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Abstract

Conversational agents are becoming more widespread, varying from social to goal-
oriented to multi-modal dialogue systems. However, for systems with both visual
and spatial requirements, such as situated robot planning, developing accurate goal-
oriented dialogue systems can be extremely challenging, especially in dynamic envi-
ronments, such as underwater or first responders. Furthermore, training data-driven
algorithms in these domains is challenging due to the esoteric nature of the interac-
tion, which requires expert input. We derive solutions for creating a collaborative
multi-modal conversational agent for setting high-level mission goals. We experi-
ment with state-of-the-art deep learning models and techniques and create a new
data-driven method (MAPERT) that is capable of processing language instructions
by grounding the necessary elements using various types of input data (vision from
a map, text and other metadata). The results show that, depending on the task,
the accuracy of data-driven systems can vary dramatically depending on the type
of metadata and the attention mechanisms that are used. Finally, we are dealing
with low-resource expert data and this inspired the use of the Continual Learning

and Human In The Loop methodology with encouraging results.
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Chapter 1

Introduction

Collaboration between human experts and remote mobile robots is highly challeng-
ing, particularly in fast-moving dynamic environments, such as high-stakes first re-
sponder scenarios or offshore energy platform inspection (Hastie et al., 2018a). The
goal of this thesis is to explore methods for collaborative multi-modal robot plan-
ning in the form of a conversational agent (CA), using both visual and natural
language interaction (see Figure 1.1). In this work, we focus on the emergency re-
sponse domain with unmanned systems (henceforth referred to as UXV). Experts in
this domain typically create a plan for vehicles using a visual interface on dedicated
hardware on-shore, days before the mission. This planning process is complicated
and requires expert knowledge. We present a ‘planning assistant’ that is able to
encapsulate this expert knowledge and guide the user through the planning process
using natural language multi-modal interaction. To deal with processing natural
language instructions and grounding information with a variety of input data (vi-
sion from a map, text and other metadata), we investigate various state-of-the-art
(SOTA) deep learning models and methodologies, so as to develop a new data-
driven method (MAPERT). This will allow for more efficient planning and reduce
operator training time. Due to the intuitive nature of language, it will also allow
for anywhere access to planning and, importantly, in-situ replanning in fast-moving
dynamic scenarios.

Controlling remote mobile robots presents a new opportunity for human-robot
interaction but with new challenges. CAs are becoming more widespread, varying
from social (Li et al., 2016a) and goal-oriented (Wen et al., 2017) to multi-modal
dialogue systems, such as for the Visual Dialogue Challenge (Das et al., 2017), where

an Al agent must hold a dialogue with a human in natural language about a given
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visual content. In systems with both visual and spatial requirements, such as situ-
ated robot planning (Misra et al., 2018), developing accurate goal-oriented dialogue
systems can be extremely challenging. This is further compounded in the context

of remote robots, especially ones we cannot see, such as Autonomous Underwater

Vehicles (AUV).

SYSTEM: "Hi this is Hermes the chatbot. Please state
you instruction.'
SYSTEM:

USER  : ‘make a survey area 100m from the shore'
SYSTEM: "100m south from the shore?'

USER : yes, south of glyfada beach’

SYSTEM: "Got it.'

SYSTEM:

Figure 1.1: Dialogue excerpt from the system presented in Chapter 3 and the cor-
responding images.

In situated collaborative planning, each user must be able to comprehend the
environment at hand and referring expressions need to be carefully selected and
verified, to avoid perceiving the environment in different or contradictory ways,
especially if the shared environment is ambiguous (Fang et al., 2013). Therefore,

to achieve collaboration between an agent and a human on a specific context, an
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agent needs to be able to understand situated instructions and ground them in the
environment as it is being perceived by the human expert, so as to make decisions
and plan together successfully. Hereinafter, challenges on the expert domain of

emergency response with UXV are discussed.

1.1 Motivation

Robots and autonomous systems (RAS) are becoming commonplace for tasks where
it is dangerous for humans to go, such as deep underwater. These systems may
be deployed for inspection or emergency response in off-shore energy installations,
defence or search and rescue (Kwon and Yi, 2012; Nagatani et al., 2013; Shukla and
Karki, 2016; Wong et al., 2017). Imminently, teams of remote robots will be required
to inspect remote off-shore platforms or act in first responder scenarios (Hastie et al.,
2018b). Rich structured data, such as plans of buildings, detailed maps or charts
(e.g. Electronic Navigational Charts (ENC) or OpenStreetMaps (OSM)) are the key
for successful deployment of RAS in these scenarios.

OSM are a crowdsourced collection of editable maps of the world. The data
is available under the Open Data Commons Open Database Licence (ODbL) and
has been broadly used for prior research studying reference resolution, landmark
salience or geographical dialogue systems (Gotze and Boye, 2016; Hentschel and
Wagner, 2010; Haklay and Weber, 2008). It is a collection of publicly available,
layman-friendly geodata (see Figure 1.2). As well as OSM, in the work described
here we also use ENC, which are the official databases created by the National Hy-
drographic Office for use with an Electronic Chart Display and Information System
(ECDIS) and must conform to certain standards before being certified as an ENC
(see Figure 1.2). ENCs are considerably denser than the OSM and typically readable
only to experts, such as maritime operators.

In the work described here, such structured geodata act as the “world” of in-
teraction in the domain of inspection and emergency response. However, geodata
is not typically easily digestible to humans, which can be particularly problematic
in fast-moving collaborative scenarios such as emergency response, where there are

a variety of stakeholders and players. Thus, the objective is to have CAs collabo-
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Figure 1.2:  OpenStreetMap (OSM) map above and an Electronic Navigational
Chart (ENC) chart below (Sources: https://www.openstreetmap.org/ and https:
//charts.noaa.gov/InteractiveCatalog/nrnc.shtml respectively).
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rate with human experts and act as “mediators” between these remote robots and
humans. This will allow faster, improved action execution and self-organisation
of teams of robots. Commonly, these robots have been remotely operated by hu-
mans and this new dynamic requires a shift from user-manipulation of a tool to a
collaborative relationship between human and machine (Phillips et al., 2011).

Despite the recent advances of CAs (Chai et al., 2016; Serban et al., 2016a),
there have been few CAs performing such tasks in the real world (e.g. security
agents, healthcare assistants, tutors etc.), with most of them offering pure unimodal
social interaction, such as Alexa (Lopatovska et al., 2019) or DeepProbe (Yin et al.,
2017), which are able to execute limited actions in the real world (e.g. switching on
a light). There has been prior work on multi-modal interfaces, whereby a human
can interact with voice, images or text and have a CA respond through multi-modal
output (e.g. vision and voice/text), thus situating interaction in a common ground
allowing faster and less error-prone communication (Hastie et al., 2017a; Oviatt
et al., 2004). However, real world interaction comes with high risk, especially on
high stake domains, such as emergency response with UXV, where expert knowledge
is required and prediction errors can have catastrophic consequences.

