VRIJE
UNIVERSITEIT
AR°  AMSTERDAM

Master Thesis

Assessing the Role of Gesture
Information in NLG: a Case Study with
LLMs and Multimodal AMR

Sanne van den Berg

Supervisor Lucia Donatelli
2nd reader Antske Fokkens

a thesis submitted in fulfillment of the requirements for
the degree of

MA Linguistics
(Text Mining)

Vrije Universiteit Amsterdam

Computational Linguistics and Text-Mining Lab
Department of Language and Communication
Faculty of Humanities

Date June 27, 2025
Student number 2672693
Word count 16181






Abstract

Abstract Meaning Representation (AMR) is a notation scheme developed to encode
the meaning of English sentences in written text and has gained popularity because
of its easy-to-understand structure. AMRs are represented as rooted, directed, la-
beled graphs, where concepts are represented by nodes, relations between nodes are
represented as edges, and coreferences by recurrent nodes. Originally, it was designed
for written English sentences, and recent research has adapted the AMR structure
to attempt to represent the semantics of gesture. Given that gestures often convey
meaningful information alongside speech, this thesis aims to investigate whether large
language models (LLMs) can interpret and use the information provided by the ges-
tures. To explore this, the SAGE-AMR dataset was created and used to prompt the
Llama model. The input consists of three types: speech AMR only, gesture information,
and a combination of both. The model is then tasked with generating a correspond-
ing sentence to assess what impact gesture information has on the model’s ability to
interpret this gesture information and generate sentences using it. Results indicate
that Llama struggles to extract and integrate information from both the speech AMR
and gesture information, often failing to produce accurate or complete outputs. These
findings suggest limitations in the model’s ability to interpret gesture-based semantics
within this framework and highlight the possibility that unimodal models cannot grasp
gesture meaning. The code for this thesis can be found on Github[ﬂ

Thttps://github.com /sanne-jpg/Master-thesis
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Chapter 1

Introduction

1.1 Overview

Human communication is inherently multimodal. While spoken language serves as
the primal form of conveying information, it is often accompanied by non-verbal cues.
These cues often consist of head or hand movements, as well as facial expressions. They
help to disambiguate meaning or to emphasize intention (McNeill and Duncan| (2000))).
These gestures help enhance the semantic richness of spoken language. Despite the rich-
ness of gesture in everyday communication, most existing Natural Language Processing
(NLP) frameworks focus on text or speech, not taking into account how gestures con-
tribute to meaning. Even in semantic representation frameworks like Abstract Meaning
Representation (AMR), gesture was not incorporated until recently. AMR is a notation
scheme developed to encode the meaning of linguistic expressions, specifically written
English sentences, and will be further explained in chapter [2l Recent studies have ex-
tended AMR with gesture annotations, Gesture AMR, but these representations remain
underutilized in large language models (LLMs). LLMs will also be discussed in chap-
ter 2, and a detailed explanation of Gesture AMR can be found in chapter |3 Although
models like Llama have shown remarkable capabilities in generating language, their
training data often consists only of linguistic input, such as text and code from various
sources. While Gesture AMR provides a mechanism for representing gestures formally,
it remains unclear whether incorporating such representations into LLLM prompts can
improve the quality or grounding of generated text. This raises the question whether
gesture information can improve a large language model’s ability to understand or gen-
erate language. Moreover, can gestures provide disambiguating context that enhances
the output quality when asked to generate natural spoken sentences? This thesis tries
to fill this gap.

1.2 Goal and Research Questions

This thesis investigates to what extent gesture information improves Natural Language
Generation (NLG) in large language models. The gesture information is represented
through gesture labels that describe the intention of a given gesture and gesture AMR.
I explore whether the inclusion of gesture semantics can help the model in generating
more contextually grounded and meaningful sentences, particularly in multimodal com-
munication scenarios. In doing so, I aim to shed light on the potential and limitations
of integrating gesture semantics into modern LLMs.



2 CHAPTER 1. INTRODUCTION

The research question of this thesis is to determine how gesture information impacts
the model’s ability to perform natural language generation, compared to only speech
as input. This question can be broken down into sub-questions:

e Do gesture labels and gesture AMR, help predict speech and speech AMR?
e Does speech AMR help predict speech?

Specifically, a Llama model is prompted with three different inputs: speech AMR only,
gesture information only, and a combination of both. The main contributions of this
thesis are summarized below:

e Aligned multimodal data including speech transcripts, speech AMR, gesture la-
bels and gesture AMR.

e Created a new dataset, SAGE-AMR, combining speech and gesture information
for AMR-based tasks.

e Designed and conducted prompting experiments with a Llama model using the
SAGE-AMR dataset.

e Performed a detailed error analysis of Llama’s outputs to refine prompt strategies
and categorize common model mistakes.

1.3 Thesis Outline

Before outlining the methodology used to address the research question, pro-
vides an overview of the relative literature and essential background concepts. This
includes information on AMR and its framework, gesture in communication, large lan-
guage models, and common prompting techniques. To investigate whether gesture
information impacts the model’s ability to perform natural language generation, the
multimodal dataset SAGE-AMR was created, which will be discussed in chapter [3] It
was created using an existing gesture corpus, which is also explained in this chapter.
The three conditions and the different prompts created per prompt are explained in
chapter {4 as well as the specific Llama model used for the task and its specific pa-
rameters. The results of the three conditions are explained in chapter To better
understand the model output, an error analysis was conducted to quantify the error
types and gain deeper insight into the specific challenges faced by the model. This anal-
ysis is explained in chapter [6] Chapter [7] discusses the results and other insights gained
throughout this thesis, as well as limitations. Lastly, chapter 8| draws a conclusion, and
the contains supplementary material that supports the main content but is
not critical to grasping the core arguments.



Chapter 2

Background and Related Work

This chapter provides an overview of the relevant literature related to the topics in
this thesis and essential background concepts. This includes information on Abstract
Meaning Representation (AMR) and its framework, gesture in communication, Large
Language Models (LLM), and common prompting techniques. The focus of this the-
sis is on the use of language models to predict sentences based on AMR. Therefore,
explains Standard AMR in detail, including its framework. Section
discusses gesture and some foundational gesture research, discusses (large)
language models and popular architectures, steps that are needed to train a large lan-
guage model, in addition to the most popular prompting techniques. Lastly,
discusses automatic evaluation metrics, as well as AMR-to-text generation.

2.1 Abstract Meaning Representation

This section introduces Abstract Meaning Representation (AMR), a semantic repre-
sentation framework designed to capture the meaning of written English sentences in
a structured format. Understanding this format is essential for this thesis, since both
the speech and gesture data are annotated using this formalism. This section outlines
the motivation behind the development of AMR, and explains its underlying framework.

Abstract Meaning Representation (AMR), as described by Banarescu et al.| (2013),
is a notation scheme that has been developed to encode the meaning of English ex-
pressions. The AMR notation is easy for people to read and understand, and easy
for computer programs to parse. This notation focuses on predicate-argument struc-
ture, and makes extensive use of PropBank framesets (Kingsbury and Palmer (2002)).
Verbs can have multiple meanings, and these framesets help to distinguish between all
possible meanings. An example is shown in Here, the frameset look.02
is used, which means “seeming, appear/seem”. This choice is contextually appropri-
ate because look does not denote visual perception, but rather the appearance of a
situation. Compare this to look.01 in which refers to the visual sense
of look. This difference is crucial because a misinterpretation of the verb sense would
result in an incorrect interpretation, especially in NLG tasks. Chapter [6] will showcase
an example of how the model handled these different framesets. Accurately resolving
such ambiguities is particularly important for the task in this thesis, where gesture
information might influence or help clarify verb sense.
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(1/1look-82
:ARG1 (b/block
imod (n/next))
:ARG2 (b2/be-located-at-91
1ARGL b
1ARG2 (o/on
:opl (t/top
topl (t2/that)))

‘ARG1-of (d/direct-@2 look.01 - vision, look look.02 - seeming, appear/seem
:mod (a/almost)))

AL Esem) (b) Frameset defi- (¢) Frameset  definition
(a) AMR example. nition look.01. look.02.

Figure 2.1: AMR example for the sentence “Looks like the the next block is almost
directly on top of that”. The two framesets of the verb “look” help to disambiguate the
verb’s meaning.

The AMR notation was originally designed to encourage new work and research in
statistical Natural Language Understanding (NLU) and NLG (Banarescu et al.| (2013)).
Because of its easy annotation style and comprehensibility, much research has been
done on how it can be applied to different domains within different Natural Language
Processing (NLP) tasks. This will be discussed in greater detail in the next section,
following an overview of the AMR framework.

2.1.1 AMR Framework

AMRs are written down as rooted, directed, labeled graphs. There are multiple ways
in which one can write down AMR: logical notation, PENMAN notation (Matthiessen
and Bateman (1991)), and graph notation. In such a graph, nodes represent enti-
ties, properties, or events; leaves are labelled with concepts; and relations link entities
together to represent sentences. As described above, AMR annotation makes use of
PropBank framesets, which can be seen in the concept names. These are either Prop-
Bank framesets such as put.01 or words, such as “block”. PropBank framesets help
to disambiguate verbs. They provide a description of the particular verb, and all pos-
sible semantic role labels it can take. A number of relations are used, ranging from:
arguments (:ARGO:), general semantic relations (:location:), quantities (:quant:), date-
entities (:day:), and lists (:opl:). shows an example of the frameset put.01
and grab.01. These examples are shown because they often appear in the corpus used
for the task.

put.01 - location grab.01 - to capture, obtain, taking hold of
ARGO: putter ARGO: grabber
ARG1: thing put ARGI: entity grabbed

ARG2: where put

Table 2.1: Table with framesets for put.01 and grab.01.

shows an example of the three different notations for the sentence “Space
two out a little less than a block length”. Only the PENMAN notation will be used
in this thesis, as it is easy to read and the format adopted by the underlying corpus
on which this thesis is based. All three formats convey the same underlying semantic
structure. This comparison serves to contextualize the choice of the PENMAN notation
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(a) Graph notation.

(s / space-ol
:mode imperative
tARGE (y / you)
tARG1 (i / implicit-role
rquant 2)
:ARG2 (q / distance-quantity
:unit (b / block)
:ARG1-of (h / have-quant-91
tARG2 1
1ARG3 (1 / less
imod (12 / little)))))

(b) PENMAN notation.

3 s, x, d:
instance(s, space-out-@1) A instance(x, two) A
instance(d, distance) A arge(s, you) A
argl(s, x) A arg2(s, d) A modifier(d, less-than) A
quantity(d, block-length) A degree(d, little)ttle)))))

(¢) Logic notation.

Figure 2.2: Different AMR notations for “Space two out a little less than a block
length.”

as both accessible and expressive for representing meaning in natural language and
gesture. Moreover, because the AMR notation abstracts away from surface syntax,
with the goal to assign the same AMR to sentences with the same meaning, there are
multiple possible sentences for one AMR graph. For example, the sentences “She called
him a liar.”, “Her accusation toward him: liar.” and “According to her, he was a liar.”
would all have the same AMR representation. This creates challenges for the evaluation
of the model’s output, as generated sentences might be semantically correct but differ
from the reference sentence in wording or structure.

(p / push-01
:mode imperative
:ARGO (¥ / you)
tARG1 (b / block .
:ARG1 (P push 01

:mod (€ / that)) :direction (SR )

:ARG2 () ) :ARG2 (@/ actor))

(a) Speech AMR for “push that block left”. (b) “Push left” gesture.

(i / icon-GA
:ARGO (s / signaler)

Figure 2.3: The speech and gesture AMR associated with the communicative act of
pushing a block to the left. The colors indicate coreference relations.

As mentioned previously, much research has been done on how the AMR notation
could be applied to different domains within different NLP tasks. |[O’Gorman et al|
created a multi-sentence AMR (MS-AMR) corpus, because when a document
needs to be analyzed, it is important to access information that spans multiple sen-
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tences, such as coreference. In the MS-AMR corpus, existing AMRs were annotated
with information about coreference, implicit roles, and information that bridges rela-
tions across multiple AMRs. This is relevant for this thesis because it allows for the
establishment of connections between the content of speech and gesture modalities. An
example showing the use of MS-AMR for this task can be found in adapted
from |[Lai et al. (2024). These links allow for the alignment of gesture components
with corresponding elements in the speech AMR. In this example, the gesture AMR
reinforces and complements the command “push that block left” by encoding direction-
ality and referential information, thereby supporting more grounded and context-aware
interpretation.

To explain in more depth what was mentioned above, coreference is when two or
more expressions refer to the same entity, and coreference resolution (Lee et al| (2013)))
is the task of finding all these expressions. It is important for tasks such as summa-
rization, question answering, and information extraction. Implicit roles are roles that
do not have an explicit antecedent, and are often understood through context or world
knowledge. For example in ARGO you refers to the actor of the gesture.
Recognizing these implicit roles improves tasks such as event comprehension and ques-
tion answering, as it allows for a more complete understanding of the participants and
relations involved, even when not explicitly stated. Lastly, two examples of common
bridging relations are part/whole and set/member relations. The former describes how
a part is a component of a bigger whole, for example the Residence and the Office Wings
are both parts of the White House. The latter describes items that belong to the same
category; they are independent entities that share characteristics. For example, Italy
and Spain are members of the set countries in Furope.

These phenomena are all related to multimodal coreference, which aims to identify
when different mentions across modalities, e.g. speech and gesture, refer to the same
entity or event. Coreference in this context involves resolving when entities mentioned
in speech match gestures. For example someone might say “That one” while making a
gesture which points to a specific object. Implicit semantic roles are important when
certain references in speech are not explicitly mentioned but must be inferred, for ex-
ample, in the sentence “On the other side the two closest to the middle get stacked” one
has to infer what exactly the two closest to the middle refer to. Multimodal coreference
resolves this implicit role by linking the unspoken reference to the objects indicated by
the gesture. Lastly, bridging relations across AMRs is critical when dealing with mul-
tiple modalities. In the dataset used for this thesis, speech and gesture form separate
AMRs, each conveying its own semantic representation. Bridging these representations
ensures that the coreferential connections are made between them. Together, corefer-
ence, implicit roles, and bridging relations enable the integration of speech and gesture
into a coherent understanding of the same referent across modalities. This is also why it
is important for this thesis, because the addition of gesture might improve the model’s
ability to understand these referents.

