Table 5.4: Contingency table of IVA’s RE clarity and modalities used; Rel: Relational REs, Att: Attributive
REs: clarity level by modality type

| Clear? | Multimodal-Rel | Multimodal-Att | Pointing | SpeechOnly-Rel |

No 15% % 0 30%
Yes 85% 93% 100% 70%
P-value 2.373e-08

Furthermore, the findings (see Table 5.4) indicate that incorporating pointing gestures signif-
icantly enhances the clarity of referring expressions compared to using speech alone (p-value:
2.373 x 1072 < 0.001 using Pearson’s x?-test). Pointing provides a direct visual cue that guides the
listener’s attention to the specific object being referred to. While speech conveys detailed descrip-
tive information, pointing gestures provide spatial context. This reduces ambiguity, especially in
environments where multiple objects could match the spoken description. These are obvious with
85%, 93% and 100% correctly located objects described by multimodal relational REs, multimodal
attributive REs and pointing-only REs, respectively. This has significant implications for the de-
sign of IVAs, suggesting they should leverage multimodal communication to enhance overall user

satisfaction and task performance.
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5.5 Correlation Analysis of Evaluation Metrics

This section analyzes the correlation between key properties of collaborative interaction and
their associated metrics. We explore how these metrics relate to their properties, providing com-

prehensive insights into the performance and interaction dynamics of IVAs.

Efficiency of Collaborative Task Completion. Human and agents collaborate in the way that
consumes less amount of time to complete the collaborative tasks. Extracting the intents is the
major aspect in this research that could consumes time to continue the collaboration and suc-
cessfully accomplish the tasks. Given the significance of completion time in measuring system
efficiency [111], we proposed the Agent Completion Time of Human Prompts (ACTHP) and Hu-
man Interpretation Time of Machine Communication (HITMC) to assess how efficiently the IVA
interpret and executes prompts, as well as how humans interpret and respond to the IVA’s instruc-
tions. Low ACTHP values indicate effective understanding and execution of human commands,
which is essential for collaborative task completion. This metric assesses the IVA’s versatility in
quickly interpreting various forms of human communication, whether linguistic, pointing-only,
or multimodal as shown in Figure 5.3. Additionally, ACTHP indicate the existance of execution
bottlenecks and areas for improvement, leading to faster and more efficient task completion.
Similarly, HITMC metric, which measures the time spent to interpret and respond to the agent,
indicates how efficiently the IVA’s messages and prompts are understood by humans. In human
interactions, it it argued that the low response latency associates with the high quality of perceived
communication [112]. Therefore, the low HITMC suggests that the IVA’s communication is clear
and easily interpreted by humans, which is essential for seamless collaboration. Efficient human
responses are critical for maintaining the flow of collaborative tasks and ensuring timely task com-
pletion. Furthermore, the difference in task completion time using pointing-only, speech-only REs,
and multimodal REs, detailed in Section 5.3.2, highlights the significant relationship between un-

derstanding efficiency and ACTHP and HITMC metrics (p-value < 0.001, using ANOVA test).
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Low values in both ACTHP and HITMC metrics indicate well-balanced and efficient extraction of

intents meaning between the IVA and humans, resulting in more effective task completion.

Contextual Awareness. Being contextually aware is the ability to reference and understand con-
texts. “Understanding” is defined as the capability of machines to extract the “meaning” of intent,
communicate it or reproduce it [1]. Thus, we proposed Machine Interpretation of Human Commu-
nication (MIHC) and Agent Pointing Success Rate (APSR) metrics to evaluate the IVA’s contextual
understanding.

MIHC measures the IVA’s ability to accurately interpret various forms of human communica-
tion, including linguistic inputs, gestures, and multimodal prompts. This ensures that the agent
comprehends instructions correctly, leading to fewer errors and misunderstandings. As discussed
in Section 3.4, there exists a notable difference in the IVA’s interpretation of human REs across
various modalities and speech types. This variance underscores the correlation between the depth
of understanding and the contextual information conveyed to the agent (p-value < 0.001, using
Pearson’s y2-test). The IVA demonstrates proficiency in interpreting contextual REs, such as mul-
timodal and some of relational REs, without requiring clarification. In contrast, the interpretation
of linguistic REs alone sometimes leads to misunderstandings for the IVA. APSR, on the other
hand, evaluates the accuracy with which the IVA points to the target objects specified by humans.
A strong relation between agent pointings to the targets and her understanding (p-value < 0.001,
using Pearson’s y2-test) as shown in Section 5.3.1. A high success rate in this metric demonstrates
the agent’s ability to respond appropriately to deictic gestures and other references, ensuring cor-
rect understanding and effective communication.