UXVs represent a wide variety of unmanned vehicles: (1) Unmanned Aerial
Vehicles (UAV); (2) Unmanned Surface Vehicles (USV); (3) Unmanned Ground
Vehicles (UGV); (4) Unmanned Underwater Vehicles (UUV), which are divided in
Remotely Operated Underwater Vehicles (ROUV) and Autonomous Underwater
Vehicles (AUV) (see Figure 1.3). In this thesis, our conversational agent will work
with planning software called SeeTrack provided by our industrial partner SeeByte,
who mainly focus on maritime autonomy, such as AUV and USV. Hastie et al.
(2017b) propose MIRIAM, a prototype spoken dialogue system, with a command
and control (C2) interface that uses natural language and visual imagery to interact
with several remote UXV. MIRIAM can provide operators with alerts, updates and
explanations of events in a mixed-initiative conversation along with processing and
acting on them. However, it is not built to understand complex structured data,
such as ENC or OSM, and cannot work in unison with human experts on in-situ

replanning in fast-moving dynamic environments.
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Figure 1.3: Examples of UXV. A: Autonomous Underwater Vehicle (AUV); B: Un-
manned Aerial Vehicle (UAV); C: Remotely Operated Underwater Vehicle
(ROUV); D: Unmanned Surface Vehicle (USV) E: Unmanned Ground Vehicle
(UGV) (Sources: https://www.pngegg.com/, https://clearpathrobotics.com/
husky-unmanned-ground-vehicle-robot/).

1.2 Challenges Addressed in this Thesis

After establishing the domain and goal of this thesis, in this section certain chal-
lenges, that arise due to the limited availability of information on low resource
domains, are discussed below:

1. Planning and executing in human-robot teams (Chapter 3): In the
real world and more specifically in high risk scenarios, generating safe and effi-
cient plans for remote robots and being able to communicate them through nat-
ural language and visualisation, is a complex task that has not been achieved
yet (Hastie et al., 2019). It requires SOTA situation awareness comparable or
better than that of a human expert. In an effort to understand how a mediator
CA would work, a thorough investigation on the way human experts would

collaboratively make plans via a CA is explored in Chapter 3.
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2. Data scarcity (Chapters 3 and 4): Being able to learn from limited
amounts of data and generalise to unseen environments, is a consistent is-
sue with low resource expert domains. It is challenging to predict how an
algorithm would operate in these dynamic domains and what language oper-
ators would use. This effectively means that not only do we not have enough
information in order to build Natural Language Processing (NLP) algorithms
for these domains, but we also cannot outsource data collections to collect an-
notated data in order to train data-driven systems. To overcome this barrier,
interaction with real experts needs to be examined, so as to acquire relevant
information before attempting to work on an NLP algorithm for understanding
situated instructions (Chapters 3 and 4).

3. Understanding the semantics of structured data (Chapter 5): Un-
derstanding the semantics of a world represented by maps, images or other
metadata is crucial because otherwise it would be impossible to infer the
world that the natural language instruction is referring to. Essentially reading
maps includes the following subtasks: (1) landmark grounding: the subtask
of grounding any language expression from the instruction to a real world
landmark or entity, e.g. “send huskyll 62m to the west direction”; (2) spatial
relation grounding: the subtask of understanding spatial relations in the en-
vironment, such as the “bearing” or direction from one landmark to an other,
e.g. “send drone to southern end of pond22”. This is investigated thoroughly
in Chapter 5.

4. Generalisability (Chapter 6): An expert domain by definition comes with
specialised features and characteristics that only a few trained human experts
are able to process. This implies that for expert domains, specialised algo-
rithms are needed, compared to non-expert domains that may share solutions
with minor adjustments. A generalisable NLP algorithm that can be tested in
more than one expert domain can provide important insights on the capabil-
ities of the said algorithm. To investigate this, our instruction understanding
algorithm is tested across multiple domains in Chapter 6.

5. Adaptivity to new challenges (Chapter 7): It would be overly expensive,

if a new solution needed to be produced every time new challenges arose, or
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as the requirements of experts change. In an effort to avoid having to build a
system from scratch and to save time and resources, Chapter 7 looks into the
possibilities of continual learning with human intervention using the Human-

In-The-Loop (HITL) learning framework.

1.3 Research Questions

The main research question of this thesis is thus:
“Can a multi-modal agent act as a ‘mediator’ between expert operators and remote
UXV, by understanding situated instructions for inspection and emergency response
scenarios?”
Following, this research question is broken down into finer-grained questions and
then will be addressed in turn in this thesis.
1. How to address the challenge of data scarcity on low-resource expert domains,
such as when working with Autonomous Underwater Vehicles (AUV) (Chap-
ters 3 and 4)7
2. How do we develop an end-to-end neural model that understands natural lan-
guage instructions referring to entities on maps/charts, i.e. that can read maps
(Chapter 5)?
3. Is the end-to-end model, developed in (2), task-specific or does it generalise to
new tasks (Chapter 6)7
4. How do we embed the model in (2) into a Human-In-the-loop framework for

continual improvement through short interactions with experts (Chapter 7)?

1.4 Contributions

This thesis seeks to develop novel approaches to address the research questions pre-

sented in the previous section. Its contributions are depicted on Table 1.1.
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Introduction

Research Question

Finding

RQ1
(Ch.3&4)

How to address the chal-

lenge of data scarcity
on low-resource  expert
domains, such as when

working with Autonomous
Underwater Vehicles

(AUV)?

Identified the importance of object ref-
erencing on the emergency response do-
main for successful interaction during mis-
sion planning. User feedback showed that
multi-modality is key to successful interac-
tion. Output, include three datasets, one
from a Wizard of Oz study, one based on
maps (ROSMI) and one based on charts
(RENCI).

RQ2
(Ch.5)

How do we develop an end-
to-end neural model that
understands natural lan-
guage instructions referring
to entities on maps/charts,
i.e. that can read maps?

Findings include a novel, end-to-end, deep
learning model (MAPERT) that enables
multi-modal fusion of features, is capable
of processing situated language instruc-
tions and ground them on different envi-
ronments, such as OSM maps, using var-
ious types of input data, and can do so
for maps and charts that it has not seen
before.

RQ3
(Ch.6)

Is the end-to-end model, de-
veloped in (2), task-specific
or does it generalise to new
tasks 7

Findings are that the task itself and the
input features can greatly affect the per-
formance of the model, regardless of the
dataset, but with the core of MAPERT
intact and minor modifications we can

achieve desirable performance in new
tasks or domains (hybrid-MAPERT).