2.2 Gesture

AMR was originally designed for English sentences in written text, and recent research
has begun to incorporate gesture into AMR to capture the meaning of gesture. Gesture
refers to a speaker’s movements of the hand, arm, or other body parts, to communicate
with others. It is thought that speech and (non-verbal) gestures contribute to meaning,
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and this thesis aims to investigate this question. The table below outlines examples of
specific gesture types to illustrate how different gestures may encode distinct semantic
contributions.

Gesture Type Examples
Iconic The action of smoking a cigarette.
Deictic Pointing to a location.
Emblematic The OK sign or a thumbs up.
. Tossing the hand over the shoulder while saying
Metaphoric “That is in the past”.

Table 2.2: Overview of the different gesture types, including examples.

Two researchers, Adam Kendon and David McNeill, have published foundational
gesture research, focusing on the role of gestures in speech. Kendon| (2004) discusses
different gesture types, their functions, and how they interact with spoken language,
arguing that gestures can function as meaningful utterances. Furthermore, Kendon
(1988) depicts how gestures, also described as “gesticulation”, are closely integrated
with speech, giving emphasis to what is being said, or pointing out a specific object
or location in the referred environment. For example, one mentions a person smoking
a cigar, and simultaneously imitates a person smoking. This gesture is referred to as
“iconic”, and these gesture types will be discussed in [chapter 3| Moreover, gestures like
pointing can help to anchor meaning in space. If a speaker says “That book there is
mine” and points to a specific book, it helps to ground what “That book” refers to.
Kendon| also describes how gestures are used as a mode of communication, used to con-
vey meaning. Communicative functions translate to: disambiguating ambiguous words,
conveying aspects of meaning spoken words cannot capture, or only partly, completing
an utterance, or substituting a non-spoken part of the utterance. Recipients in con-
versation pay attention to these gestures, and derive information from them. Gestures
can contribute important semantic context that clarify or enrich an utterance, espe-
cially when speech alone may not fully cover the speaker’s intended meaning. Therefore
gestures often provide information about the semantic contexts of an utterance. This
highlights why it is of interest to explore whether gestures and their semantic represen-
tations, such as Gesture AMR, can provide additional information that complements
or enhances the interpretation of speech. In the context of this thesis, this forms the
basis for exploring how gesture-enriched AMR representations can inform or improve
NLG.

McNeill (1985) challenges the view that gestures are merely complements of speech,
arguing that speech and gesture share a computational phrase, and that they are part
of the same psychological structure. One reason for this is that patients with Broca’s
or Wernicke’s aphasia show similar patterns of what is preserved and what is lost after
brain injury, in both speech and gesture domains. Furthermore, McNeill| argues that
gestures only occur during speech, stating that about 90% of all gestures only occur
during speech. The 10% of gestures that occurred during silence were immediately
followed by further speech. McNeill goes on to say that these gestures symbolize the
function of silence in those specific situations.

In summary, while Kendon focuses more on the social and communicative aspects
of gesture, McNeill focuses more on the internal cognitive processes related to gestures.
This research is foundational in gesture research, and provides crucial insights in how
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gestures can be defined and what they might portray. The foundational concepts
introduced above, such as gesture type, will be used throughout this thesis to evaluate
whether gestures contribute additional information to language models. In the following
section, I will introduce language models more broadly.

2.3 Language Models

Language models play an important role in Natural Language Processing (NLP), per-
forming tasks including machine translation, text generation, or summarization. Re-
cently, language models are also capable of processing and generating multimodal input
such as audio or images, enabling them to perform tasks such as speech recognition. An
example of a language model is a next-word prediction model, which is a model that
predicts the next word based on the preceding tokens (Jurafsky and Martin (2025)),
it does this by assigning a probability to words that might follow. This is useful for
tasks that require text generation. Language models can generally be put into two
categories: statistical and neural. In general, statistical models estimate the likelihood
that different linguistic units, such as words or sentences, will occur (Rosenfeld| (2000)).
This approach falls short for tasks that are more complex, e.g. longer texts or large
corpora, because a large number of probabilities needs to be calculated, which requires
a lot of memory (Zhao et al|(1993)). An example of statistical language models are
n-gram models. These models predict the probability of a word based on the preceding
n-1 words, allowing it to assign probabilities to a whole sequence (Jurafsky and Martin
(2025). Neural language models use neural networks, which consist of numerous small
computational units, where each unit processes a set of input values represented as a
vector and produces a single output (Jurafsky and Martin (2025)). Neural language
models represent words in a continuous vector space, where words that appear in a
similar context are mapped to similar representations. Neural language models include
RNNSs, LSTMs, and transformer models. There are many different language models,
and this thesis will focus on generative language models.

In this thesis I will prompt a generative language model with both gesture and
speech input to examine the impact gesture has on the NLG ability of the model. This
type of model is suited for this task due to its ability to generalize from a wide range
of linguistic patterns and integrate contextual information, making it a promising tool
for exploring the semantic contribution of gesture in multimodal communication.

2.3.1 Generative Language Models

Generative language models, also known as auto-regressive transformer-based models,
can be used to generate new data, such as images or text. These models gain their
general NLU and NLG abilities through training on extensive textual corpora, using
billions of parameters (Minaee et al. (2025)). Examples of such transformer-based
models are OpenAT’s GPT and Llama. Llama will be explained in detail in
There are three main architecture types used for transformers: encoder-only, decoder-
only, and encoder-decoder. We will briefly discuss the decoder-only architecture because
this is what will be used in this thesis. Decoder-only models do not make use of
an encoder, they pass the input directly to the decoder, which essentially generates
the output by predicting the next token. This architecture is mainly used for text
generation, and examples of models that use this architecture are GPT and Llama.
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The latter will be used in this thesis.

2.3.2 Prompt engineering

Prompt engineering is a recent field that focuses on the creation and development of
prompts to effectively leverage language models across diverse applications and re-
search areas (Saravia (2022)). In the context of this thesis, prompt engineering is
particularly relevant because of the complex and multimodal input, as it combines
structured semantic representations, AMR, with gesture information. Since the model
must interpret and generate natural language based on this multimodal input, how the
task is presented through the prompt plays a central role in shaping the output. This
thesis builds on recent research into effective prompting strategies by experimenting
with different prompts for the AMR-to-text generation task.

Zero-shot Prompting Zero-shot prompting entails that the prompt given to the
LLM will not contain any examples or demonstrations. They do not need any examples
to learn from because they have been trained on large amounts of data which allows
them to generalize and infer appropriate responses without task-specific examples. An
example, taken from the SAGE-AMR dataset, of a zero-shot prompt is shown below.

Generate a possible sentence from the following AMR:
(p / put-01

:mode imperative

:ARGO (y / you)

:ARG1 (t / them)

:ARG2 (t2 / together))
Sentence:

Few-shot Prompting If zero-shot prompting is ineffective, it is helpful to include
examples in the prompt, which leads to few-shot prompting. This is beneficial for more
complex tasks, as it allows for in-context learning. This is what will be used in this
thesis, and an example is shown below.

First read the following examples, then try to generate a
sentence from the given AMR:
Example:
AMR:
(s / side
:mod (b / both))

Sentence: "Both sides"
Now generate a possible sentence from the following AMR:
(p / put-01

:mode imperative

:ARGO (y / you)

:ARG1 (t / them)

:ARG2 (t2 / together))
Sentence:

This is effective for many tasks, especially tasks that require quick adaptation or
real-time reasoning such as solving anagrams, doing arithmetic, or incorporating newly
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defined words into sentences after encountering them just once (Mann et al.| (2020)).
However, few-shot prompting has limitations, particularly when applied to more com-
plex reasoning tasks, such as arithmetic reasoning. Overall, providing examples can
help with certain tasks, but when zero-shot and few-shot prompting are not enough,
it might indicate that the model lacks the necessary knowledge or reasoning ability for
the task. If this is the case, it can be beneficial to consider fine-tuning the model or
exploring more advanced fine-tuning strategies. To place this thesis within a broader
context, I want to briefly discuss the paper by [Webson and Pavlick| (2022). The authors
question whether prompt-based models understand the meaning of the prompts, and
they examine this by constructing five different categories of templates to apply in a
zero-shot and few-shot setting. [Webson and Pavlickl found that

Chain-of-Thought Prompting Chain-of-Thought (CoT) prompting, introduced by
Wei et al. (2022)), enhances a model’s ability to handle complex reasoning tasks, such
as math or logic problems, by encouraging it to generate intermediate reasoning steps
before reaching a final answer. This can be combined with few-shot prompting to
improve performance on tasks that require multistep reasoning.

In this thesis, CoT prompting might help by encouraging the model to break down
how different inputs combine to convey meaning because interpreting both gesture and
speech requires the model to reason through how the two relate. Furthermore, encour-
aging the model to reason explicitly could help ensure more accurate and semantically
grounded sentence generation.

Wei et al.| do state that this ability emerges with sufficiently large language models.
They found that smaller models had semantic understanding errors of which a big
portion could be fixed by upscaling the model to contain more parameters.

Prompt Chaining Lastly, prompt chaining is when a task is broken down into sub-
tasks, to create a chain of prompts. This helps to enhance the reliability and effective-
ness of LLMs. Each subtask is then treated individually by prompting the model, and
the resulting output is used as input for the next prompt. Prompt chaining is an effec-
tive method for handling complex tasks an LLM might struggle with when presented
in a single, detailed prompt. In this approach, a sequence of prompts is used, where
each prompt builds upon the response from the previous one, enabling intermediate
processing or transformation steps that guide the model toward a final output. This
also helps to increase transparency of the LLM and makes it easier to troubleshoot
issues in model responses.

2.4 Evaluation of NLG

An important aspect of automatic text generation is how the generated text should
be evaluated. With the rapid development of Natural Language Generation (NLG),
the question of how the progress of the system can be tracked has also become more
relevant. It is also relevant for this thesis because evaluating the model’s NLG ability
is crucial to understanding the contribution of gesture information. Therefore, reliable
evaluation metrics are needed to assess the quality of the outputs generated under
different input conditions.

There are two main approaches concerning the evaluation of automatic text gener-
ation: automatic metrics and human evaluation. Several automatic metrics have been
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developed, notably in the last few years. From 2002 to 2014 there were approximately
10 NLG evaluation metrics, and since 2015 at least 36 new metrics have been devel-
oped (Sai et al.| (2022)). These metrics offer a fast and convenient way to score system
outputs, compare different models, as well as monitor advancements. However, these
metrics might fail to capture the nuances of a diverse set of tasks. Human evaluation,
on the other hand, is time-consuming and expensive and requires special annotation
skills and detailed guidelines.

2.4.1 Automatic Evaluation Metrics

As mentioned above, in the past few years, several automatic evaluation metrics have
been proposed. They are most commonly used because of their fast and convenient
nature. This section will discuss three metrics that are frequently used to evaluate
NLG systems and which will be used in this thesis to evaluate the LLM output. An
overview of the metrics discussed can be found in [Table 2.3

The first metric, BLEU (Bilingual Evaluation Understudy), was proposed by Pa-
pineni et al.| (2002) and was originally designed to evaluate machine translations. It
compares n-grams of the machine-generated text with n-grams of the reference text,
and it counts the number of matches. The more matches there are, the better the
candidate translation is. As described above, an n-gram is a sequence of n words. The
precision is then calculated by counting and adding all n-gram overlaps and dividing by
the total number of n-grams. To account for inconsistencies where the machine trans-
lation overgenerates reasonable words, the authors count how often the target word
appears in the reference sentence, and this is the maximum number of times this word
can be present in the candidate translation. Moreover, a sentence brevity penalty is
introduced for high-scoring candidate translations, which means it has to match the
reference translation in length, word order and word choice. This is done across the
entire corpus and a BLEU score is calculated. Because the score is calculated on the
basis of exact n-gram matches, things such as capitalization influence the score.

The second metric that is often used is METEOR, designed by |Banerjee and Lavie
(2005). It was also developed for machine translation evaluation and challenges several
observed weaknesses in the BLEU metric. These weaknesses include a lack of recall
and the lack of explicit word matching between reference and machine translation.
METEOR creates an alignment between the translation and the reference, an alignment
meaning a mapping between unigrams, where each unigram in the translation maps to
zero or one unigram in the reference and vice versa. Instead of considering an exact
match, METEOR takes into account morphological variants, i.e. words that have the
same stem, and synonyms. Then, unigram precision (P) is calculated by dividing the
number of mapped unigrams in the system translation by the total number of unigrams
in the system output. Similarly, unigram recall (R) is calculated by dividing the number
of mapped unigrams in the system translation by the total number of unigrams in the
reference translation. Then, Fmean is calculated by combining precision and recall via
a harmonic-mean of P and 9R. The formula to calculate this is shown in

Figure 2.4: Formula to calculate Fmean.
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Moreover, to take into account longer matches, a penalty is calculated. Mapped
unigrams that are adjacent are grouped in chunks; the more chunks there are the higher
the penalty is. For example, if the machine translation is “The principle spoke to the
students” and the reference translation is “The principle then spoke to the students”,
there are two chunks: “The principle” and “spoke to the students”. If the number
of chunks increases, the penalty also increases. This formula and the formula for the

METEOR score are shown in

#chunks
#unigrams _matched

3
Penalty =0.5 *[ J Score = Fmean * (1— Penalty)

(a) Penalty formula. (b) METEOR score formula.

Figure 2.5: Formula to calculate penalty and METEOR score.

Banerjee and Lavie| found that METEOR Scores correlate better with normalized
human judgements on Arabic and Chinese to English translations.

More recently, BERTScore was proposed as an automatic evaluation metric for text
generation by Zhang et al.| (2019)). It computes a similarity score between tokens in the
candidate sentence and tokens in the reference sentence. Instead of considering exact
matches, similarity is calculated using pre-trained contextual embeddings. BERTScore
addresses two common drawbacks of n-gram based evaluation metrics. First, these eval-
uation methods often struggle to robustly recognize paraphrases. As a result, the true
performance of a system may be underestimated when valid, semantically equivalent
expressions are penalized for not matching the reference wording exactly. BERTScore
uses contextualized token embeddings to calculate similarity, which have been shown
to be successful for paraphrase detection (Devlin et al. (2019)). Second, n-gram based
models struggle to account for long-range dependencies and often penalize changes
in word order that are crucial for meaning (Isozaki et al.| (2010)). In contrast, con-
textualized embedding models are specifically trained to recognize and represent such
long-distance relationships and ordering more effectively. BERTScore returns a dic-
tionary that contains precision, recall, and F1 score for each reference and candidate.
Because contextual embeddings are trained to capture long-range relationships and
word sequences, these models might still find weak associations between sentences that
seem unrelated. Zhang et al| found that BERTScore correlates highly with human
judgement on machine translation and image captioning tasks.