Both MIHC and APSR metrics together reflect the IVA’s understanding level of the situational
context. This includes recognizing the relevance of objects and actions within the given envi-
ronment, which is critical for performing tasks that require contextual sensitivity. Analyzing the
MIHC and APSR metrics can help identify specific areas where the IVA may struggle with context
interpretation or response accuracy. Maintaining high success rates in both APSR and MIHC met-

rics demonstrates the IVA’s robust contextual understanding and responsiveness, which are crucial
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for efficient and effective human-agent interactions. This leads to improved task performance, user

satisfaction, and overall system reliability.

Contribution with Meaningful Content. According to our results in Section 3.4, multimodal
REs demonstrated a strong impact in providing the necessary information to understand the mean-
ing of intents and reduce the ambiguity of references (p-value < 0.001, using Pearson’s y>-test).
Therefore, we proposed the Machine Multimodal Referencing Success (MMRS) metric to assess
how effectively the LLM integrates multiple modalities to convey meaningful information. By as-
sessing the IVA’s success in multimodal referencing, MMRS ensures that the content generated by
the LLM is not only accurate, but also meaningful and helpful in the given context. High MMRS,
as illustrated in Section 5.3.3, indicates that the LLM can effectively combine different commu-
nication forms (verbal and non-verbal) to deliver coherent and comprehensive references. This
ability enable human interlocutors to effectively extract the intended meaning, leading to enhance
the overall quality of interaction. Additionally, as MMRS quantifies the generated communication
types, it aids continuous improvement of the LLM’s performance in conveying meaningful con-
tent. It also allows for the comparison of different versions of LLMs, ensuring that advancements

in multimodal referencing are effectively captured and evaluated.

Clarity and Fluency. As human satisfaction is essential to evaluate the success of human-IVA
collaboration [78], we suggested the Machine Object Identification Success Rate (MOISR), and
Human Object Identification Success Rate (HOISR) to evaluate the effectiveness of object identi-
fication by both machines and humans. Moreover, we proposed the Machine References Fluency
Rate (MRFR) and Human References Fluency Rate (HRFR) to assess the fluency and naturalness
of the interactions between the IVA and humans.

MOISR measures how successfully humans identifies targets based on machine-generated REs,
reflecting the system’s ability to correctly generate REs. HOISR, however, evaluates the human’s
ability to correctly identify objects described by humans when collaborating with the IVA. These
metrics indicate the clarity and effectiveness of the IVA’s communication and whether it competes

human communication. As indicated in Section 5.4.2, there exists a notable distinction between
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REs generated by humans and those generated by the IVA (p-value < 2.2e — 16 using y>-test).
Humans demonstrate a higher accuracy in identifying objects referenced by IVA-generated de-
scriptions compared to human-generated ones. Similarly, MRFR evaluate the human’s satisfaction
on the LLM’s proficiency in generating smooth, coherent, and contextually appropriate references,
while HRFR measures the human’s satisfaction on human proficiency in generating natural REs.
The fluency between human-generated and LLM-generated referring expressions shows no signif-
icant difference, as indicated by a p-value of 0.5529 using the Y2-test as outlined in Section 5.4.2.
Together, these metrics provide comprehensive insights into the fluency and naturalness of IVA
communication, highlighting areas for improvement in machine performance to meet human ex-
pectations. Moreover, these metrics are utilized to analyze human-IVA collaboration in real-time,

advancing both machine performance and human interaction REs.

5.6 Summary

As interactive agents become more widespread in everyday use, developers need principled
ways of evaluating their behavior. Modern generative large language models require new evalua-
tion methods beyond traditional metrics like accuracy, precision, and recall on benchmark datasets.
Factors such as fluency, reliability, correctability, and ease of use must also be considered, espe-
cially when non-linguistic modalities are involved, as with embodied IVAs. In this chapter, we
proposed a quantitative and qualitative evaluation framework to assess the quality of generated
multimodal referring expressions, including language, gesture, and actions grounded in a shared
virtual environment.

Our approach involved developing a set of metrics for evaluating the quality of REs, applying
to both human and IVA-generated expressions using combined verbal and non-verbal informa-
tion. These metrics focus on the fluency and effectiveness of the communication in achieving its
intended purpose. By examining the detailed results obtained from users interacting with the ex-
perimental platform, we were able to analyze the IVA’s references based on our proposed metrics.