RQ4
(Ch.7)

How do we embed the
model in (2) into a Human-
In-the-loop framework for
continual improvement
through short interactions
with experts?

The model in (2) can be improved over
time using the HITL framework with syn-
thetic annotated data without the inter-
vention of an engineer.

Table 1.1: Research questions and findings across chapters.
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1.5 Publications

Part of the work presented here has been published and presented in peer-reviewed
conferences and workshops:

1. Miltiadis Marios Katsakioris, Helen Hastie, loannis Konstas, Atanas Laskov.
Corpus of Multi-modal Interaction for Collaborative Planning. In Proceedings
of the SpLU-RoboNLP 2019 Workshop in conjunction with the 2019 Annual
Conference of the North American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies (NAACL-HLT 2019), Min-
neapolis, USA (2019).

2. Miltiadis Marios Katsakioris, loannis Konstas, Pierre Yves Mignotte, and He-
len Hastie. ROSMI: A multi-modal Corpus for Map-based Instruction-Giving.
In Proceedings of the 2020 International Conference on Multi-modal Inter-
action (ICMI'20). Association for Computing Machinery (ACM), New York,
NY, USA (2020).

3. Miltiadis Marios Katsakioris, [oannis Konstas, Pierre Yves Mignotte and Helen
Hastie. Learning to Read Maps: Understanding Natural Language Instruc-
tions from Unseen Maps. In Proceedings of the Combined Workshop on Spatial
Language Understanding (SpL.U) and Grounded Communication for Robotics
(RoboNLP). Association for Computing Machinery (ACM), Bangkok, Thai-
land (2021).

4. Miltiadis Marios Katsakioris, Yiwei Zhou, Daniel Masato. Entity Linking in
Tabular Data Needs the Right Attention. [UNDER REVIEW] (2022) (see
Appendix C).

1.6 Thesis Overview

The remainder of the thesis is organised as follows:

e Chapter 2 discusses the background; it introduces the symbol grounding
problem and how it relates to situated dialogue. It provides essential termi-
nology of conversational agents, language grounding, referring expressions and
continual learning. Previous works using the Wizard of Oz methodology ex-

plores the task of GPS prediction and SOTA methods on visual grounding.
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Last, but not least, the chapter concludes with an overview of the Human-in-
the-loop learning framework as a way of continual learning and similar datasets
and tasks on instruction giving and navigation.

e Chapter 3 describes the two-wizard WoZ study, as part of RQ1, to investi-
gate the way human operators would collaboratively make plans with a CA
“mediator” that controls UXV remotely.

e Chapter 4 introduces a new challenge, Robot Open Street Map Instructions
(ROSMI)!, a task and a rich multi-modal dataset of map and instruction un-
derstanding with the goal of advancing reference resolution and creating an
NLP algorithm that can translate situated natural language instructions to
GPS locations for UXV (RQ2). In addition, it introduces a synthetically gen-
erated dataset (RENCI)?, similar to ROSMI but based on ENC, as a continu-
ation of the study done in Chapter 3. The code and data are freely available.

e Chapter 5 develops an end-to-end data driven model (MAPERT)? for pre-
dicting GPS goal locations from a map-based natural language instruction that
is able to understand instructions referring to previously unseen maps (RQ2).
It presents the experimental methodology, and ablation and an error analysis.

e Chapter 6 examines the performance of the NLP algorithm developed in
Chapter 5, with various input metadata on a new task and shows the results
of an ablation study (RQ3). Furthermore, it presents an evaluation on the
synthetically generated dataset RENCI described in Chapter 4, together with
minor modifications of MAPERT necessary to achieve high performance.

e Chapter 7 aims to evaluate MAPERT with real human subjects and, coming
from the field of Continual and Human In The Loop learning (HITL), to
answer whether it improve online by incorporating human interaction into the
learning process (RQ4).

e Chapter 8 summarises the main findings and contributions of this thesis and

suggests possible avenues for future work.

https://github.com/marioskatsak/rosmi-dataset
’https://github.com/marioskatsak/renci-dataset
Shttps://github.com/marioskatsak/mapert
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Chapter 2

Literature Review

This chapter provides an overview of conversational agents and how situated in-
struction understanding has been explored by the research community. Details are
provided of the common datasets and methods used in vision-language grounding
and GPS location prediction. In addition, a broad overview of the use of attention
mechanisms in vision-language tasks is given and last but not least, Human In The
Loop (HITL) learning is introduced and how it is being used by the community to
train low resource data.

The aim is to give an introduction to conversational agents and situated dialogue,
so as to provide a background to readers who are less familiar with interactive
systems in the form of agents. Instruction understanding is explored together with
vision and language grounding for GPS prediction, in order to get a wider perspective
on the NLP algorithms that can solve spatial challenges in dynamic environments,
such as the environment of our domain of AUVs. Focusing on methods, such as
transfer learning and HITL learning, so as to alleviate the low resource challenge of
expert domains.

Section 2.1 goes into further depth about conversational agents, the symbol
grounding problem, and how it relates to situated dialogue. Following that, Sec-
tion 2.2 delves into visual and language grounding, instruction comprehension, and
the challenge of GPS prediction. Then, in Section 2.3, the constraints of expert do-
mains are examined and the Human-in-the-Loop (HITL) Learning Framework and

Transfer Learning are discussed. Finally, Section 2.4 summarises the chapter.
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2.1 Conversational Agents & Situated Dialogue
Systems

Natural language provides a powerful interface for interaction between humans and
robots. Hence, an agent that can understand and follow instructions is one of the
longstanding challenges of Al, first introduced during the 70s as SHRDLU (Wino-
grad, 1972). Turn-based conversational agents try to comprehend the world and
communicate with users in natural language and fall into two categories as described
by Jurafsky and Martin (2000):

e Goal-oriented, systems that use conversation with users to help complete
tasks. Some examples are finding restaurants, answering questions, giving
directions or controlling appliances.

e Chat-oriented, systems designed for extended conversations, set up to mimic
the unstructured conversations mainly for entertainment, “chit-chat”, or mak-
ing goal-oriented agents speak more natural.

Both Goal-oriented and Chat-oriented systems have the ability to converse in a
dialogue with a user. A dialogue is a sequence of turns usually between a system
and a human. Depending on the capabilities and needs of the system, the initiative of
the dialogue might be controlled by the user, user-initiative, the system, system-
initiative or both, mixed-initiative, which tend to be the most complex systems
because of their dynamic nature. As Austin (1962) noted, an utterance in a dialogue
is kind of an “action” performed by the speaker. These actions are called speech
or dialogue acts. Example dialogue act types categorised in three groups, adapted
from the ISO (24617-2:2012) standard for dialogue act annotation, are shown below:

e Generic (conversational acts): wait, ack, affirm, yourwelcome, thankyou, bye,
hello, repeat, praise, apology.

e Informative: inform, negate, delete, create, correction.

e Request: request, enqmore.