In addition to the three automatic evaluation metrics mentioned above, there are
other metrics such as ROUGE (Lin (2004)), chrF (Popovi¢ (2015)), as well as chrF++,
(Popovi¢ (2017)).

2.4.2 AMR-to-Text Generation

One component of this thesis is the generation of text based on AMR, also known as
AMR-to-text generation. Currently, AMR-to-text generation systems are most often
assessed using automatic metrics that compare the generated sentence to a reference
sentence, which in this context is typically the original sentence from which the AMR
graph was derived. This reference sentence is human-approved (Manning et al.| (2020))).
However, these metrics might not accurately represent human judgments, and, addi-
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Metric Description Type of Strengths Weaknesses Use Case
Matching
BLEU N-gram precision N-grams F;?St’ Ignores synonyms, Machine trans-
widely used recall .
based lation
METEOR Harmonic mean of Unigrams Better alignment, Computationally Machine trans-
L recall aware . . .
precision and re- intensive lation
call
BERTScore Contextual em- Embeddings Paraphrase Sensitive t.o Generative
) model choice
beddings to aware tasks

compare tokens

Table 2.3: Overview of automatic evaluation metrics.

tionally, different sentences can be represented by the same AMR graph. This makes
reference-based metrics like BLEU and METEOR less reliable for this task, as they
penalize valid outputs that do not match the gold reference exactly. The addition of
gesture to AMR may introduce additional nuances or disambiguations which are not
present in the original reference sentence. Furthermore, most AMR-to-text research
deals with written text only. No prior work has tried to evaluate gesture AMR-to-text,
presenting a methodological and theoretical gap this thesis aims to explore.
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Chapter 3

Dataset

To evaluate the impact of gesture information on a large language model’s ability to
generate speech and speech AMR, a new dataset was created. In order to do this a
number of steps had to be taken, which are shown in Figure 3.1}

{ Extract annotations H Align E;S%Ch and J—-[}[ Create dafaset J—

Parse data file to Align each sentence Combine aligned
extract AMR, speech, with its corre- datainto a
and motion gesture ponding AMR and structured dataset
labels gesture labels using suitable for input
timestamps fo the model

‘ Prompt Llama }—l}{ Evaluate output }—l}{ Error analysis

Evaluate the output Quantify the errors
by defining 7 error

Prompt Llama

through 3 conditions using 3 common
and changing the automatic evaluation types. Based on the
input fo assess the metrics: BLEU, errors the prompt is
role of gesture in NLG METEOR and refined fo possibly
BERTSCORE improve the output

Figure 3.1: Overview of the pipeline.

This chapter will discuss the first three steps in the pipeline. The fourth step will
be discussed in the fifth step will be discussed in and the final step
is discussed in [chapter 5| and [chapter 7l In order to create the dataset, information
from an existing gesture AMR, corpus was extracted and aligned. Before this specific
corpus is explained in[subsection 3.1.1] along with some statistics, Gesture AMR and its

framework are first discussed in Lastly, outlines the processing

steps required to construct the dataset used for prompting the model.

3.1 Gesture AMR

Originally, AMR was designed to capture sentences in written English. However, recent
studies have adapted the AMR structure to create Gesture AMR (Brutti et al.| (2022),
Donatelli et al.| (2022), Lai et al. (2024)) to represent the semantics of gesture. The orig-

15
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inal AMR design excludes several crucial elements which are required to comprehend
linguistic meaning in context. For example, the AMR shown in represents
a reference to a specific location. However, the Standard AMR alone lacks spatial in-
formation to identify this location. Including gesture information can help provide this
missing contextual grounding, which is what will be explored in this thesis.

(t/there
:mod (r/right))
(a) Deictic gesture. (b) AMR conveying “Right there”.

Figure 3.2: AMR for the sentence “Right there” along with the accompanying gesture.

Moreover, standard AMR lacks characteristics of speech such as intonation, pauses,
or disfluencies, therefore lacking clear alignment of gesture to the speech represented
in the AMR, as well as meaningful information contained in these signals. Extending
Standard AMR to gesture does have its obstacles, such as the question whether AMR
can capture the morphology of gesture, which is underspecified and may abstract away
from standard principles of linguistic compositionality. (Cassell et al. (2007)), McNeill
(2005)). To elaborate, some gestures can be interpreted numerous ways, and could
be difficult to interpret outside of the specific task. Therefore, it is difficult to claim
that a gesture possesses semantics the same manner as language interpreted within its
linguistic context.

According to , who has published foundational gesture research, ges-
tures play an important role in conveying meaning and managing interaction during
speech. Recipients in conversation pay attention to these gestures, and derive infor-
mation from them. Gestures can contribute important semantic context that clarify
or enrich an utterance, especially when speech alone may not fully cover the speaker’s
intended meaning. Therefore gestures often provide information about the semantic
contexts of an utterance. This highlights why it is of interest to explore whether ges-
tures and their semantic representations, such as Gesture AMR, can provide additional
information that complements or enhances the interpretation of speech. In the context
of this thesis, this forms the basis for exploring how gesture-enriched AMR representa-
tions can inform or improve NLG.

Gesture AMR framework

In order to develop the Gesture AMR schema, the authors annotated gestures from the
EGGNOG corpus (Wang et al| (2017)), which is focused on a block building task in
which one participant guides the other to build block structures. A detailed description
of the EGGNOG corpus can be found in [subsection 3.1.1}

The design of Gesture AMR is structured to be adaptable beyond task-oriented
contexts. The authors suggested that future studies could investigate gestures that
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(g / [gesture]-GA
:ARGO (s / signaler)
:ARG1 [content]
:ARG2 (a / actor))

Figure 3.3: Template used to create gesture AMR

convey expressive or extensive meanings. The annotation of Gesture AMR follows a
similar pattern as Standard AMR, additionally specifying the type of gesture that is
performed. This template is shown in taken from Lai et al.| (2024). ARGO
represents the one who performs the gesture, the signaler, ARG1 represents the content
of the gesture, and ARG2 represents the person addressed, the actor.

As discussed in there are four different gesture types: icon, deixis, em-
blem, and metaphor (Ekman and Friesen| (1969)), McNeill| (1992))). Metaphoric gestures,
which represent abstract aspects of ideas or concepts, did not appear in the corpus so
these will not be discussed further. Iconic gestures are movements that represent the
form of an object or illustrate how an action is performed, see The signaler
makes a gesture that indicates the number one with his hand. Even though numbers
are not objects nor actions, the gesture depicted still conveys the meaning, therefore it
is considered an iconic gesture.

(1 / 1icon-GA
:ARGO (s / signaler)
:ARGL 1
tARG2 (a / actor))

(a) Iconic gesture. (b) PENMAN notation

Figure 3.4: Example of the iconic gesture for the sentence: “Take one block.”

Deictic gestures refer to familiar pointing, referring to objects or locations in space.
In the signaler is pointing twice to a location on the table. Although the
direction of the gesture and what hand the signaler is using are different, both gestures
are represented with the same AMR. The argument ARG1 is labelled as “location”,
but its meaning remains very underspecified, as it does not indicate the precise location
referenced.
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(d / deixis-GA
:ARGE (s / signaler)
:ARG1 (1 / location)
:ARG2 (a [ actor))

(a) Deictic gesture. (b) Deictic gesture. (¢) PENMAN notation

Figure 3.5: Example of the deictic gesture for the sentence: “Almost like that.”

Lastly, emblematic gestures are gestures with standard properties and are culturally
agreed upon to have a specific meaning, for example the OK sign or a thumbs up. The
meaning of a gesture may vary per country if there is a difference in culture. In
the signaler makes a thumbs up gesture to the researcher next to her, not
to the actor.

(e / emblem-GA
:ARGR (s / signaler)
:ARG1 (y / yes)
:ARG2 (r / researcher))

(a) Emblematic gesture. (b) PENMAN notation

Figure 3.6: Example of the emblematic thumbs up gesture.

Gesture AMR provides a structured and symbolic way to represent the meaning of
gestures, rather than just their form, like the gesture labels which are also included.
This supports deeper integration of gesture with linguistic meaning in multimodal sys-
tems. However, many gestures, especially deictic ones, are difficult to semantically
write down, leading to vague or non-informative Gesture AMR representations. The
meaning of these gestures is highly contextual, and it is difficult to fully encode this
using only AMR. This might prove to have an impact on the model’s ability to inter-
pret the given gesture information. In the next section the gesture AMR corpus will
be discussed.

3.1.1 Gesture AMR Corpus Description

The gesture AMR corpus used was created by |Lai et al. (2024), and is built on top of
the EGGNOG, Elicited Giant Gallery of Naturally Occurring Gestures, corpus
). The EGGNOG corpus consists of 360 videos, 8 hours in total, where
one participant, the signaler, instructs one other participant, the actor, to build a block
structure as indicated. The participants were in separate rooms and could communicate
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through video and audio. The participants were between the ages 19 and 64. The
videos are annotated with gesture intent, e.g. “think” or “rotate”, and a gesture label
describing the motion of the relevant body part. Each label starts with a specific body

part, and an overview can be found in

Body part | Description

Body Refers to broad movements involving the upper body, such as stepping
forward or standing still.

Head Captures head movements, like nodding or shaking.

Arms Refers to either both arms, or specifically the left (LA) or right arm

(RA). Small, unintentional arm movements are not included.

Hands Refers to either both hands, or specifically the left hand (LH) or
right hand (RH). These labels describe hand orientation, gestures,
and motion. The palm is considered the “front” of the hand, while
the opposite side is called the “back”.

Table 3.1: Overview of the gesture labels used to describe body movements.

There are other existing gesture datasets, however the EGGNOG dataset includes
gesture-related elements of communication that were not covered in earlier datasets.
Moreover, it is novel because it includes continuous data on people working collabo-
ratively on a task (Wang et al.). Recognizing specific gestures requires distinguishing
them from surrounding motions. Most of the earlier datasets focus only on gestures
that have already been segmented in advance, such as|Ren et al.| (2011)), who introduce
a hand gesture recognition system using pre-defined hand gestures.

From the 360 videos, [Lai et al.| selected 21 one-minute long videos, and annotated
both speech and gesture AMR, besides the already existing gesture morphology pro-
vided by EGGNOG. The participants and annotators are English-speaking students
and professors, from American universities. [Lai et al| added speech transcripts using
the Coqui speech-to-text toolkit with the English STT v1.0.0-huge-vocab model (Co-
qui| (2021))). The speech and gesture AMR were annotated using the program ELAN
(Wittenburg et al.| (2006])). An example of the interface can be seen in It in-
cludes a video of the signaler and the actor, the annotated speech and gesture AMR, the
gesture intent, the gesture label describing motion, as well as the transcribed speech.
In the upper right corner the full speech transcript is displayed, and additional anno-
tations can be selected from this panel as well. Everything combined resulted in a rich
multilayered dataset, which can be used to study multimodal communication.

Table 3.2 includes an overview of some statistics of the [Lai et al.| dataset. The first
row indicates the number of signalers, broken down by gender. The corpus contains
a total of 342 sentences, of which 247 include at least one gesture. A singular speech
AMR was defined as one sentence. The average sentence length is approximately 8
words. The table also shows the distribution of gesture types, and in total there are
1637 annotated gestures. The final row lists the three most frequently occurring gesture
labels, along with their counts.

As can be seen in the majority of sentences include gestures, indicating
that gestures are a core component of communication in this dataset. It is also to be
noted that there are significantly more gestures than there are sentences. This implies
that multiple gestures often accompany a single sentence, and that gestures are closely
intertwined with speech. Iconic gestures are the most common, suggesting that many
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Figure 3.7: ELAN environment.

. male: 13
Number of signalers fornale: 7
Total number of sentences 342
Number of sentences with gesture 247
Average sentence length (words) 8.08
Iconic gestures count 245
Deictic gestures count 127
Emblematic gestures count 39
Total number of gestures 1637
body: still (count: 199)
Top 3 most common gesture labels | Unknown (count: 155)
RA: move, up (count: 53)

Table 3.2: Statistics of the gesture corpus

gestures in the corpus are used to visually represent shapes or movements relevant to
the spoken context. Deictic gestures are also frequent, but because these gestures can
be quite ambiguous this might prove to be difficult to interpret by the model.

3.1.2 Human Evaluation

In order to measure the quality of the annotated speech and gesture AMRs, the inter-
annotator was calculated. This measure shows to what degree the annotators agree, and
is generally calculated using Cohen’s Kappa, Fleiss Kappa co-efficient, or Krippendorff’s
alpha (Sai et al|(2022)). It can be difficult to acquire a high value due to subjectivity
within a task. Moreover, human-error, mistakes or ambiguity in the text, and unclear
annotator guidelines also play a role. For the gesture AMR corpus inter-annotator
agreement was calculated using Smatch (Cai and Knight| (2013)) and s*match (Opitz
(2020)), which are evaluation metrics for semantic feature structures, such as
AMR. This was done for the annotated speech and gesture AMR. An overview can
be found in adapted from [Lai et al. (2024). The parentheses show the 95%
confidence intervals.

The Smatch scores for both speech and gesture are significantly lower than the typ-
ical range of 70-80 reported for text-based AMRs (Bonial et al.| (2020)). This is due
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Smatch | SZmatch
Speech 48.9 64.8
Gesture 57.5 71.5

Table 3.3: Inter-annotator agreement for the annotated speech and gesture AMR of
the gesture corpus.

to a few reasons. There is notable lexical variation per annotator in how the semantic
content of gestures is expressed. For example, words that indicate positive acknowl-
edgement were annotated using different terms such as “good” or “great”. These kinds
of variation are less common in text-based AMRs. Even when annotators agreed on
the underlying concept, differences sometimes appeared in the specific word forms used,
e.g. “blocks” vs “block”. In such cases where the intended meaning remains consistent,
s?MATCH supports more flexible evaluation by allowing soft matches between related
concepts, as discussed by [Lai et al.. This is why the s2MATCH score better reflects
the inter-annotator agreement of this task. Because the s2MATCH score allows for soft
matching, it shows there is agreement on underlying concepts, which is why it can be
concluded that this gesture corpus is a valid one on top of which this thesis can be
based.