This analysis demonstrated the utility of these metrics in evaluating the contribution of non-verbal
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information towards the effectiveness and efficiency of bidirectional interpretation and generation
of REs.

The evaluation framework targets the understanding, generation, efficiency and fluency of re-
ferring expressions, proposing a set of qualitative and quantitative metrics that we believe will
generalize to other situated tasks requiring the use of MREs. Such tasks include robot instruction,
situated collaborative problem-solving, and other contexts where precise and efficient communi-
cation is crucial (Bradford et al., 2023).

Findings of these metrics highlight the importance of multimodal communication in enhanc-
ing the effectiveness of interactive agents. By integrating gestures, language, and context-aware
actions, IVAs can achieve more natural and effective interactions with human users. This research
provides a foundation for future work in the field of IVA and multimodal interaction, offering a
robust framework for the assessment of dialogue and behavior generation strategies. We hope it
will be beneficial for researchers to evaluate and improve the performance of IVAs in a variety of

applications, ultimately leading to more intuitive and user-friendly IVAs.
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Chapter 6

Conclusion

In this thesis, we confirmed the potential of integrating embodied interactive virtual agents into
natural language technology, offering a pathway to systems that surpass mere language processing
and approach genuine language understanding. Our focus on embodied systems is driven by their
ability to simulate interactions related to those with another person. By enabling these systems to
engage in interactions that imply an understanding of their conversational partner’s intents, we can
make significant strides towards achieving true computational natural language understanding. Our
experiments, centered on multimodal referring expression generation, serve as a representative use
case. We established an IVA testbed, gathered human-generated multimodal referring expressions,
fine-tuned an intelligent model for generating MRESs, and developed an evaluation framework to
assess multimodal behavior generation and comprehension. Through these efforts, we advance
the capabilities of embodied interactive virtual agents and pave the way for more sophisticated

language understanding systems.

6.1 Thesis Contributions

Here are the novel contributions of this thesis:

* The development of an embodied interactive virtual agent to elicit MREs from humans, in-
volving the evaluation or implementation of five key components. Firstly, the "GSR" was
evaluated to ensure it recognizes collaborative task speech across diverse patterns and ac-
cents. Second, the “ParsingToPLF” Algorithm was devised to compose constituents in a for-
mat that differentiates between attributive, relational, and historical descriptions. Thirdly, the
“Relational Algorithm” leveraged previously tracked relations to extract the object associated
with the received spatial description. Fourthly, the “HistoricalAlgorithm” was introduced to

access the dialogue history, storing all previously executed events and identify the target ob-
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jects. Lastly, the “AttributiveREAlgorithm” was designed to interpret object attributes such
as color or demonstratives. Each of these components, whether dealing with attributive, re-
lational, historical, or composed REs, may be aligned with deictic gestures, albeit in distinct

manners.

Collecting a situated corpus of multimodal referring expressions (SCMRE) collected from
human-IVA interactions. We established bidirectional interactions between humans and
IVAs using verbal and non-verbal behavior synthesis. The IVA was adapted to be presented
to humans with a sequence of 10 scenes each includes randomly generated objects. They

were asked to refer to objects using deictic gesture and speech.

Implementing an Al model that contextually generates multimodal referring expressions in
real time interactions. We trained a LLaMA?2 model on SCMRE to capture language, ges-
ture, situational information, and dialogue history. This enabled us to generate situational

expressions using both speech and gesture.

Evaluation metrics that apply to both humans and IVAs, combining qualitative and quan-
titative metrics. Using our the developed IVA, we analyzed IVA-system outputs and user
interactions based on these metrics, demonstrating their utility in assessing the contribu-
tion of non-verbal information to bidirectional interpretation and disambiguation of object

descriptions in context.

6.2 Broader Implications

In this section, we aim to contextualize our work within its impact on the research field of

collaborative tasks requiring the use of MREs.