Since dialogue is a sequence of acts, it is crucial for the participants to establish com-
mon ground, through grounding. Participants continuously ground each other’s
utterances, which can be explicit e.g. saying “OK”, or by repeating what the other

person says (Jurafsky and Martin, 2000). This is different from visual grounding,
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which is the task of locating an object instance referred by the participants in the
conversation. Since chat-oriented systems are out of this thesis’s scope, in the next

subsection, we focus on goal-oriented dialogue systems.

LEAVING FROM DOWNTOWN 0.8 { from: downtown } 0.5
LEAVING AT ONE P M 0.2 { depart-time: 1300 } 0.3
BRRIVING AT CNE P M 0.1 { arrive-time: 1300 } 0.1 | e - —— — 1
. —L 1
W 3 a A 1
Automatic Speech . Spoken Language | _| Dialog State 1
Recognition (ASR) I " Understanding (SLU) J | Tracker (DST) :
1
1

to: alrport
depart-time: --

4 confirmed: no
score: Q.65

l |I from: downtown

| score: 0.15 ‘

IS5 THAT RIGHT? @ from: downtown

- =~
|‘ ‘ Natural Language _ |
Text to Speech (TTS) & ‘ Generatian (NLG) < Dialog Palicy

Figure 2.1: Overview of a Dialogue-state architecture for goal-oriented dialogue
systems (Williams et al., 2016).

FROM DCWNTOWN, { act: confirm } v
e .

2.1.1 Goal-oriented Dialogue

Broadly there are two lines of work applying machine learning to dialogue control.
The first one includes systems for goal-oriented dialogue that are based on the
dialogue-state architecture (Levin et al., 2000; Singh et al., 2002; Williams, 2008; Lee
et al., 2009; Li et al., 2014). Figure 2.1 shows the six components of this architecture.
The first and last component, the Automatic Speech Recognition (ASR) and Text
to Speech (TTS) components are out of the scope of this thesis. The remaining
components are the following:

The Natural Language Understanding (NLU) or Spoken Language Under-
standing (SLU) is used for extracting slot values from the user’s utterance either by
machine learning or hand-crafted rules. The next component, the Dialogue State
Tracker (DST) maintains the current state of the dialogue, which usually includes
the user’s most recent dialogue act, dialogue history, and the entire set of slot-values

the user has expressed so far. Following DST, is the Dialogue Policy (DP) an
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“action” policy that decides what the system should do or say next. In the liter-
ature, DST and DP are represented together as the Dialogue Manager (DM).
Finally, there is the Natural Language Generation (NLG) component, which
is responsible for synthesising the utterance of the next turn. In the aforementioned
works, the policy depends on the DST to summarise observable dialogue history into
state features, which requires design and specialised labelling. The second, more re-
cent line of work, takes a different approach and instead of a dialogue architecture,
tries to learn “end-to-end” deep learning models, which map from an observable
dialogue history directly to a sequence of output words. The most broad are, either
Recurrent Neural Network (RNN) based (Serban et al., 2016b; Shang et al., 2015;
Mei et al., 2017; Lowe et al., 2017; Luan et al., 2016) or transformer based (Wolf
et al., 2019; Haihong et al., 2019; Gou et al., 2021; Le et al., 2019; Yang et al.,
2021). These systems can be applied to goal-oriented domains by adding “APT call”
actions, enumerating database output as a sequence of tokens. Eric et al. (2017)
use copy-augmented networks and the RNN learns to manipulate entity values, by
saving them in a memory and being able to retrieve them when needed. Output is
produced by generating a sequence of tokens, which can also come from a memory
or by ranking all possible surface forms and picking the one with the highest proba-
bility. Hybrid methods, such as the Hybrid Code Networks (HCNs) (Williams et al.,
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Figure 2.2: An overview of the Hybrid Code Networks architecture. Trapezoids refer
to programmatic code, and shaded boxes are trainable components (Williams et al.,
2017).
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2017), try to combine the best of both worlds (Figure 2.2 shows the architecture).
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HCNs use an RNN to accumulate dialogue state and choose actions. However, HCNs
differ in that they use hand-crafted action templates, which can contain entity ref-
erences, i.e. “Do you mean < city >7". This design reduces learning complexity and
also enables the software to limit which actions are available via an action mask,
at the expense of human effort. In addition, HCNs are trainable via Reinforcement
Learning (RL) as well, in comparison to past end-to-end recurrent models, which

can be trained using supervised learning alone.

2.1.2 Incremental Dialogue

Data-driven goal-oriented dialogue systems are generally turn-based and do not sup-
port natural, everyday incremental dialogue processing. Such systems often cannot
process naturally occurring incremental dialogue phenomena, such as mid-sentence
restarts and pauses, or sub-dialogues (Howes et al., 2009). Incremental dialogue sys-
tems, instead of being turn-based, process the dialogue word-by-word, have shown
reduced latency and to be beneficial and more natural for users (Skantze and Hjal-

marsson, 2010). Incremental systems express the phenomenon of Compound Contri-

eVenl_grrive €y CVENl_grrive €5
evenl=qryive L€y 14 1 =today(event) t P 1 =today(event) 4
event s e, P 1 =today(event) 1 P2:pres(evem) 1 pZ:prex(went) t
p 1 —today(event) st Land p 2: pres(event) : t = X=robin s e g X=robin - e
X=robin - e p3:subj(even1,x) t p:xuhj(event,x) 14
4 3:suh jevent,x) it x1 . e x1 =Sweden . e
[)3 =from(event,x1) it 173 =from(event,x1) it
“A: Today” - “..Robin arrives” - “B: from?” > “A: Sweden”

Figure 2.3: Incremental interpretation via Type Theory with Records (TTR) sub-
types (Eshghi et al., 2012), an extension of standard type theory used in semantics
and dialogue modelling (Cooper, 2005).

butions (CCs), that is contributions in dialogue (and act as NLU parsers and NLG
generators), which continue or complete earlier contributions, resulting in a single
syntactic or semantic unit built across multiple contributions by one or more speak-
ers (Purver et al., 2014). The incremental semantic parser for dialogue processing
Dynamics of Language (DyLan) (Eshghi et al., 2011; Purver et al., 2011) imple-
mentation is an example of incremental formalism. Since incremental dialogue can
be indefinitely extended, it naturally allows for representing incrementally growing

meaning representations as more words are parsed or generated. Therefore, mod-
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elling dialogue based on explicit linguistic representations, such as a formal semantic
grammar, can have an advantage for low-resource dialogue systems due to the in-

corporated prior knowledge (Shalyminov, 2020).