3.2 Data Pre-processing

In order to prompt Llama the SAGE-AMR dataset was created; Speech Aligned with
Gesture using English AMRs. To accomplish this, the annotations were exported from
ELAN. While several export formats are available, the tab-delimited text format was
chosen for its simplicity and ease of processing. This resulted in a .txt file consisting
of timestamps and their corresponding words, speech and gesture AMR, and gesture
labels. An example can be seen in

1.08 1.18 all

1.22 1.4 right

1.44 1.56  put

1.62 1.74 a

1.78 2.02 block

2.32 5.8 down

1.088 2.32 (p / put-01 :mode imperative :ARGE (y / you) :ARG1 (b / block rquant
£ :direction (d / down)) :mod (a / all-right))

8.959 1.992 RA: move, front left; RH: into claw, down;

1.992 4.025 body: still;

4.826 4.592 Unknown

1.44 2.32 (g / gesture-unit :opl (i / icon-GA :ARG® (s / signaler)

:ARG1 (p / put-@1) :ARG2 (a / actor)) :op2 (d / deixis-GA :ARGE s :ARG1 (1 /
location) :ARG2 a))

Figure 3.8: Example that shows the tab-delimited format for the sentence “All right
put a block down”. It includes speech, speech AMR, gesture labels, and gesture AMR.

For readability I put the examples in together, however the exported .txt
file first lists all separate words, then the speech AMR, the gesture labels, and lastly
the gesture AMR. Because all items are listed separately, I ensured that the speech and
corresponding AMRs and labels were aligned by looking at the timestamps. Aligning
AMRs to speech via timestamps makes it possible to fuse gesture and speech semantics



22 CHAPTER 3. DATASET

:24.000 00:00:25.000 00:00:26.000 00:00 2? 000 00:00: 28 000 00:00:29.000
4{ ri Ithen I stick %HHHH H HH|work
id (a2 [ apart)) (5 / stick-01 :mode imperativ | (m / multi-sentence :sntl (n/ no) :snt2 (1 / look-0
arms: mave, up, gap, left. hand | arms: move, down; hand | body: still: arms: mawe
|here relative up wait together
(i /icon-GA ARGO (s / signaler) :ARG1 (g / grab-01 :ARG (i lican-GA

Figure 3.9: Example that shows gesture AMR overlap.

in a principled way. It allows each segment of speech to be directly associated with
its corresponding AMR. Because the AMR is exported linearly, I had to write code
that transforms the AMR into a readable format, following the correct indentations.
This code can be found on Githubﬂ Furthermore, some gesture labels or AMR overlap
with multiple sentences; in these cases, the labels and AMR are included with both
sentences. An example is shown in the first gesture AMR is included with
both the stick-01 speech AMR and the multi-sentence AMR.

5.28 7.4 um

5.28 7.083 (u / um :mode expressive)

Figure 3.10: Speech and speech AMR for the utterance “um”.

| R 1 U P U P LR e e e e

26.000 00:00:27.000 00:00:24
H Imatter

S | (m/ matter-01  -ARGO (i / it)

(a) Example where speech does not
ahgn w1th the AMR tlme stamps

00:00:22.000 00:00:23.000 00:00:24.000 00:00:25.000 00:00:26.000 00:00:27.000
|\t ‘was |t0 |be |your |riqht

{ | \ | | | |

+ (r / right :poss (v /vo

(b) Example where speech AMR does not align with the speech.

Figure 3.11: Two examples where speech and AMR do not align.

Challenges Some sentences are not accompanied with a gesture, these are removed.
To align speech with its corresponding speech AMR a margin of 0.017 seconds was

Thttps://github.com/sanne-jpg/Master-thesis
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applied. Without this margin, some utterances would be excluded because not all
speech utterances have the exact same ending time stamp as their corresponding AMR.
An example is shown in [Figure 3.10] Without the margin this utterance would not have
been included. However, this occasionally resulted in the inclusion of words that do
not belong to the intended AMR, due to their timestamps falling within the margin.
Although not optimal, this approach proved to be the most effective, as the timestamps
of adjacent sentences were sometimes very close, leading to potential misalignment.
This highlights a common challenge in working with dialogue data. It is inherently
messy and significantly more difficult to handle than clean, pre-processed text-only
data. Moreover, because the speech transcripts are not always perfectly aligned with the
speech or the corresponding speech AMR, some sentences may be incomplete or slightly
inaccurate. Two such examples are illustrated in In a) the signaler says
“Doesn’t matter” but “doesn’t” starts well before the start time of the corresponding
speech AMR, and “matter” falls outside the 0.017 seconds margin. As a result, this
sentence was manually added to the dataset, along with one other sentence. These two
sentences are specified in the code on Github. In b), a transcription error results in
only the word “to” matching the speech AMR. Since this sentence lacks meaningful
content, it was removed from the dataset. The code can be found on Githuhf] along
with the SAGE-AMR dataset that includes the speech, speech and gesture AMR and
gesture labels, and the gold files.

00:00:11.000 00:00:12.000 00:00:13.000 00:00:14.000
| e =
| (afand :op1 (t/take-01 :mode imperative (o [ okay)
LA mave, front, LH: into | LA maove, to hip; HA: mave, fri
here wait here
(o / gesture-unit :opl { (q/ gesture-L

Figure 3.12: ELAN data for the sentence “Take one block and put it on the table”.

It is important to note that the gold data contains some typos, and the time stamps
do not always precisely align with the spoken words, leading to some occasional mis-
alignments, see Figure For example, due to the code structure, the third gesture
label “RA:move” is associated with the first speech AMR shown in as its
time stamp falls between the AMR, time stamps. However, it only belongs to the second
AMR, but it will be included with both. Due to time constraints, the alignment process
was based solely on time stamps and a fixed margin. While this method is not perfect,
it was the most practical choice. Future work could explore alignment methods based
on semantic relevance to improve accuracy. Moreover, as you can see in
the AMR seems to be cut off, however when the AMR box is selected, the full AMR
will be displayed. This can be seen in

https://github.com/sanne-jpg/Master-thesis
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1:00:11.000 00:00:12.000 00:00:13.000 00:00:14.000 00:00:15.000 00:00:16.000

TH A = i
(a/and :api (t/take-01 made imperative (o/aokay)l (a/and :opl (t/take-01 :made imperative

mave, front LH: into J L& mave, to hip; RA: moaove, frant BH: into paint, |bodv: still; | RA maove,

e wait here walt

"gesture-unit capi ( (g / gesture-unit :opl (d/ deix

BT: 00:00:10.600, ET: 00:00:11.950 (g / gesture-unit :op1 (d / deixis-GA :ARGO (s / signaler) :ARG1 (I / location)
‘ARG2 (a / actor)) -:op2 (i / icon-GA -ARGD s -ARG1 (p / put-01) :ARG2 a))

Figure 3.13: Expanded gesture AMR for the sentence ‘Take one block and put it on
the table”.

Division of the data To evaluate whether the inclusion of gesture adds value, the
data was split into a training and test set. Each file represents a different signaler, and
for each file, the sentences were shuffled and 70% were assigned to the training set to
provide Llama with illustrative examples to learn from. The remaining 30% formed the
test set, which was used to prompt Llama to generate responses based on the specific
condition. This per-file division ensures that the model is exposed to a variety of
speakers and speaking styles, minimizing the risk that speaker-specific characteristics
influence the results. In total, the test set contains 66 unique sentences, and the train
set contains 180 sentences. To ensure that Llama is prompted with minimal pairs, each
unique sentence in the test set appears three times, once for each different prompt type:
speech, gesture, or speech and gesture.

. male: 13
Number of signalers fornale: 7
Total number of sentences 246
Average sentence length (words) 8.11
Iconic gestures count 308
Deictic gestures count 153
Emblematic gestures count 48
Total number of gestures 1415
body: still (count: 139)
Top 3 most common labels Unknown (count: 119)
RA: move, up (count: 52)

Table 3.4: Statistics of the SAGE-AMR dataset

SAGE-AMR statistics Lastly, shows some statistics of the SAGE-AMR
dataset. Presenting these statistics ensures transparency, and illustrates the diversity
and balance within the data. Compared to the gesture corpus, the SAGE-AMR dataset
contains fewer gesture labels. This reduction is due to the removal of all sentences
without accompanying gesture AMRs. While these excluded sentences did include
gesture labels, their lack of gesture AMRs made them unsuitable for this dataset,
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resulting in a lower total count. These gesture labels comprise labels like “body: still”,
or labels that are a continuum of previous gestures, such as “arms: move, down”.
This removal introduces an important theoretical consideration: it narrows the dataset
down to only those instances where gestures and speech co-occur in a form that can
be structurally annotated. Therefore the dataset might under-represent cases where
gesture is absent, ambiguous or misaligned with the speech. This raises the question
whether models using this data might overestimate the role or clarity of gesture in
everyday communication. The gesture types have more instances than the original
gesture corpus because some gesture AMRs were duplicated and included with multiple
utterances, thus increasing the count.

To conclude, the process of data extraction and alignment posed several challenges,
particularly in ensuring the accurate synchronization of speech and gesture information.
These challenges were addressed through iterative refinement. The resulting dataset
revealed a significantly higher number of gestures compared to sentences, highlighting
the central role of gestures in communication within this task. This observation re-
inforces the relevance of investigating how gesture contributes to NLG. The following
chapter will outline the methodology employed in this thesis.
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Chapter 4

Methodology

4.1 Approach of the thesis

The goal of this thesis is to explore the impact of gesture information on the NLG ability
of a large language model. This gesture information is represented using Abstract
Meaning Representation (AMR) and gesture labels describing the motion of the relevant
body part. The study compares the model’s ability to generate speech and speech
AMR when using both gesture and speech input, compared to only speech AMR as
input. In order to explore the impact of gesture information I create the SAGE-AMR
dataset, which is based on an existing corpus. An LLM is then prompted using this
new dataset. The datasets were discussed in and the chosen large language
model, Llama, will be discussed more thoroughly in this chapter. In [section 4.2 T will
discuss the Llama model, outline the specific settings used for prompting, and explain
the process of prompt construction in detail. Section discusses the specific metrics
used to evaluate the generated output, as well as the approach for measuring statistical
significance. To construct the dataset and begin prompting Llama, a number of steps
had to be taken. This chapter will discuss the fourth step, shown in Figure [£.I] The
bottom row of the figure emphasizes the iterative nature of prompt engineering and
evaluation. Prompts may be refined based on insights gained from the error analysis,
creating a feedback loop aimed at improving generative performance.

Extract annotations }——p| A"Q”E;fﬂifh and }—p| Create dataset

Parse data file to Align each sentence Combine aligned
exiract AMR, speech, with itz comre- data into a
and motion gesture ponding AMR and structured dataset
labels gesture labels using suitable for input
timestamps to the model

| Prompt Llama }—D| Evaluate gutput }—D| Error analysis

Prompt Liama Evaluate the ouiput Quantify the errors
through 3 conditions using 3 common by defining 7 error
and changing the automatic evaluation types. Based on the
input to assess the metrics: BLEU. errors the prompt is
role of gesture in NLG METEOR and refined to possibly
BERTSCORE improve the output

Figure 4.1: Overview of the pipeline.
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Training Token | Knowledge
Model Data Params Input Output Count Cutoff
A mix of B Multilingual | Multilingual Text
Llama 3.1 publicly available 'ch?(t dnd Code 15T+ December
(text only) . Multilingual | Multilingual Text 2023
online data 70B
’ ‘ Text and Code
Multilingual | Multilingual Text
4058 Text and Code

Table 4.1: Llama 3.1 model specifications

4.2 Llama

Llama, short for Large Language Model Meta Al, is an LLM developed by Meta (Tou-
vron et al|(2023))). It is a state-of-the-art LLM built to facilitate research and innova-
tion, and allows researchers that do not have access to the large amounts of computing
power and other resources that are required to run LLMs to study these models. As can
be seen in which was adapted from Huggingfacd] Llama models range from
7B to 65B parameters, and they are competitive with other large-scale language models
such as GPT-4 across a range of NLP tasks such as question answering. Furthermore,
the model is trained on publicly available data unlike most models.

The specific Llama model that is used for this thesis is Llama 3.1, trained on 8B
parameters’. It is an auto-regressive language model built on an enhanced transformer
architecture for improved performance. Additionally, it is a quantized version, which
means model weights are more efficiently represented by using lower-precision data
types, such as 8-bit integers instead of the standard 32-bit floating-point format (Ju-
rafsky and Martin| (2025)). This makes the model inference more efficient. By reducing
the bit-width of these values, the model’s memory footprint is significantly lowered,
energy consumption can be reduced, and computations can be executed more quickly
using integer arithmetic. Furthermore, it is optimized for multilingual use cases, but in
this research, only English will be used. It was trained on more than 15 trillion tokens,
and trained on publicly available online data. This Llama model was chosen for this
thesis because of its accessibility through Huggingface and its performance-to-size ratio.
Since it is quantized, it can run more easily using only a CPU. Exploring models with
more parameters was not feasible in this research due to time constraints, although
future work could investigate this further.

4.2.1 Llama parameters

The goal of using an LLM for this task is to evaluate its NLG ability from structured
inputs, specifically speech AMR and gesture information. A key question is whether the
inclusion of gesture information enables the model to disambiguate or enrich underspec-
ified elements in the speech AMR. To meaningfully evaluate how gesture contributes
to generation quality, it is essential to understand how the model produces its output.
This is governed by decoding strategies, which determine how the model selects each
next word based on its probability distribution. To recap from a next-word
prediction model is a model that tries to predict the next word based on the preceding
tokens (Jurafsky and Martin (2025))), it does this by assigning a probability to words
that might follow. The process of selecting a word based on a model’s probability dis-

Thttps://huggingface.co/QuantFactory /Meta-Llama-3.1-8B-Instruct-GGUF



4.2. LLAMA 29

tribution is known as decoding. When this is done step-by-step from left to right, it is
referred to as autoregressive generation. One of the most widely used decoding strate-
gies in LLMs is sampling, which involves randomly selecting words in proportion to
the probabilities assigned by the model. The sampling techniques described below each
come with parameters that allow for balancing two key aspects of generation: quality
and diversity. Techniques that focus more on the most likely words usually create text
that is accurate, coherent, factually correct, and therefore have higher quality. This is
often at the expense of creativity. On the other hand, methods that include less likely
words often produce more varied and imaginative outputs, which are therefore more
diverse, but these can sometimes be less factual, less coherent, and generally lower
in quality (Jurafsky and Martin (2025)). Additionally, the parameters play a role in
balancing accuracy and generative flexibility, making their careful selection essential to
the quality of the output. In this thesis, I aim for outputs with high accuracy, there-
fore allowing limited flexibility and creativity. I do not want the model to generate
overly diverse responses because it should not divert too much from the given AMR
and gesture information.