This study showcases significant advancements in multimodal human-IVA capabilities, partic-

ularly in bridging the gap between human and IVA communication in generating referring expres-

sions. As the development of the PLF transformer, SCMRE corpus, fine-tuned generative model,

and comprehensive evaluation framework have significantly enhanced the naturalness and effec-
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tiveness of interactions between humans and IVAs, they are poised to aid researchers in the IVA
and multimodal interaction fields to enhance and evaluate dialogue and behavior generation strate-
gies. We expect the PLF parser and evaluation metrics will generalize to tasks situated in contexts
that necessitate the utilization of MREs, such as robot instruction or situated collaborative problem
solving. Moreover, SCMRE corpus serves as a benchmark for assessing or building different algo-
rithms and systems in multimodal communication. The model also can be seamlessly integrated
into IVAs for multimodal communication or further fine-tuned by researchers or developers to
adapt to specific tasks or datasets, enhancing its performance and applicability in various contexts.

This evolution of cutting-edge multimodal communication capabilities, which understand and
respond to human intentions with unprecedented clarity and fluency, marks a significant step for-
ward, making interactions with IVAs more intuitive and effective in the domain of MREs. The
findings of this study suggest that deploying a generative LLLM within IVA systems to clearly and
fluently integrate multiple modalities enhance real-time communication of intentions. This re-
sults in growing up situated task-based interaction between humans and machines by increasing
the capabilities of interactive systems to collaborate with humans, such as in shared-task contexts,
leading to more natural, fluent, bidirectional human-IVA interactions. This encourages the utiliza-
tion of interactive systems in collaborative problem-solving, personal assistance, and educational
contexts, as they proficiently interpret and generate detailed multimodal descriptions of objects

within their environments.

6.3 Future Research Directions

We identified five fundamental challenges in multimodal language comprehension and genera-
tion research. Nevertheless, future research could investigate additional aspects to further progress
the field. Here, we provide an overview of potential ideas for advancing multimodal IVA-human
communication. It is important to acknowledge the limitations of our study, including the scope of

the challenges identified and the methods used, which may not cover all relevant factors. Address-
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ing these limitations in future research could offer a more comprehensive understanding and lead

to significant advancements in the field.

Human-Agent Collaboration. Studying how IVAs can collaborate with humans in complex
tasks is another important research direction. This involves designing interaction protocols that
rely on understanding and anticipating human needs and intents. The IVA can be developed to
take initiative and suggest actions based on its understanding of the context and user behavior,
thereby improving the efficiency and effectiveness of human-agent collaboration. Furthermore,
expanding the diversity of multimodal communication events (e.g., historical REs) in the SCMRE
corpus will enhance researchers’ understanding of human referring expressions and broaden AI’s
capacity to learn a wider range of human-like interactions. Improved interpretation and generation
of multimodal behaviors will enhance interaction fluency, clarity, and usability, facilitating more

efficient and bidirectional communication between humans and [VAs.

Improving Contextual Understanding. Enhancing the IVA’s ability to understand contextual
information is still crucial. Developing advanced NLP models that handle longer contexts and in-
corporate multimodal information more effectively. Integrating recurrent neural networks (RNNs)
can maintain and utilize long-term dialogue history, ensuring that the agent can provide more
coherent and contextually appropriate responses throughout an interaction. Moreover, training a
neurosymbolic model on a collaborative multimodal corpus parsed to PLFs can bridge the current
parser’s limitations in parsing prompts beyond the implemented syntax. For example, the prompt
“move the blue block in the corner to the pink block™ results in an invalid PLF form if “in the
corner’” is not correctly parsed. This approach can enhance the parser’s ability to handle more

complex syntactical structures.

Personalization and Adaptation. By incorporating personalization and adaptation techniques
into MREG, communication systems can generate descriptions that are better suited to individual

users’ needs. For example, a system may adapt the language, tone, or complexity of REs based
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on the user’s language proficiency, or interaction history. This can be implemented by incorpo-
rating machine learning techniques that allow the IVA to learn from user interactions over time.
Reinforcement learning algorithms, for example, can help the IVA adapt its responses based on

feedback from the user.

Cross-Domain Applications. Applying MREG in various domains beyond simple task-based
interactions is a promising direction for future research. This involves adapting the IVA to specific
domains such as education, healthcare, and customer service. Domain-specific training data can
help the IVA understand and respond appropriately to different types of queries and tasks. More-

over, this will help to identify challenges unique to each domain and guide further improvements.

Multilingual and Multicultural Capabilities. Extending research to include multilingual and
multicultural aspects is crucial for ensuring that IVAs can operate effectively across different lan-
guages and cultural contexts. MREG can benefit from multilingual and multicultural capabilities
by incorporating linguistic and cultural diversity into the generation process. For example, a sys-
tem that generates multimodal referring expressions may need to consider linguistic variations and

cultural differences when selecting language and gesture combinations.
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