2.1.3 Pipeline, Incremental and End-to-end Methods

The aim of RQ1, is to address the low-resource expert emergency response domain
with UXV and create a planning system that can converse with human experts. One
challenge, if the aforementioned incremental models were to be used, would have
been how to leverage the extra modalities, i.e. images and metadata of maps with
GPS locations. Yu et al. (2016) explore integrating an incremental framework, i.e.
DS-TTR (see Figure 2.3), with a set of visual classifiers, so as to ground the meaning
representations produced during an interactive multi-modal dialogue system.
Advantages and disadvantages of pipeline and end-to-end methods (Chen et al.,
2017; Shalyminov, 2020) are discussed below:

e Pipeline approaches have proven to be reliable, but they are difficult to scale
to new domains. It is hard to manually encode all of the features and slots
that might be used during a dialogue. Data-driven, end-to-end approaches, on
the other hand, transcend these restrictions because all of their components
are directly trained on conversational data, with no assumptions about the
domain or dialogue state structure, allowing scaling up to new domains if the
data is available. The ease of adaptation to new domains with different or
similar input features is examined when answering RQ3.

e End-to-end based dialogue systems commonly rely on huge amounts of conver-
sational annotated data and structured knowledge bases. These systems learn
to talk by repeatedly replicating a response. Regardless of how effective that
type of learning is, the responses may be bland and meaningless. A deeper
awareness of the real world, as well as the capacity to ground concepts on that
environment, is one method to help end-to-end agents learn more successfully.

e Trustworthiness can be an issue with end-to-end methods since their outputs
can be quite unpredictable and their methods black boxes, compared to tem-
plated pipeline methods. Especially for domains, such as RAS, unexpected

and unexplainable outcomes could be very costly. This is the reason why
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in the industry they still rely mostly on pipeline or hybrid methods, instead
of end-to-end for goal-oriented dialogue (Williams et al., 2017; Hastie et al.,
2018a).

2.2 Situated Dialogue

In situated dialogue, the environment of interaction may be perceived differently
from human to human, meaning that these referring expressions need to be care-
fully selected and verified, especially if the shared environment is ambiguous (Fang
et al., 2013). Situated dialogue covers multiple aspects of interaction. These include:
situated natural language processing (Bastianelli et al., 2016); situated reference
resolution (Misu, 2018); language grounding (Johnson et al., 2017); visual question
answer /visual dialogue (Antol et al., 2015); dialogue agents for learning visually
grounded word meanings and learning from demonstration (Yu et al., 2017); and
natural language generation (NLG), e.g. situated instructions and referring expres-
sions (Kelleher and Kruijff, 2006; Byron et al., 2009).

RQ2 focuses on situated instructions, utterances in high-level natural language
that are interpreted within a real-world context. Words in these utterances are
symbols representing real objects, spatial relationships and actions on a specific
context. The ability to associate language with real-world context (such as, objects,
events, and actions) allows language users to work collaboratively on tasks, establish
shared beliefs about the environment, and learn from others’ experiences through
linguistic communication.

However, due to the symbol grounding problem (Harnad, 1990), it has been a
challenge that is yet to be solved without making simplifying assumptions. How do
symbols (words, pictures) get their meanings? How can the meaning interpretation
of a symbol system be made intrinsic to the system, rather than just a set of meanings
for parroting in our heads?

The grounding problem can be categorised into two challenges: (1) the agent
needs to learn to ground (map) Natural Language (NL) symbols onto their existing
perceptual and lexical knowledge, such as a dictionary of pre-trained classifiers (Sil-

berer and Lapata, 2014; Thomason et al., 2016; Matuszek et al., 2014); (2) the agent
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must learn both the perceptual categories themselves and also how NL expressions
map to these without any prior knowledge of perceptual categories (Skocaj et al.,
2016; Yu et al., 2016, 2017).

Bisk et al. (2020) define five levels of “World Scope (WS)”, so as to examine
whether meaning arises from the use of language to communicate, rather than the
statistical distribution of words. Corpus based representations (WS1) is the
scope in which words are represented by other words from a collected and annotated
corpus. The written world (WS2), extends this to every text that is accessible
online. Despite the quantity of the data and advances in NLP algorithms (Devlin
et al., 2019), Van Schijndel et al. (2019) analyse that text pretraining seems to have
reached a plateau. Following, vision and language (WS3) includes learning from
other forms of data, such as visual data. O’Grady (2005) and Vigliocco et al. (2014)
pose that children require perception in order to learn language. Despite the fact
that an agent in this scope can demonstrate better generalisation to WS2 agents, it
will not be able to answer, for instance, the question “Which object will fall faster,
1g of a metal square or 1g of paper square?”. To solve that, research on the next
scope started growing, embodied agents (WS4), that can act either in a virtual
world (Tan et al., 2019; Bisk et al., 2018a) or the real world (Tellex et al., 2020) and
can learn to generalise by acting in the world and getting “unlimited” feedback from
the environment. Despite the complexity of the aforementioned WS, their training
data does not provide signals hypothesising people’s beliefs, perceptual abilities,
and mental states in order to reduce perplexity or increase accuracy (DeVault et al.,
2006). The social world (WS5) entails participating in linguistic activities, such
as negotiation (Lewis et al., 2017) and collaboration (Chai et al., 2016), to learn
about the influence language has on the world. Following the world scopes, Bisk
et al. (2020) claim that language is not learnt just from text found on the internet
(WS2), or just from videos (WS3) or just by acting on our own (WS4), but through
interpersonal communication as well (WS5).

That being said, in the emergency response domain with UXV, described in
this thesis, successful collaboration between human experts and the agent (WS5) is
key. The environment of interaction is highly complex and dynamic, meaning that

without the right inference, language grounding would be error-prone and could have
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serious consequences. Multi-modality is a necessity in this particular Command and
Control (C2) task, since without visual stimuli of the scenario at hand, communica-
tion would be challenging. The goal of RQ1 and RQ2 is to address the complexity
of tasking UXV, thus understanding the semantics of spatial relations and ground-
ing expert language correctly via multi-modal signal (WS3). Surpassing the SOTA
in language grounding is not the direct goal but rather a biproduct of making an
NLP algorithm for fully autonomous collaboration between human experts and CA

(WS5).