In order to test what parameter settings yielded the most accurate and coherent
outputs, Llama was prompted with one or two example sentences from the dataset,
while systematically varying temperature, number of examples given, max number of
tokens, and frequency penalty. For this thesis, Llama was run using the OpenAl API,
and the full list of possible parameters and their default values can be found on the
OpenAl websitd?]

Frequency penalty I chose to leave out this parameter. It controls the repetitiveness
of the model’s responses, where a higher value encourages more diverse responses. Since
this task involves NLG as well as generating AMRSs, encouraging excessive diversity was
not considered beneficial, as some AMRs may be very similar, therefore yielding similar
sentences.

Temperature To prevent the model from generating overly diverse or unpredictable
responses, it was decided to keep the temperature low, specifically set to 0.3. In this
task, where outputs are expected to follow the structure and meaning of specific AMR
graphs or instructional patterns, excessive diversity can lead to hallucinations, para-
phrasing that strays too far from the intended meaning, or inconsistent use of terminol-
ogy. Therefore, a lower temperature helps maintain consistency to the source meaning
and reduces the chance of introducing semantic errors.

Top-p This parameter, also known as nucleus sampling, limits the next word selection
to the top tokens whose combined probability adds up to at least a threshold value P,
with a default value of 1. A higher value allows for more diverse output. It was
observed that a value of 0.9 led Llama to provide more detailed explanations of its
reasoning compared to a value of 0.1, although the generated sentences remained largely
unchanged. Since diversity in output is not the main goal of this thesis, it was decided
not to change this parameter, which means the default value of 1 was used. A value of
1 indicates that the model samples from the full probability distribution. Furthermore,
the OpenAl website? recommends altering either the top-p or temperature parameter,

Zhttps:/ /platform.openai.com/docs/api-reference/chat /create
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Prompt type

Inputs

Outputs

Prompt

Speech

Speech AMR
+ examples

Sentence
+ explanation

Given the following speech Abstract
Meaning Representation (AMR),
generate a corresponding sentence
in natural spoken English. Provide
a short explanation. First, read the
examples to understand the AMR
format:

Gesture

Gesture labels,
Gesture AMR
+ examples

Sentence,
Speech AMR
+ explanation

Given the following gesture label(s)
and gesture Abstract Meaning
Representation (AMR), generate

a corresponding sentence and speech
AMR in natural spoken English.
Provide a short explanation. First,
read the examples to understand
the AMR format:

Speech_ gesture

Speech AMR,

Gesture AMR,
Gesture labels
+ examples

Sentence
+ Explanation

Given the following gesture label(s),
gesture Abstract Meaning
Representation (AMR), and speech
AMR, generate a corresponding
sentence and speech AMR in
natural spoken English. Provide a
short explanation. First, read the
examples to understand the AMR
format:

Table 4.2: Prompt types and their corresponding inputs/outputs.

but not both. Since the temperature was already chosen, top-p was deliberately left at
its default.

Number of examples After some experiments, two examples were chosen as the
optimal number to provide to Llama. A single example was insufficient, while three
risked overwhelming the prompt.

4.2.2 Prompting Llama

To evaluate the impact of gesture information on an LLM’s ability to generate speech
and speech AMR, I prompted Llama using three different input conditions: speech
AMR alone, gesture information alone, and gesture information and speech AMR, com-
bined. The prompt looks different per condition and an overview can be found in
A complete example prompt for the speech condition can be found in
the full prompt for the other conditions can be found in the

The first condition, speech-only, is designed to evaluate whether Llama can gen-
erate an appropriate sentence based solely on the speech AMR. This condition serves
as a baseline to assess the model’s NLG ability with only the AMR derived from spoken
input. Importantly, this condition provides a minimal and controlled input condition
that mimics the setup of AMR-to-text generation tasks. By supplying only the AMR
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graph I establish a clear, input-constrained scenario against which other, richer input
conditions can be compared. This makes it an effective baseline, because any improve-
ments observed in the other conditions can be attributed to the additional input. In
this condition, the model is first given two example pairs to familiarize itself with the
AMR notation and how it maps to natural language. It is then presented with a new
speech-derived AMR from which it must generate an appropriate sentence, along with a
brief explanation of its reasoning. This explanation encourages the model to explicitly
reflect on the generation process, which may in turn lead to more accurate or coherent
outputs. It also provides insight into its reasoning, which is useful for the error analysis.

The second condition, gesture-only, is designed to evaluate whether Llama can
generate both an appropriate sentence and speech AMR using only gesture-derived
inputs. Specifically, gesture labels describing the motion of the relevant body part
and their associated gesture AMR. This condition isolates gesture-based semantics to
determine whether they can serve as an appropriate substitute for spoken language in
guiding NLG. Asking the model to generate both a sentence and a corresponding speech
AMR helps assess whether Llama can reconstruct high-level linguistic meaning from
gestures alone, in both textual and structured semantic forms. In this condition, the
model is first given two example pairs to familiarize itself with the gesture labels and
gesture AMR notation and how it maps to natural language. It is then presented with
a new gesture-derived AMR as well as the corresponding gesture labels, from which it
must generate an appropriate sentence and its corresponding AMR, along with a brief
explanation of its reasoning. Strong performance in this condition would suggest that
gestures alone can carry enough compositional and contextual meaning to derive both
surface realization and deeper semantic abstraction. This performance is measured
through three automatic evaluation metrics: BLEU, METEOR, and BERTScore.

The third condition is multimodal, where speech and gesture inputs are com-
bined. Specifically, the model reveives gesture labels, as well as AMRs derived from
both speech and gesture. This condition is designed to test whether the integration
of multiple modalities enhances Llama’s NLG ability. Multimodal learning reflects
how humans often process language. Speech is combined with non-verbal cues such as
gestures to enrich communication. This condition mirrors that process, aiming to de-
termine whether Llama can leverage semantic information from both modalities. The
central question is whether gesture information adds value beyond what is already
present in the speech AMR. If this condition outperforms the speech-only baseline, it
would suggest that Llama is capable of meaningful multimodal fusion. In contrast, if
no improvement is observed, it may indicate that gesture information does not signifi-
cantly enhance Llama’s understanding or generation capabilities in this context, or that
current gesture representations do not effectively convey additional useful information.
The three conditions are also summarized in

In order to test whether the different input has an impact on the performance of the
model, I make sure I keep minimal pairs when prompting Llama with test examples.
This means that the same test sentence appears once for every condition with different
input. Additionally, each prompt is run three times with different seeds. By collecting
multiple generations per input, I can better assess the consistency and variability of
the model’s responses within a condition. This also supports a more nuanced evalua-
tion. Moreover, to draw meaningful and reliable conclusions from the experiment, it
is essential to ensure that the evaluation setup is robust and methodologically sound.
One key concern when working with LLMs is their sensitivity to prompt formulation.
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Even minor differences can influence the model’s behaviour (Errica et al.| (2024)). To
mitigate this, I ensure all prompts are designed with a consistent and parallel structure
across the three experimental conditions. This consistency ensures that the only varia-
tion between prompts is the type of input data provided, rather than any confounding
factors introduced by prompt wording or layout. Maintaining this structural alignment
is crucial for internal validity: it allows for the isolation of the effects of modality on
the model’s output, rather than testing the effects of prompt design. Together, these
methodological choices, prompt parallelism, minimal pairs, and repeated sampling, are
critical for establishing a robust experimental foundation. They help ensure that any
observed differences in Llama’s performance across conditions are attributable to the
intended experimental manipulation, rather than to uncontrolled factors in the prompt-
ing setup or randomness in generation.

The size of the dataset necessarily restricts the number of examples that can be
given to Llama during prompting. Llama is prompted with two examples per prompt,
but since each sentence is presented under three conditions, the example pool is not
large enough to support fully balanced prompting across all conditions. This means
that certain examples are reused throughout the prompts. The training set was com-
posed randomly, and for each prompt two consecutive examples were chosen, iteratively.
Future research could explore choosing examples based on informativeness. During the
experiments I observed that not all sentences are as informative, and some might have
been too long and complex for the model to parse. These variations in input complexity
may have led to different types of generation errors, an to better understand where and
why the model fails, an error analysis was conducted. This analysis aims to discover

systematic patterns in the model’s output and will be discussed in

4.3 FEvaluation

In order to evaluate the sentences generated by Llama, I make use of the three automatic
evaluation metrics explained in BLEU, METEOR, and BERTScore.

BLEU BLEU is included as a widely used standard for assessing machine-generated
text. However, it is not expected to perform well in this context, since it is based on
exact n-gram matches. Because multiple sentences can correspond to the same AMR
graph I believe BLEU will underestimate the true quality of the generated text. Espe-
cially because Llama’s outputs are unlikely to closely match the gold references. I will
be using the SacreBLEU implementation (Post| (2018])), which most closely replicates
the original implementation.

METEOR METEOR builds on BLEU by incorporating stemming, synonym match-
ing, and a harmonic mean of precision and recall, enabling a more linguistically informed
evaluation. Given its ability to recognize morphological variations, I believe it will pro-
vide a more nuanced comparison. Therefore I think METEOR will yield higher scores
than BLEU, particularly since the generated sentences may differ from the references
while still being semantically appropriate. In order to calculate the METEOR score 1
will be using the NLTKE| implementation.

3https://www.nltk.org/api/nltk.translate.meteor_score.html
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BERTScore BERTScore complements these by leveraging contextual embeddings
to assess similarity between generated and reference texts, offering a fundamentally
different perspective on similarity. Unlike BLEU and METEOR, which rely on surface-
level token matches, BERTScore captures deeper contextual meaning, making it well-
suited for the evaluation of NLG tasks where exact wording may differ, but underlying
semantics are preserved. Given the flexible nature of AMR-to-text generation and the
probable variability in correct outputs, I expect BERTScore to provide the highest
scores. To calculate the BERTScore 1 will be using the implementation as explained
by [Zhang et al.| (2019)).

Paired Bootstrap Sampling To test whether the scores obtained from these met-
rics are statistically significant and not due to chance, I make use of the paired bootstrap
test. Bootstrapping is a method that involves repeatedly taking many random samples
with replacement from an original dataset (Jurafsky and Martin| (2025)). With replace-
ment means that each instance is returned to the pool after being picked before drawing
the next sample, therefore they can be picked again. The idea behind the bootstrap
test is that by resampling from the observed test set, one can create many alternative
versions of the test set. This allows us to estimate whether the obtained results are
due to chance.



34 CHAPTER 4. METHODOLOGY

Prompt type Prompt

Given the following speech Abstract Meaning Representation (AMR),
generate a corresponding sentence in natural spoken English.Provide
a short explanation. First, read the examples to understand the AMR
format:

Example 1:
Sentence: okay
Speech AMR:
(o/okay-04)

Example 2:
Sentence: space two out a little less than a block length
Speech AMR:
(s/space-01
:mode imperative
:ARGO (y/you)
:ARG1 (i/implicit-role
:quant 2)
:ARG2 (q/distance-quantity
:unit (b/block)
:ARG1-of (h/have-quant-91
:ARG2 1
:ARG3 (1/less
:mod (12/little)))))
Now, generate a sentence from the following speech AMR and explain
your reasoning. Please provide the output only in json format:

Speech

[{"sentence": "Your generated sentence here.",
"explanation": "Your explanation here."}]
Speech AMR:

(p/put-01

:mode imperative

:ARGO (y/you)

:ARG1 (b/block
:quant 1)

:ARG2 (b2/block
:mod (b3/back)))

Table 4.3: Full prompt for the speech condition, test sentence “so put put a block on
the back block good”.



Chapter 5

Results

This thesis investigates whether gesture influences the NLG ability of an LLM. This
chapter contains the results of the experiments described in First the over-
all scores for all conditions are presented, followed by an analysis of results from each
metric separately accompanied with two or three examples to showcase and explain
specific obtained results. The three metrics, BLEU, METEOR, and BERTScore, cap-
ture different aspects of the generated output. BLEU and METEOR focus more on
surface-level similarity, while BERTScore measures semantic similarity using contex-
tual embeddings. Examining all three provides a more nuanced view of how gesture
input affects NLG quality.

5.1 Speech vs. Gesture NLG Evaluation

To score the performance of the model, three automatic evaluation metrics were used.
The three methods that were described in detail in are BLEU, METEOR,
and BERTScore, which will be discussed in the following paragraphs. An overview of
all the scores can be found in [Table 5.11

Scenario BLEU METEOR BERTScore
(average)
Precision: 0.5371
All Scenarios 0.1096 0.2855 Recall: 0.5455
F1: 0.5382
Precision: 0.6609
Speech 0.1918 0.4671 Recall: 0.6653
F1: 0.6604
Precision: 0.4035
Gesture 0.00697 0.0715 Recall: 0.4134
F1: 0.4053
Precision: 0.5469
Speech+Gesture | 0.1117 0.3180 Recall:0.5578
F1: 0.5488

Table 5.1: Evaluation scores for the metrics BLEU, METEOR, and BERTScore across
different prompting conditions. The scores range from 0 to 1, where a higher score
means there is more overlap and is therefore more accurate.

35



36 CHAPTER 5. RESULTS

5.1.1 BLEU

In order to calculate the BLEU score, the reference and candidate sentences were
extracted, which were then used to calculate the BLEU score over the whole corpus.
BLEU scores are the lowest overall, as shown in The BLEU score for the
speech scenario is highest, with a score of 0.1918, which is 0.08 higher than the speech
and gesture scenario. Compared to state-of-the-art (SOTA) AMR-to-text-generation
results, the BLEU scores of the Llama model are significantly lower across all conditions,
particularly for the gesture-only condition, see For context, leading systems
such as BiBL. and AMRBART achieve BLEU scores between 47 and 51.5, while the
Llama’s best performance remains below 20. This difference is expected, as Llama
was not fine-tuned on any AMR-to-text datasets, whereas the SOTA models were
specifically trained for this task.

BLEU
BiBL 47.0
BiBL+-Silver 51.5
AMRBART large 49.8
speech: 19.2
Llama (mine) gesture: 0.7
speech+gesture: 11.2

Table 5.2: SOTA BLEU scores for AMR-to-text-generation compared with the Llama
model, reported as percentages.

Bidirectional Bayesian learning (BiBL), proposed by |Cheng et al. (2022), is a mul-
titask sequence-to-sequence model that jointly performs AMR-to-text generation and
Text-to-AMR parsing. It is trained on the corpora AMR 2.0 and AMR 3.0 which con-
sist of 36.521 and 55.635 sentence-graph pairs, respectively. The BiBL+Silver variant
extends this by incorporating additional silver data. Specifically, the authors used the
best performing Text-to-AMR model to automatically annotate sentences from the un-
labeled English Gigaword corpus. This yielded an extra 200.000 sentence-graph pairs
which were used for training. This led to a performance gain over BiBL without silver
data.

The paper by [Bai et al. (2022)) addresses a gap in pretrained language models
(PLMs). While pretrained sequence-to-sequence models excel at AMR parsing and
generation when fine-tuned, they are not structurally aware of graph data. The authors
investigate whether pretraining directly on AMR graphs improves performance on both
parsing and graph-to-text tasks. |Bai et al.| also make use of the AMR 2.0 and AMR
3.0 corpora.

Example Sentences To better understand the BLEU score, I present two in-depth
examples. Since the corpus-level BLEU score aggregates performance over the entire
dataset, sentence-level BLEU scores are used to analyze performance at the level of
individual examples, where corpus statistics are not applicable.

reference: put two blocks
scenario: speech
candidate: put two blocks.
score: 0.431
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The sentence only has three tokens, therefore the computation of the n-gram weights is
changed, which leads to a lower score, even though intuitively the candidate is almost
identical to the reference. This is because BLEU is precision based, not semantic based,
and because of the punctuation there are unmatched n-grams, which causes the score
to drop.

reference: one block on top of each of those two
scenario: speech+gesture

candidate: put the block on top of each other.
score: 0.446

This score is close to the score above, even though this candidate is not close to the
reference sentence. This is because there is enough n-gram overlap, and even 4-gram
overlap, unlike the previous sentence, namely “block on top of each”. There is a semantic
mismatch, “each of those two” is not the same as “each other”, however, BLEU does
not register this, and rewards surface overlap. Because of this focus on surface-level
evaluation, I do not think BLEU is an accurate metric for evaluating this NLG task,
especially given its AMR focus and the potential for multiple valid sentences.

5.1.2 METEOR

In order to calculate the METEOR score, the average was calculated for each scenario
separately, as well as across all scenarios combined. Unlike BLEU, METEOR is not
directly additive across a corpus, since it calculates scores on a sentence-level. That
is why the average was manually calculated. As can be seen in the speech
scenario scores the highest, with an average score of 0.4671. This is 0.15 higher than
the speech and gesture scenario. Gesture has again the lowest score, and reasoning for
this will be discussed in When compared to SOTA AMR-to-text generation
models such as BiBL, BiBL+Silver, and AMRBART, the speech-only scenario actually
slightly exceeds their best METEOR, scores. This is particularly interesting because
while the BLEU scores were much lower, the METEOR results suggest that the model’s
outputs for speech inputs are better at preserving semantic content, paraphrasing, and
lexical flexibility. In other words, although the exact word overlap, which is captured
by BLEU, is Imited, the generated sentences often capture the same meaning with
different wording or synonyms, which METEOR is better at detecting.

METEOR
BiB1 43.2
BiBL+-Silver 45.2
AMRBART large 42.6
speech: 46.7
Llama (mine) gesture: 7.2
speech+gesture: 31.8

Table 5.3: SOTA for METEOR AMR-to-text-generation compared with the Llama
model, reported as percentages.

Example Sentences To better understand the METEOR, scores, I present three
in-depth examples.
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reference: so put put a block on the back block good
scenario: speech

candidate: put the back block.

score: 0.395

This sentence has four unigram matches with the reference sentence: put, the, back,
and block. There are two chunks: “put” and “the back block”. Therefore the penalty
is calculated as follows:

9 3
0.5 <4) = 0.0625 (5.1)
Then, precision, recall, and Fmean are calculated.
. 4
precision = F= 0.8
4
ll=—=04 5.2
reca 10 (5.2)
10 x 0.8 x 0.4
F =——=0421
T 04+ 9% 08
Lastly, the METEOR, score is calculated.
score = 0.421 x (1 — 0.0625) = 0.395 (5.3)

This is a moderate METEOR, score, some lexical alignment is captured however too
much of the reference sentence is omitted in the candidate sentence. The candidate
sentence contains four correct unigrams and two contiguous chunks, which results in a
relatively low penalty score. However, the recall is low, which means that more than
half of the reference sentence is omitted. METEOR’s use of recall and the penalty
reflects this imbalance, resulting in a final score of 0.395. Subsequently, we will discuss
a high METEOR score.

reference: put two blocks
scenario: speech
candidate: put two blocks.
score: 0.950

The same calculations as above will be repeated to show how the final METEOR score
is calculated.

1 3
penalty = 0.5 <3> = 0.0185

3
precision = 1= 0.75

recall = 3= 1 (5.4)
10 x 0.75 x 1
F = — — =10.968
e = 9% 0.75

score = 0.968 x (1 — 0.0185) = 0.950

All three words in the reference sentence are present in the candidate sentence, therefore
the recall is 1. Precision is also close to 1, resulting in a very high Fmean. Due to punc-
tuation and the penalty, the score is not 1. Lastly, I want to discuss a counterintuitive
example, which is shown below.
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reference: okay
scenario: speech
candidate: okay
score: 0.500

This sentence only contains one word, which leads to a penalty of 0.5 and consequently
to a total score of 0.5.

Overall, I think METEOR is better than BLEU for evaluating this specific NLG task
because it is more sensitive to sentence structure, as well as missing content because
of its incorporation of recall. In addition, its consideration of morphological variants,
such as synonyms, makes it a more suitable metric for this task.

5.1.3 BERTScore

Lastly, BERTScore returns the precision, recall, and F1 score for each reference and
candidate. Precision in this context refers to how relevant the generated words are
compared to the reference, and recall refers to how much of the reference meaning is
captured by the generated sentence. Again, the average was calculated for each scenario
separately, as well as across all scenarios combined. The contextual embedding model
“bert-base-uncased” is used to calculate the scores. The BERTScores are higher than
the other reported scores, with the speech scenario achieving the highest precision,
recall, and F1 scores, 0.6609, 0.6653, and 0.6604 respectively.

Example Sentences BERTScore makes use of contextual embeddings to calculate
precision, recall, and F1 score, which is why it is not possible to explain how exactly
these scores were determined. However, I will show two similarity matrices which
include the assigned score per token, this can be found in

Similarity Matrix (after Res%aoling)

ki
N put {UEEIN0.145 0.126
c - 0.8
O
S two{o.109 [BERY0.130| | .
)
% blocks {0.088 0.204 Wkl [ 04 Smﬂan@ Matrix (after Rescallng)
E - 0.2 a-l
g .{0.082 0.037 0.182 ' ~ 1.000
© . T - - 0.0 8
) A (+] ) L
¢ & &F -U
. Regerence (tokenized
Reference (tokenized) )
(a) Reference: “put two blocks”. (b) Reference: “yes”.

Figure 5.1: Plot showcasing the BERTScore similarity matrix for two sentences.

As can be seen, the diagonal values are close to 1, indicating that the candidate
sentence contains the same words as the reference sentence. All off-diagonal scores are
low, indicating that BERTScore correctly distinguishes between unrelated tokens. Its
output is harder to analyze than BLEU and METEOR scores because it is based on
contextual embeddings and does not give a straightforward score that can be checked,
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however I think it is a better suitable metric for this task. Compared to BLEU and
METEOR, BERTScore takes context into account, it captures semantic similarity, and
it is robust to paraphrasing.

5.2 Paired Bootstrap Test

In order to test whether the differences between the scenarios are statistically signifi-
cant, I performed paired bootstrap resampling, as explained in I did this
between all scenarios, to check whether the results obtained are statistically significant,
and not due to chance. The results can be found in [Table 5.4l

Comparison BLEU METEOR BERTScore

= = AR = 0.2517, p = 0.0000
p = 00000 1 p=0.0000 1 Apy _ (9549, p = 0.0000

AP = 0.1142, p = 0.0000
AR = 0.1076, p = 0.0000
AF1 = 0.1117, p = 0.0000
AP = -0.1431, p = 1.0000
AR = -0.1440, p = 1.0000
AF1 = -0.1433, p = 1.0000

Speech vs. Gesture

A =0.0765 | A =0.1492

Speech vs. Speech+Gesture b = 0.0000 p = 0.0000

A =-0.1091 | A =-0.2461

Gesture vs. Speech+Gesture b = 1.0000 b = 1.0000

Table 5.4: Paired bootstrap sampling performed on all scenario pairs.

BLEU For the first comparison, A indicates the average difference between the BLEU
score for speech, and the BLEU score for gesture. This difference of 0.1856 means that
on average, the speech corpus score is 0.1856 points higher than the gesture corpus
score. The value p = 0.0000 indicates that the probability that gesture outperforms or
equals speech just by chance is essentially zero. Therefore, we can say the difference
between these two scenarios is statistically significant.

For the second comparison, A = 0.0765 indicates that on average, the speech corpus
score is 0.0765 points higher than the speech and gesture corpus. Again, p = 0.000
therefore this difference is statistically significant.

Lastly, between gesture and speech and gesture there is a difference of -0.1091.
This means that on average, the gesture corpus score is 0.1091 points lower than the
speech and gesture corpus score. Since p = 1.0000, it means that in all samples,
gesture performed worse than or equal to speech and gesture. Again, this difference is
statistically significant, and we can say that gesture underperforms compared to speech
and gesture combined.

METEOR For the first comparison, on average, the METEOR score for speech is
0.3954 points higher than the METEOR. score for gesture. This is quite a big difference,
and because p = 0.0000 we can say that this difference is very unlikely to be due to
chance.

For the second comparison, on average, the METEOR score for speech is 0.1492
points higher than the METEOR, score for speech and gesture. Because p = 0.0000 we
can say that this difference is unlikely to be due to chance.

Lastly, between gesture and speech and gesture there is a difference of -0.2461. This
means that on average, the gesture score is 0.2461 points lower than the speech and
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gesture score. Since p = 1.0000, it means that in all samples, gesture performed worse
than or equal to speech and gesture. Again, this difference is statistically significant,
and we can say that gesture underperforms compared to speech and gesture combined.

BERTScore For the first comparison, across all BERTScore metrics, speech shows a
statistically significant improvement over gesture, by approximately 0.25 points. For the
second comparison, speech scores again statistically significantly higher than gesture,
by approximately 0.11 points. Lastly, gesture underperforms compared to speech and
gesture combined across all BERTScore metrics, by approximately 0.14 points. Because
p = 1.0000, we can say that gesture performed worse or equal to speech and gesture in
every sample.

5.3 Text-to-AMR Evaluation

For the gesture-only condition, Llama was prompted to first generate a sentence based
on gesture information. This generated sentence was then use as input to produce a
corresponding speech AMR. The resulting AMRs were compared to the gold speech
AMRs using the Smatch metric |Cai and Knight| (2013)). See [subsection 3.1.2| for the
explanation of this metric. The average precision, recall, and F1 score are shown in
[Table 5.5

Precision | Recall F1
0.275 0.242 | 0.257

Table 5.5: The average Smatch scores for the speech AMRs generated by Llama over
the SAGE-AMR dataset.

These scores are expectedly low. Since Llama generated sentences solely based on
gesture information, it often produced output that diverged significantly from the gold
references. Consequently, the AMRs derived from those sentences frequently failed to
match the gold speech AMRs. Moreover, during evaluation, many of the generated
AMRs were invalid, making Smatch evaluation impossible for 62 out of 198 sentences.
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Chapter 6

Error Analysis

This chapter presents the error analysis conducted following the initial experimental
runs. This is the second to last step in the pipeline, as shown in Based on
the observed mistakes, the original prompt was refined and a subset of test sentences
was selected to evaluate the revised prompt. Infgection 6.1]1 categorize and quantify the
errors by defining several error types and systematically identifying their occurrences
in the data. Representative examples of these errors are also provided. In [section 6.2]1
describe the revised prompts and assess their effectiveness by examining improvements
in the model’s output.

Extract annotations }——p{ Align E:hi?:tm and }——b{ Create dataset }—

Parse data file to Align each sentence Combine aligned
extract AMR, speech, with its corre- data into a
and motion gesture ponding AMR and structured dataset
labels gesture labels using suitable for input
timestamps to the model

‘ Prompt Liama }—D{ Evaluate output }—[}{ Error analysis

Prompt Liama Evaluate the output Quantiiy the errors
through 3 condifions using 3 common by defining 7 error
and changing the automatic evaluation types. Based on the
input fo assess the meifrics: BLEU, errors the prompt is
role of gesture in NLG METEOR and refined to possibly
BERTSCORE improve the output

Figure 6.1: Overview of the pipeline.

6.1 Overview Error Analysis

In order to quantify the errors, seven error types were identified and will be defined
below: Propbank, Polarity, Deictic Gestures, Gesture Information, AMR Misinter-
pretation, Incoherent and Others. During the analysis, it was noted that the model
occasionally failed to follow the expected response format. As a result, due to time con-
straints, some sentences could not be parsed and were excluded from the final results
and error analysis. An example of a response that did not follow the expected format is

43
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[
{
"sentence": "It matters.",
"explanation”: "In the speech AMR, ':ARGP (i/it)' indicates that 'it' is the subject of the sentence. The verb 'matter-8
1' implies a sense of importance or significance, which corresponds to the positive polarity indicated by '-)).'"
}
]
[
{

"sentence": "It matters.",
"explanation”:

The speech AMR indicates that the word "matter" is in its base form, and it has a polarity of -), which typically corre
sponds to a negative or downward tone. This suggests that the sentence should convey a sense of importance or relevance being
diminished. In this case, the generated sentence "It matters." conveys a neutral statement about something being important, b
ut the original speech AMR implies a more nuanced meaning.

}
]

Figure 6.2: Example of correct and incorrect model outputs. The first example is a
correct sentence and explanation pair, the second one is incorrect.