2.2.1 Grounding for Remote Vehicle Control

Language grounding refers to interpreting language in a situated context and in-
cludes collaborative language grounding towards situated human-robot dialogue
(Chai et al., 2016), city exploration (Boye et al., 2014), as well as following high-
level navigation instructions (Blukis et al., 2018). Lemon et al. (2001) present the
WITAS dialogue system as introductory research for multi-modal conversations with
autonomous mobile robots. They argue that human-robot interaction raises new
challenges in comparison to previous work in dialogue systems in the travel-planning
domain, in that the system must be mixed-initiative, asynchronous, open-ended, and
involve a dynamic environment. Their dialogue manager is handling multi-modal
input from the user, such as gestures, and UAV reports and questions, as well as
sending speech and graphical outputs to the operator. However, the demonstrated
system is strictly rule-based which limits generalisability and, most importantly,
the understanding of maps and grounding natural language instructions to maps is
out of the scope of that research. This thesis is concerned with situated instruc-
tion understanding for controlling remove vehicles, with RQ2 and RQ3 in particular,
aiming at: 1) reading maps/charts and understanding natural language instructions,
so as to plan missions for UXV; 2) being generalisable towards different tasks and
environments (maps that do not belong in the nautical domain).

Mapping instructions to low-level actions has been explored in structured en-
vironments by grounding visual representations of the world and text onto actions
using RL methods (Misra et al., 2017; Xiong et al., 2018; Huang et al., 2019). Works

of this nature have been extended to controlling RAS through natural language in-
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struction in a 3D simulated environment (see Figure 2.4) (Ma et al., 2019; Misra
et al., 2018; Blukis et al., 2019), mixed reality (Huang et al., 2019) and using imita-
tion learning (Blukis et al., 2018; Shridhar et al., 2021a). These methods attempt
to predict a goal location and generate actions that control a UAV, given a natu-
ral language instruction, a world representation and/or robot observations. These
prior works use raw pixels to generate a persistent semantic map from the system’s
line-of-sight image. In the domain of AUVs, usually the environment of interaction
is a map/chart, such as Electronic Navigational Charts (ENC), and maps are com-
pilation of structured metadata. A question arises, relevant to RQ2, on whether
the structure of these data can be leveraged, combined or standalone with the raw
pixels of the maps, when grounding natural language instructions to the world of

interaction.

Figure 2.4: Example of mapping instructions to actions from the 3D simulated
environment LANI (Misra et al., 2018). The agent Excerpt of the instructions
segmented with colours: “Go around the pillar on the right hand side and head

2

towards the boat, circling around it clockwise....”.

Hemachandra et al. (2014) explore an algorithm that learns human-centred envi-
ronment models by combining natural language descriptions with image/laser-based
scene classification. The representation of topological and semantic maps is done
through semantic graphs. Probabilistic graphical models have been used extensively
for incorporating information about the semantics of the environment (Persson et al.,

2007; Tellex et al., 2011a).
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Tellex et al. (2011b) used a syntactic parsing approach that learns from a corpus
of data, so as to construct a graphical model that grounds language into actions
executed on a robotic forklift, e.g. move, pickup. Another interesting approach
using graphical models is presented by Kollar et al. (2010), where they propose a
system that predicts the most probable path through the environment by following
natural language directions and extracting a sequence of “spatial description clauses”
from the input and, using only information from the environmental geometry and
detected visible objects

Blukis et al. (2018) tackle understanding navigational instructions using imita-
tion learning. Key to their approach is building a semantic map of the environment
within a neural network model. Their semantic map, a differentiable 3d vector, is
part of a bigger neural network architecture and can save observed locations in the
world in feature vectors. This approach comes with the advantage that it does not

require maintaining a distribution over similar maps.

2.2.2 Grounding Referring Expressions

Referring Expressions (RE) can be noun phrases of any structure, such as ‘cup on
the table’ in “Bring me the cup on the table” (Mao et al., 2016; Xu et al., 2015a;
Cirik et al., 2018). The scope of this thesis is not to study RE but to study situated
natural language instructions that include RE, to help locate objects from input
images or maps. In grounding, when agents need to communicate for an emergency,
RE can be crucial for coming up with the right strategy.

Grounding referring expressions is widely studied in Natural Language Process-
ing, Computer Vision, and Robotics (Clark and Brennan, 1991; Pateras et al., 1995;
Tellex et al., 2011b; Zhang et al., 2018a; Sadhu et al., 2019; Thomason et al.,
2019b). Li et al. (2016b) identify four main issues in grounding for human-robot

collaborative interaction:

Visual Search: Defined as the standard visual behaviour to find one object in a
visual world filled with other distracting items (Wolfe, 1994). Firstly, the model pro-
cesses information about basic visual features, i.e. colour, size, various depth cues,

etc., in parallel across large portions of the image and secondly performs more com-
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plex operations, i.e. image recognition, reading, object detection etc., over smaller

portions of the image.

Spatial Referencing: Identifying the spatial orientation of an object when similar
objects are involved. Moratz et al. (2001) refers to a group of similar objects as a
whole to specify the target. Landmarks are unique objects at fixed locations and
can be used as well when referencing a target in a navigation system, as well as,

routes as a fixed sequence of locations to be used (Werner et al., 1997).

Perspectives: Taking each other’s perspectives when referring to objects in a
shared environment is crucial and challenging for the successful collaboration on spa-
tial tasks (Franklin et al., 1992). Bloom et al. (1999) separate perspectives into three
categories, i.e. deictic, intrinsic and absolute perspective, meaning, users’ points of

view, objects’ points of view and referring to the world frame, respectively.

Ambiguity: When the participants are not explicit about the perspectives they
are taking, instructions become unclear because assumptions would have to be
made (Bloom et al., 1999). Further ambiguities that make the instruction harder to

comprehend occur in the objects, landmarks and spatial relationships between them.

The work presented in this thesis, and specifically on RQ2 and RQ3, focuses on
visual and language grounding, which can be considered a superset of grounding
RE. It is thus important to be able to understand visual and language inputs, as
well as generalise to unknown settings with different input elements or output goals.
Visual grounding of RE is closely related to object recognition, as a classification
task, with predetermined set of object categories. Previous work learns to com-
prehend natural language object descriptions for unrestricted object categories by
using convolutional neural networks (CNN) instead of handcrafted visual feature
extractors and recurrent neural networks (RNN) instead of language parsers (Mao
et al., 2016). These networks are capable of connecting automatically visual and
language concepts by jointly embedding them in an abstract space. However, most
of these methods use the entire image and recently successful work is proposed that,

instead of modelling the entire context, explicitly models the referent and context
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region pairs (Nagaraja et al., 2016; Zhang et al., 2018b).

Region Proposals: Instead of using the output vector of a CNN to represent the
entire image, the task is converted to that of object detection and the features of
detected objects are used as the embeddings of the image. An object detector, such
as Faster R-CNN (Ren et al., 2015a) detects k objects {01, ..., 0k} from the image,
for example in Figure 2.6, where each object is represented by its 2048-dimensional

Region-of-Interest (Rol) feature vector and its position feature bounding box.

TextWorld Embodied
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Figure 2.5: Combining text and physical actions, left and right respectively, in
ALFWorld (Shridhar et al., 2021b).