Error Type Mistakes | Percentage
Propbank 25 3.77%
Polarity 23 3.46%
Deictic Gestures 46 6.93%
Gesture Information 231 34.79%
AMR Misinterpretation | 176 26.51%
Incoherent 44 6.63%

Other 119 7.92%

Table 6.1: Error types with their error count, also shown in percentages.

shown in along with a correct response. The second explanation begins on
a new line, which breaks the regex pattern and prevents it from matching. As a result,
the generated sentence is also omitted. Because of time constraints this issue was not
solved. In total, 573 sentences were evaluated for the error analysis. As previously
noted, the test set contains 66 unique sentences. Each unique sentence is evaluated
under three conditions, resulting in 198 prompts. Each prompt was run three times
using different seeds to capture variation in Llama’s output, yielding 594 generated
sentences overall. However, due to parsing issues, 21 outputs were excluded, leaving
573 sentences for analysis. In the following subsections the identified error types will be
further explained, and examples are shown. An overview of the error types and their

frequencies is shown in [Table 6.1

6.1.1 Propbank

Propbank errors refer to issues related to the interpretation of Propbank structures
and meaning. This entails errors interpreting semantic roles or meanings of verbs,
including incorrect interpretation of verb senses or argument assignments. Of the 573
sentences evaluated, there were 664 mistakes. Mistakes are identified by examining the
entire sentence and categorizing each error according to the error type it most closely
resembles. A single sentence can contain multiple mistakes, each corresponding to
different error types. Of the 664 mistakes, 25 were labelled Propbank, which is 3.77%.
An example from the speech condition is shown in The yellow highlights
the part that is relevant for the error, the red shows that there can be multiple errors
per sentence.



6.1. OVERVIEW ERROR ANALYSIS 45

Speech AMR:
(m/multi-sentence
:sntl (n/no)
:8nt2 (1/look-02
:ARGO (t/that)
:ARG1 (w/work-09)
Reference: "no that doean’t look like it's going to work"
Ca_ndidate: look that work"
Explanation: "The speech AMR indicates a multi-sentence structure
with two sentences. The first sentence is ‘n/no?, which
corresponds to the word ’no’ in English. The second sentence has
a subject ‘t/that’ and an action *1/look-02', which means *to
look?. The object of the verb ‘work-09' is not explicitly
mentioned, 20 it can be inferred that the speaker is referring to
something related to work. Therefore, the generated sentence is
‘No, look that work.’"

Figure 6.3: Example from the speech condition showcasing the Propbank error type.

Llama interprets look-02 as meaning “to look”, whereas according to Propbank,
look-02 corresponds to the sense “to appear” or “to seem”. The same goes for work-09,
which refers to “to function” or “to operate”, whereas Llama interprets it as a noun.
This misunderstanding of the correct frameset led to the model generating incorrect
sentences, highlighting the model’s difficulty in distinguishing different verb and noun
senses.

6.1.2 Polarity

Polarity errors involve the misinterpretation or omission of negation, as indicated by
the presence of a polarity relation in the speech AMR. Of the 664 mistakes, 23 were
categorized as Polarity, which is 3.46%. Wohile one instance of a polarity error is
already illustrated under the Propbank error category, an additional example is shown
in taken from the speech condition:

Speech AMR:
(m/matter-01

:ARGO (i/it)

:polarity -))
Reference: "it doesn’t matter"
Candidate: '[it matters]"
Explanation: "The speech AMR indicates that ‘matter’ is the main
concept, with ‘it’ as the subject (:ARGD) and a positive pelarity
(-)). This supggests that the sentence should convey a neutral or
affirmative statement about something being important or
significant.”

Figure 6.4: Example from the speech condition showcasing the Polarity error type.

In this example, the speech AMR explicitly includes a negative polarity, indicating
that the intended meaning is negated. However, the generated candidate sentence
fails to capture this negation, instead expressing the opposite sentiment. This reversal

results in a polarity error, as the output contradicts the meaning conveyed by the
original AMR.
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6.1.3 Deictic Gestures

Deictic Gestures errors denote mistakes stemming from the model’s misinterpretation
of deictic gestures in the gesture AMR. These gestures often carry ambiguous spatial
references, such as pointing to a specific location, which can lead to incorrect sentence
generation. Out of the 664 mistakes, 46 were labelled as deictic, which is 6.93%. An

example taken from the gesture condition is shown in

Gesture labels:
RA: move, up; RH: inte point, front;
Unknown

Gesture AMR:

:ARGO (s/signaler)

:ARG1 (1/location)

:ARG2 (a/actor))
Reference: "and then put one on the top"
Candidate: ["point to the location”|
Explanation: "The gesture label indicates that the speaker is moving
their hand up and peointing forward, which corresponds to a deixis
gesture. The speech AMR reflects this by indicating that the speaker
is performing a deixis action, with the location as the target of the
actiom."

Figure 6.5: Example from the gesture condition showcasing the Deictic Gestures error
type.

This occurred frequently: whenever the gesture AMR included a deictic gesture,
Llama tended to combine information from both the gesture labels and the gesture
AMR. In this example, the candidate sentence includes the verb “to point”, which is
present in the gesture labels, and the noun “location”, which is referenced in the AMR.
However, these terms are not intended to be used as a verb or standalone noun, but
rather serve as semantic roles within the AMR structure and gesture labels. In this
particular example this behaviour is unsurprising, as the AMR provides little additional
informative content beyond the deictic gesture.

6.1.4 Gesture Information

Gesture Information errors refer to any mistake made with regards to the gesture
labels and gesture AMR. This category was separated from the Deictic Gestures error
type because the model’s outputs exhibited a high variety of distinct issues related
to gestures, beyond just deictic gestures. Notably, this error type accounted for the
highest number of occurrences, namely 231 out of 664 mistakes, which is 34.79%. An

example taken from the gesture condition is shown in
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Gesture AMR:
(e/emblem—GA

:ARGO (s/signaler)

:ARG1 (o/ok)

:ARG2 (a/actor))
Reference: "good enough"
Candidate: "you’re okay"
Generated speech AMR:
(e/emblem—GA :ARGO (s/signaler) :ARG1 (o/ok) :ARG2 (a/actor))
Explanation: "The gesture label indicates that the arms move up
and hands open in front, which is a common emblem for ‘okay’. The
speech AMR reflects this interpretation."

Figure 6.6: Example from the gesture condition showcasing the Gesture information
error type.

This example demonstrates one of many gesture-related errors. The model gener-
ated the sentence “you’re okay” based solely on an emblematic gesture representing an
“OK” sign. While the sentence is plausible in isolation, it fails to accurately reflect the
intended meaning of the accompanying speech, resulting in an incorrect interpretation.
Furthermore, in its explanation the model states, “The speech AMR reflects this inter-
pretation”, suggesting that it treats its own generated AMR as the gold standard, since
the input did not contain speech AMR. This indicates that for the gesture condition
the model bases its responses on its own output, rather than only considering the input
gesture information.

6.1.5 AMR Misinterpretation

AMR Misinterpretation includes cases where the model fails to accurately interpret
the meaning of the speech AMR, leading to incorrect or irrelevant outputs. This error
type accounted for the second highest number of occurrences, namely 176 out of 664
mistakes, which is 26.51%. An example taken from the speech condition is shown in

Speech AMR:
(afand
ropl (j/jiggle-01
:time (t/then)
:mode imperative
:ARGO (y/you)
:ARG1 (i/implicit-role
iquant 2
:location (f/front
:poss (t2/them)))))
Reference: "and then jiggle the two in front of them"
Candidate: "you should jiggle them in the fromt then"

Figure 6.7: Example from the speech condition showcasing the AMR Misinterpretation
error type.

The AMR includes a location relation, indicating that something is positioned in
front, along with a possessive modifier specifying that it is in front of them. However,
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the model fails to capture this nuance, entirely overlooking the possessive modifier.

6.1.6 Incoherent

Incoherent refers to all outputs that are nonsensical or fail to exhibit a logical flow,
such as a disorganized structure, making them difficult to understand. This category
excludes grammatically well-formed sentences that are irrelevant to the task, as the
model was not explicitly informed of the task context. Of the 664 mistakes, 44 were
labelled Incoherent, which is 6.63%. Two examples from the speech condition are shown

in [Figre 6.8

Reference: "just like that but closer together"
Candidate: "you should just that, but you're
having it close together more"

Reference: "the first block you put it the one nearest and
the right side of it"

Candidate: "you put the first black and )rcm

[the right side of it"|

Figure 6.8: Two examples from the speech condition showcasing the Incoherent error
type.

6.1.7 Other

Other includes all remaining errors not covered by the previous categories. This may
involve annotation mistakes in the speech, or words that are missing in the speech
AMR but are present in the spoken words, all of which can lead to wrongly generated
sentences. Of the 664 mistakes 119 were labelled Other, which is 17.92%. Two examples
are shown in [Figure 6.9| and [Figure 6.10]

Speech AMR
(g/get-01
:ARGO (y/you)
(ARG1 (t/tower
igquantity 2
:location (o/fon
:opl (s/sides))))
Reference: "and then you got two towers like that om the sides"
Candidate: "you get two towers on the sides"
Explanation: "The speech AMR indicates that the subject iz ‘you’
(ARGO), and the action is ‘get’ (g/get-01). The object of the
action is ‘two towers® (t/tower with quantity 2), which are
located ‘on the sides’ (ofon with location on the sides)."

Figure 6.9: An example from the speech condition showcasing the Other error type

Based solely on the AMR alone, this sentence would have been correct. However
the spoken words include some words that are not included in the AMR, leading to a
Wrong answer.
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Gesture label(s):
arms: apart, left; hands: inch, down;
LA: move, right; LH: into closed, down; RH: into closed, left
Gesture AMR:
(i/icon-GA

:ARGO (s/signaler)

:ARG1 (82/space-01)

:ARG2 (a/actor))
Reference: "only two of them"
Candidate: "i don’t understand"
Generated speech AMR:
(g/dont-know :mode declarative :ARGO (i/i) :mod (n/mo))
Explanation: "The gesture labels indicate a lack of understanding
or confusion, with arms apart and hands inching down. The LA
moving right and LH/RH closing down suggests a sense of uncertainty
or puzzlement. In the speech AMR, ‘I don’t understand’ is used to
convey this sentiment in a declarative mode."

Figure 6.10: An example from the gesture condition showcasing the Other error type

As in the example shown in the model bases its response on its own
generated output. This is undesirable behaviour, highlighting that the model should
not have been tasked with generating the corresponding speech AMR as well.

Out of the 573 evaluated sentences, only 41 sentences had no mistakes, which is a
very low number. This indicates that Llama struggles to reliably generate speech that
fully captures the intended meaning of the input. Most notably, Gesture Information
and AMR Misinterpretation errors account for around 60% of all mistakes, suggesting
that the model has difficulty integrating or correctly interpreting information derived
from gestures, as well as AMR structure. The relatively high number of Deictic Gestures
errors also reinforces this, as well as the challenge of grounding expressions such as
“this” or “there” in gesture-based input. Although some error types such as Propbank
and Polarity are less frequent, they still reflect critical information, often resulting in
a complete reversal or distortion of meaning. The number of Incoherent outputs and
Other errors highlights broader issues in fluency and model generalization.

In order to try to improve the outputs, the prompts for the three conditions were
refined, which will be discussed in the next section.

6.2 Prompt Refinement

To guide Llama more effectively and with the aim of producing more accurate outputs,
I constructed three new prompts, one for each condition. I informed Llama about the
specific task at hand; a block-building task, and provided a short explanation of the

given inputs. The three new prompts can be found in
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Prompt type Prompt

You are interpreting verbal communication in a collaborative
block-building task. One participant is verbally explaining how to construct
a specific block structure. Your input includes:
Speech AMR: A structured semantic representation of what was spoken.
Your task is to:

Speech 1. Generate a sentence in natural spoken English using speech AMR
that reflects what the speaker is trying to communicate.
2. Provide a short explanation describing how you interpreted the
speech AMR to generate the sentence.
First, read the examples to understand the Abstract Meaning
Representation format:

You are interpreting gesture information from a collaborative

block-building task. One participant is explaining how to

construct a specific block structure using both speech and gestures.

In this task, you are given only the gesture information:

Gesture Labels: Descriptions of hand, arm, or body movements.

Gesture AMR: A structured semantic representation of the gestures.

Although the participant was also speaking, only the gesture
Gesture information is provided here. Your task is to:

1. Generate a sentence in natural spoken English using gesture information

that reflects what the speaker was likely trying to

communicate with the gestures

2. Provide a short explanation describing how you interpreted the

gesture information to generate the sentence.

First, read the examples to understand the Abstract Meaning

Representation format and the gesture labels:

You are interpreting multimodal communication in a collaborative
block-building task. One participant is verbally and gesturally
explaining how to construct a specific block structure. Your input
includes:

Gesture Labels: Descriptions of hand, arm, or body movements.
Gesture AMR: A structured semantic representation of the gestures.
Speech AMR: A structured semantic representation of what was spoken.
Speech_ gesture .
Your task is to:

1. Generate a sentence in natural spoken English using speech and gesture
information that reflects what the speaker is trying to communicate

2. Provide a short explanation describing how you interpreted both the
gesture and speech AMRs and the gesture labels to generate the sentence.
First, read the examples to understand the Abstract Meaning
Representation format and the gesture labels:

Table 6.2: First refined prompt created for the error analysis.

I ran these prompts on twelve sentences picked from the test set to compare them
with the original prompts. To select these twelve sentences, I manually reviewed the
SAGE-AMR dataset, examining both the speech AMR and the gesture AMR, along
with the corresponding gesture labels. I aimed to include gesture AMRs that were
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relatively non-ambiguous, in order to assess whether it would lead to improved output.
An example of gesture AMR that is relatively non-ambiguous is shown in
Additionally, I ensured a balanced selection by including examples where the speech-
only condition performed well, as well as cases where it did not.

(i/icon-GA
:ARGO (s/signaler)
:ARG1 (=s2/s8lide-01
:direction (b/backward))
:ARG2 (a/actor))

Figure 6.11: Example of relatively non-ambiguous gesture AMR.

I again went through the output manually, and I noted the different errors. Mis-
takes are again identified by examining the entire sentence and categorizing each error
according to the error type it most closely resembles. For the first refined prompt, there
were 107 evaluated sentences and in total there were 134 mistakes. An overview can be
found in The percentages are calculated based on the outputs corresponding
to the twelve selected sentences.

Error Type Mistakes | Percentage
Propbank 10 7.46%
Polarity 4 2.99%
Deictic Gestures 5 3.73%
Gesture Information 57 42.54%
AMR Misinterpretation | 39 26.51%
Incoherent 5 29.1%

Other 14 10.45%

Table 6.3: Error types with their error count, also shown in percentages, for the first
refined prompt.

For the second prompt I added some information regarding the speech AMR, spec-
ifying that it consists of Propbank framesets and arguments. This resulted in 131
mistakes, the scores shown in The second prompt refinement showed mini-
mal improvement over the first one.

Error Type Mistakes | Percentage
Propbank 11 8.4%
Polarity 6 4.58%
Deictic Gestures 2 1.53%
Gesture Information 56 42.75%
AMR Misinterpretation | 30 22.90%
Incoherent 7 5.34%

Other 19 14.5%

Table 6.4: Error types with their error count, also shown in percentages, for the second
refined prompt.
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A notable improvement was observed in the first refined prompt when a brief expla-
nation of the task was added to the prompt. This additional context helped the model
generate sentences with more task-relevant vocabulary. For example, in the initial run,
the model frequently referred to the blocks using vague terms like “things”, likely due
to a lack of understanding about the specific objects involved. In contrast, after the
prompt refinement, the model more consistently used the word “block”, reflecting a
better grasp of the task. For the second refined prompt, specifying that the speech
AMR is based on Propbank appears to have slightly reduced the number of AMR mis-
interpretation errors. However, this observation should be interpreted with caution,
as the error classification was performed by a single annotator, which may introduce
subjectivity and affect the reliability of the results.
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Discussion

This thesis aimed to investigate the impact of gesture information, represented using
AMR and gesture labels, on the ability of an LLM to generate speech and speech
AMR, compared to only speech AMR as input. This was done by prompting Llama
using three different conditions; speech, gesture, and speech combined with gesture.
The output was then evaluated using three automatic evaluation metrics, as described
in This chapter will recap these results, discuss the limitations encountered
during this thesis, and what they mean with regards to the research question.

7.1 Summary

Evaluation Results This section summarizes the key evaluation outcomes discussed
in Among the three input conditions tested, speech-only, gesture-only, and
speech and gesture combined, the gesture-only condition consistently performed the
worst across all evaluation metrics, while the speech-only condition outperformed the
others in every condition. The overall corpus-level BLEU score across all conditions
was 0.1096, the average METEOR score was 0.2855, and the average F1 BERTScore
was 0.5382. Importantly, paired bootstrap sampling confirmed that these results were
significant and not due to chance, giving confidence to the observed trends.

The BLEU score, which strictly relies on exact n-gram overlap between generated
and reference texts, was the lowest of the three metrics. This reflects a limitation of
using BLEU to evaluate NLG tasks. Even though the model can often produce seman-
tically appropriate or paraphrased sentences, it rarely reproduces the exact reference
sentence. As a result, the generated outputs often fail to match the reference sentence
at the n-gram level, causing BLEU to underestimate the true quality of the output.
In contrast, METEOR offers a more flexible measure by accounting for morphological
variants. This leads to higher scores when the model generates paraphrases or alter-
native phrasing that still convey the correct meaning. In this evaluation, METEOR
produced scores that were more than twice as high as BLEU, suggesting better semantic
alignment than BLEU captures. Finally, BERTScore, which compares contextualized
embeddings, yielded the highest scores among the three metrics. This is expected, as
BERTScore is specifically designed to capture semantic similarity at the representation
level, allowing for greater tolerance of paraphrasing and surface-level variation. It can
assign relatively high scores even when the lexical overlap is low, as long as the un-
derlying meanings are aligned. As with the other metrics, the speech-only condition
achieved the highest BERTScore, reinforcing the conclusion that this input provides
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the richest and most effective information for Llama’s NLG ability.

Error Analysis To further explore the results obtained in the evaluation, an in-depth
error analysis was conducted on a total of 573 generated sentences, covering all three
experimental conditions. This analysis aimed to discover recurring patterns of failure,
and provide insight into how Llama interprets different types of (AMR) input. In
order to quantify the errors, seven error types were identified. The most frequent error
type was Gesture Information, which accounted for 34.8% of the errors. These cases
typically involved Llama failing to meaningfully incorporate or interpret the gesture
AMR and gesture labels, often resulting in vague outputs. The second most common
error type was AMR Misinterpretation, accounting for 26.5% of the errors. These cases
typically involved Llama failing to accurately interpret the meaning of the speech AMR,
leading to semantically inaccurate sentences. The results indicate that Llama struggles
with interpreting AMR and gesture information, as well as input that is ambiguous.
Based on these findings the prompt was first refined to include more details about
the task, i.e. that it is a block-building task, with the goal of anchoring the model’s
understanding and providing more context. A selection of sentences was chosen to test
the refined prompt, resulting in sentences with more task-relevant vocabulary. For the
second refined prompt it was specifically stated that speech AMR consists of Propbank
framesets and arguments, this did not improve the first refined prompt.

7.2 Limitations

Several limitations were encountered during this thesis, primarily related to the data
and its annotation. These will be discussed in detail in the following section, as well as
limitations regarding the representation of the gesture information.

7.2.1 Annotations

Several issues arose due to misalignments in the annotations, particularly with regard
to time stamps. One frequent problem was that the end time of the speech AMR
often differed slightly from that of the corresponding gesture AMR. To address this, a
temporal margin had to be introduced, which in turn introduced minor inconsistencies
elsewhere. Because of time constraints these inconsistencies were not fixed but had
to be included. In some cases, the AMR annotations were not properly aligned with
the speech itself, which also caused problems. These challenges highlight the inherent
messiness of working with dialogue data. Additionally, it is often difficult to determine
precisely when one gesture ends and another begins, or to assess which gestures are
communicatively meaningful. Future work could aim to improve alignment accuracy,
as cleaner annotations could lead to more reliable and informative analyses.

7.2.2 Gesture Representation

During the experiments, a main question emerged regarding the suitability of repre-
senting gesture using AMR. Specifically, I question whether gesture meaning should
be encoded solely through AMR structures, and whether a combination of AMR and
gesture labels is appropriate for this task. The model often struggled to meaningfully
integrate the gesture AMR with gesture labels. When gesture information was com-
bined with speech AMR, the model appeared to draw partially from both sources, but
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without fully combining them, often resulting in only partially correct outputs. This
suggests that, for this task, an alternative form of gesture representation may be more
effective, perhaps one that visualizes gestures more directly. The current transcription
approach does not seem to adequately capture the intended meaning conveyed by the
gestures. Videos or images might better capture the intended meaning of gestures. In
the current task, participants were able to communicate verbally, which likely influ-
enced the types of gestures they used. It could be valuable to compare this setting
with one in which participants are restricted to gestural communication only. Such
a condition might elicit more informative gestures, which could, in turn, enhance the
model’s ability to interpret them accurately. However, this could take away from the
naturalness of the gestures, which is a key strength of the EGGNOG corpus.

7.2.3 Model

In this section, I briefly discuss the LLM used for the experiments. Specifically, the
model employed was Llama, an LLM that has demonstrated strong performance across
a range of NLU and NLG tasks. However, while analyzing the model’s generated out-
puts and accompanying explanations, it became evident that Llama lacks sufficient
domain-specific knowledge of Propbank and AMR frameworks. This limitation was
apparent in the model’s frequent misinterpretation of AMR structures, Propbank role-
sets, and its tendency to produce inaccurate sentences. To confirm that there is a
lack of Propbank knowledge, Llama was prompted to explain the distinction between
the Propbank framesets 1ook-01 and look-02. The model responded by stating that
“look-01 represents the verb sense of looking at or observing something with one’s
eyes” whereas “look-02 represents the verb sense of searching for something, often
implying a more active or intentional search”. While partially correct, these explana-
tions do not reflect the two distinct verb senses defined by Propbank, suggesting that
the model does not have a reliable understanding of frameset distinctions. This re-
sponse reinforces the conclusion that Llama has not internalized the semantic nuances
necessary to differentiate between closely related verb senses, which is a core require-
ment for accurate AMR-to-text generation. Consequently, it is unlikely that the model
can consistently produce correct sentences based solely on AMR inputs. Given these
constraints, I believe future work should explore the use of LLMs that are explicitly
pre-trained or fine-tuned on AMR-to-text tasks. Such models are more likely to have
internalized the structural conventions of AMR graphs and the distinctions between
various Propbank rolesets. This may result in more semantically accurate NLG.
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Chapter 8

Conclusion

This thesis investigates the NLG ability of an LLM, Llama, using structured semantic
input in the form of speech AMRs, gesture information, or a combination of both. The
study aimed to determine whether the inclusion of gesture information meaningfully
contributes to the model’s performance in this generation task. Across the employed
evaluation metrics, BLEU, METEOR, and BERTScore, the findings consistently show
that the speech-only condition yielded the highest scores, while the gesture-only condi-
tion performed the worst. The multimodal condition did not significantly outperform
the speech-only baseline. These results lead to several key conclusions. Firstly, gesture
information did not improve Llama’s NLG ability. This outcome can be attributed
in part to the limitations of the LLM itself. Llama was not trained on AMR-specific
data and therefore does not show a strong understanding of Propbank rolesets. Both
aspects are crucial for accurately interpreting the semantic structures presented in the
prompts. Without this foundational knowledge, the model struggles to map AMRs
to coherent sentences. Secondly, the way gestures were represented through gesture
labels and gesture AMRs may not have been sufficiently informative or detailed for
the model to leverage effectively. In particular, deictic gestures tend to be ambiguous
without contextual grounding, and when isolated from accompanying visual or spatial
clues, offer limited semantic value. However, these limitations do not prove that gesture
lacks communicative value. Future work could explore the use of LLMs that have been
explicitly trained or fine-tuned on AMR-to-text tasks.

In summary, while gesture information did not enhance the NLG ability in this
thesis, it could be a consequence of model limitations. With more suitable model
architectures, the integration of gesture into semantic generation remains an interesting
field for future research.
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Appendix A

Appendix

Prompt type

Prompt

Gesture

Given the following gesture label(s) and gesture Abstract Mean-
ing Representation (AMR), generate a corresponding sentence
and speech AMR in natural spoken English. Provide a short
explanation. First, read the examples to understand the AMR
format:

Example 1:

Sentence: and you can you can place them close to each other
Speech AMR:

(a/and
:op2 (p/possible-01
:ARG1 (p2/place-01

:ARGO (y/you)

:ARG1 (t/them)

:purpose (c/close-10
:ARG1
:ARG2 (o/other

:mod (e/each))))))

Gesture label(s):

hands: into open, back;

hands: beckon, back;

LH: into closed, right; RH: into closed, up;
arms: apart, left; RH: into closed, left;
hands: shake, left;

Gesture AMR:

(i/icon-GA
:ARGO (s/signaler)
:ARG1 (c/close)
:ARG2 (a/actor))

Example 2:
Sentence: it cannot fall down from the ground right
Speech AMR:

(p/possible-01
:polarity -
:ARG1 (f/fall-01
:ARG1 (i/it)
:ARG3 (g/ground))
:ARG1l-of (r/request-confirmation-91))

Gesture label(s):
head: shake; hands: rotate, open, up;
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Prompt type

Prompt

Gesture

Gesture AMR:

(d/deixis-GA
:ARGO (s/signaler)
:ARG1 (b/block)
:ARG2 (a/actor))

Now, generate a sentence and the corresponding speech AMR
from the following gesture label(s) and gesture AMR and explain
your reasoning. Please provide the output only in json format:

[{"sentence": "Your generated sentence here.",
[{"speech AMR": "Your generated speech AMR here.",
"explanation": "Your explanation here."}]

Speech AMR:

(p/put-01

:mode imperative
:ARGO (y/you)
:ARG1 (b/block
:quant 1)
:ARG2 (b2/block
:mod (b3/back)))

Table A.1: Full prompt for the gesture condition, test sentence “so put put a block on

the back block good”.
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Prompt type

Prompt

Speech+gesture

Given the following gesture label(s), gesture Abstract Meaning
Representation (AMR) and speech AMR, generate a correspond-
ing sentence in natural spoken English. Provide a short explana-
tion. First, read the examples to understand the Abstract Mean-
ing Representation format:

Example 1:

Sentence: on the side with three the one closest to the middle put
another block on top

Speech AMR:

(p/put-01
:mode imperative
:ARGO (y/you)
:ARG1 (b/block
:mod (a/another))
:ARG2 (o/on-top
:opl (02/one
:ARG1-of (h/have-degree-91
:ARG2 (c/close-10
:ARG1 o2
:ARG2 (m/middle))
:ARG3 (m2/most))
:location (03/on
:opl (s/side
:ARGO-of (h2/have
:ARG1 (i2/implicit-role
tquant 3)))))))

Gesture label(s):

body: still;

LA: move, left; LH: into open, front;
body: still;

LH: into point, front;

body: still;

Gesture AMR:

(d/deixis-GA
:ARGO (s/signaler)
:ARG1 (s2/side)
:ARG2 (a/actor))
(d/deixis-GA
:ARGO (s/signaler)
:ARG1 (b/block)
:ARG2 (a/actor))

Example 2:
Sentence: now these are a little jiggled
Speech AMR:

(j/jiggle-01
:ARG1 (t/these)
:mod (1/1ittle))

Gesture label(s):

head: nod; LA: move, back;

RA: move, up; RH: shake, down, open;
RA: move, front; RH: into point, down;
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Continuation of the table above

Prompt type Prompt

Speech+gesture Gesture AMR:

(e/emblem-GA
:mode expressive
:ARGO (s/signaler)
:ARG1 (y/yes)
:ARG2 (a/actor))
(i/icon-GA
:mode expressive
:ARGO (s/signaler)
:ARG1 (j/jiggle-01)
:ARG2 (a/actor))
(g/gesture-unit
:opl (i/icon-GA
:mode expressive
:ARGO (s/signaler)
:ARG1 (j/jiggle-01)
:ARG2 (a/actor))
:op2 (al/and
:opl (d1/deixis-GA
:ARGO s
:ARG1 (b1/block)
:ARG2 a)
top2 (d2/deixis-GA
:ARGO s
:ARG1 (b2/block)
:ARG2 a)))

Now, generate a sentence from the following gesture label(s), ges-
ture AMR and speech AMR and explain your reasoning. Please
provide the output only in json format:

[{"sentence": "Your generated sentence here.",
"explanation": "Your explanation here."}]

Gesture label(s):

RA: move, front; RH: point, front; RA: move, down; RH: into
claw, down; RA: move, up; RH: into point, front; Gesture AMR:

(d/deixis-GA
:ARGO (s/signaler)
:ARG1 (1/location)
:ARG2 (a/actor))

Speech AMR:

(p/put-01
:mode imperative
:ARGO (y/you)
:ARG1 (b/block
:quant 1)
:ARG2 (b2/block
:mod (b3/back)))

Table A.2: Full prompt for the speech and gesture condition, test sentence “so put put
a block on the back block good”.
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