Domains that combine language and the world (see Figure 2.5) have gathered
attention recently (Shridhar et al., 2021b; Anderson et al., 2018). In terms of the
method used to tackle the challenge of grounding language to vision tasks, attention
mechanisms (Bahdanau et al., 2015; Vaswani et al., 2017a; Xu et al., 2015b) have
proven to be very robust and here inspiration is drawn from the way Xu et al. (2015b)
use attention to solve image captioning by associating words to spatial regions within

a given image. Recent advances in visual grounding can be split into two categories:

One-stage methods (Xinpeng et al., 2018; Sadhu et al., 2019; Yang et al., 2019b;
Liao et al., 2020) do not generate any region proposals for vision features as in the
two-stage approach below, but fuse densely the linguistic with the visual features
before leveraging the language-attended feature maps to perform bounding box pre-

diction. Real time Cross-modality Correlation Filtering method (RCCF) (Liao et al.,
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2020) reformulates the visual grounding problem as a correlation filtering process.
This is done by firstly grounding the language to the visual domain and then, as a
template, performing correlation filtering on the image feature map. It then picks
the peak value of the correlation heatmap as the centre of target objects. It runs
at 40 frames per second (FPS) and achieves leading performance in different bench-
marks and almost doubles the SOTA performance on the RefClef (Kazemzadeh
et al., 2014a).

Two-stage methods (Wang et al., 2017; Tan and Bansal, 2019; Lu et al., 2019;
Chen et al., 2020; Zhuang et al., 2018; Zhang et al., 2018a; Yu et al., 2018) firstly
generate the aforementioned region proposals of the image, as features instead of the
pixels, and then leverage the language expression to select the best matching region
in the second stage. The region proposals are generated using either unsupervised
methods (Plummer et al., 2018; Wang et al., 2017) or a pre-trained object detec-
tor (Yu et al., 2018; Tan and Bansal, 2019). Studies, such as the UNITER (Chen
et al., 2020), LXMERT (Tan and Bansal, 2019) and VisualBERT (Li et al., 2019),
achieve SOTA results on challenging datasets for joint reasoning about natural lan-
guage and images such as the NLVR2 (Suhr et al., 2019b). ViLBERT (Lu et al.,
2019) and LXMERT (Tan and Bansal, 2019) introduced the two-stream architec-
ture, where two Transformers are applied to text and images independently first,

and then fused by a third Transformer (see Figure 2.6).
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Figure 2.6: LXMERT’s structure of transformer encoder layers for learning vision-
and-language cross-modality representations (Tan and Bansal, 2019).
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2.2.3 Transformers for Visual Grounding

Most, if not all, SOTA methods for visual grounding use stacked transformers. The
transformer is first introduced in (Vaswani et al., 2017b) to tackle the Neural Ma-
chine Translation (NMT). The primary component of a transformer is the attention
module, which is a mapping of a query and a set of key-value pairs to an output
as a weighted sum of the values. Given the trained weights of the key-value pairs,
the product masks out the “irrelevant” information and learns to aggregate only the
important ones. Compared to recurrent architectures (Hochreiter and Schmidhuber,
1997; Mikolov et al., 2010), the attention mechanism exhibits better performance in
processing long sequences. Inspired by the success of transformers in NMT, a series
of transformers (Carion et al., 2020; Chen et al., 2021; Kolesnikov et al., 2021; Yang
et al., 2020; Zeng et al., 2020; Zhu et al., 2020) applied to vision tasks have been
proposed. The DEtection TRansformer (DETR) (Carion et al., 2020) replaces the
hand-crafted object detection pipeline with a transformer and approaches object de-
tection as a direct set prediction problem. It showcases a fixed set of learnable object
queries, reasons about global context and about the relations of the objects, so as
to directly output the final set of predictions in parallel, which makes it faster and
more efficient. Motivated by BERT (Devlin et al., 2019), which stands for Bidirec-
tional Encoder Representations from Transformers, the research community started
to investigate vision-language pre-training (VLP) (Chen et al., 2020; Lu et al., 2019;
Tan and Bansal, 2019; Su et al., 2020; Li et al., 2020) to jointly represent text and
images. Generally, these models take as input features, the region proposals and

text, and use several transformer encoder layers for joint representation learning.

2.2.4 Instruction Understanding

Situated instruction understanding is a wide and necessary task for the successful
collaboration between humans and agents. Instructions of this kind need to be
accurately grounded in the shared environment. In the emergency response domain,
since the environment is structured maps, the task can be translated to mapping
natural language to map structures that are comprised of GPS coordinates. With
respect to RQ2, the aim is to ground instructions in electronic maps, such as OSM,

and predict the right GPS locations of grounded objects on the map. There is not
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much previous work that attempts this challenging task. Brébisson et al. (2015), as
part of the European Conference on Machine Learning and Principles and Practice
of Knowledge Discovery in Databases (ECML/PKDD) challenge in 2015, use Neural
Networks for Taxi Destination Prediction as a sequence of GPS locations. However,
this does not involve natural language instruction processing.

SPACEREF (Gétze and Boye, 2016) is a corpus of street-level geographic de-
scriptions, collected using the Wizard of Oz (WOz) methodology (Dahlback and
Jonsson, 1989). The participants’ purpose was to walk and reference as many visible
landmarks to the system as possible. The participants were given an unlabelled map
with no common symbols or names, as well as a course to follow. Their resulting
issues include learning from the use of landmarks to determine landmark salience
and resolving references in a dynamic environment. For referencing expression res-
olution, OSM metadata was used to determine the exact pedestrian’s GPS position
and identify what landmarks were available in the given location. Furthermore, their
linguistic instructions differ in that they do not require long distances or 2D maps
with identified objects. SPACEREF is perhaps the nearest to the task of GPS pre-
diction, in that the task entails both GPS tracks from OSM and annotated mentions
of spatial entities in natural language (see Figure 2.7). Nevertheless, it is different
from the task surrounding RQ2 in that the perspective of these spatial entities is
the first-person and are viewed and referred to as such, rather than entities on a
map, e.g. first-person view, example from SPACEREF: “I continue in a southwest-
erly direction down the steps ” vs third-person view: “Move a husky robot 300m
southwest of the Bay Regional Shoreline” from the dataset (ROSMI) introduced for
addressing RQ2.

PURSUIT (Blaylock, 2011), a geospatial path descriptions corpus, was collected
with the aim of tackling spatial orientation, locations, movement and paths by
understanding natural language descriptions that are grounded in GPS locations.
Audio recordings were collected while driving in an urban area in real time, ac-
companied by the GPS data of the crossed path. In spite of the inclusion of OSM
on the aforementioned tasks, neither SPACEREF nor PURSUIT, incorporate any
visual data that can be leveraged for training joint vision and language models.

Moreover, the nature of their task is essentially different from the task of emergency
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‘I continue in a southwesterly direction down the steps [L1]
towards the arch at the bottom [L2]

Figure 2.7: Example utterance and image from SPACEREF (Gotze and Boye, 2016).

response with UXV that is explored throughout this thesis. Paz-Argaman and Tsar-
faty (2019) introduce a new task called Realistic Urban Navigation (RUN), based on
OSM. The goal is to contribute in understanding navigation instructions grounded
on a real urban map (see Figure 2.8). The instructions are given in the form of a
paragraph. They illustrate complexity in the possible compounded errors that may
arise from the long routes, since the complete route is evaluated and not just the
final position. They also allow OSM’s rich environment with varied entities (includ-
ing most unseen during training). Paz-Argaman and Tsarfaty (2019) propose an
encoder-decoder model to output the right sequence of actions, i.e. turn, walk, end.
Their novel components include the “Entity Abstraction” which learns to replace
out-of-vocabulary words from the instruction, with variables (e.g. “As you walk
towards Startbucks, turn right” becomes “As you walk towards Y7, turn right”) and

then a “World-State Processor” that takes the entities from the map’s metadata and
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tries using attention to map them with the right variables before passing the hidden

state to the decoder, which is an LSTM. Below we expand the perspective on works
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Instructions: (1) As you walk out of Taco Bell on 8th Avenue, turn right. (2) Then turn right as you reach the intersection
of West 30th Street. (3) Now head down West 30th Street for approximately a half block. (4) You have gone too far if
you reach Church of St. John the Baptist.

Figure 2.8: Example of the RUN task. Above, the whole map and a part of it,
left and right respectively, and navigation instructions below. (Paz-Argaman and
Tsarfaty, 2019).

that do not necessarily entail GPS locations, but describe different environments
and datasets on the task of vision and language navigation (VLN). The works are

split in single- and multi-turn instruction navigation.

2.2.5 Single-turn Instruction Navigation

Misra et al. (2018) collected a corpus of navigation instructions execution using the
LANI simulator and crowdsourcing. They create environments at random and create
a single reference path for each one. The execution of instructions was broken down
into two parts: goal prediction and action generation. To make a map from visual in-
put to objectives output, they introduced LINGUNET, a new language-conditioned
image generating network architecture. In addition, they test their method on the
CHALI corpus, a household instruction execution task on the CHALET (see Fig-
ure 2.9) simulated environment (Yan et al., 2018).

Before LANI, Blukis et al. (2018) proposed a virtual environment navigation
task based on the UnrealEngine, which uses AirSim (Shah et al., 2018) to simu-
late realistic quadcopter dynamics. The agent is a quadcopter that hovers around
landmarks. The problem of mapping, planning, and task execution of language in-
structions created from a pre-defined set of templates was the focus of their research.

Each command is placed into an LSTM to obtain the language embedding, and each
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Figure 2.9: Examples of numerous rooms from CHALET. (Yan et al., 2018).

image is placed into a customised residual network to represent it at each time step
in Blukis et al. (2018) baseline technique.

Blukis et al. (2019) suggested a combined, supervised and RL, learning frame-
work to map language and images to low-level action output called, Supervised
Reinforcement Asynchronous Learning (SuReAL), so as to combine the simulation
and reality. It can be used, both in simulation and reality, without the need to fly
in the real world during training. Last, but not least, in a more recent study, Blukis
et al. (2020) extend the problem to reason about new objects. Nevertheless, due
to the lack of sufficient training data, in order to ground objects with the correct
mentions in the language instruction, they used a few-shot method trained from
extra augmented reality data.

LANI and CHAI, both from virtual environments, are grounded in a scenario
observed by the robot rather than a 2D map. This type of real-time streaming of
the first-person perspective may not be available in the emergency response area de-
scribed in this thesis, hence we intend to rely solely on map-based interaction (RQ2).

Wu et al. (2018) proposed an environment House3D, and based on that, devel-
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Figure 2.10: Examples of the House3D environment, which consists of thousands
of indoor scenes from the SUNCG dataset (Zhang et al., 2018c).

oped the Concept-Driven Navigation, called RoomNav (see Figure 2.10) and sourced
from the SUNCG dataset (Zhang et al., 2018c). The instructions are of the form
“Go to X7, where X represents a pre-defined room type or object type. Besides
the goal instruction, each scene is provided with three different visual input data:
(1) raw pixel; (2) semantic segmentation mask of the pixel input; and (3) depth
information. This is a semantic concept, and the agent needs to ground the in-
struction to a variety of scenes with different visual appearances. For tackling this
challenge a gated-CNN and gated-LSTM network are used for controlling continuous
and discrete actions respectively.

There is also a lot of work being done on mapping natural language commands
to actions in a 3D world for robots, such as Room-to-Room (R2R) navigation (see
Figure 2.11) for visually-grounded natural language navigation (Anderson et al.,
2018).

Based on the R2R task (Anderson et al., 2018), Chi et al. (2020) developed an in-
teractive learning framework to allow the agent to ask for help when needed and are
among the first to introduce human-agent interaction in the instruction-based navi-

gation task. Their base model architecture is inspired by previous work in VLN (Tan
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Instruction: Head upstairs and walk past the piano through an
archway directly in front. Turn right when the hallway ends at
pictures and table. Wait by the moose antlers hanging on the wall.

Figure 2.11:  Example of the Room-to-Room (R2R) navigation task. (Anderson
et al., 2018).

et al., 2019), with the instruction being encoded using a bidirectional LSTM and
the attentive panoramic view, which serves as the visual input with a ResNet (He
et al., 2016). Two ways are presented for executing actions given the inputs: (1) a
simple confusion-based (MC) model, in which the agent should ask a question if it
is unsure of itself, i.e. if the predicted action distribution is not sharp; (2) a more
sophisticated method that demonstrates reasoning, in which the agent discovers the
best timing and locations to ask questions using RL with reward shaping (ASA).
They demonstrate that the RL agent can dynamically react to noisy human replies.
Finally, they offer a data-efficient and realistic continuous learning technique for fine-
tuning the agent using augmented data obtained from the human-agent interaction.
Similarly, data augmentation from data collected from human-agent interaction is
addressed in RQ4 together with the exploration of HITL methods for allowing an
NLP algorithm to continually improve without data expert intervention. When the
trained agent is being tested, the answers that are provided assist in correcting the
wrong trajectories and the corrections then serve as augmented data to prevent the
agent from repeating the same mistakes. However, their method relies on imitation
learning techniques and purely on data augmentation, rather than the complete
HITL framework that involves learning through direct collaboration.

Task-driven Embodied Agents that Chat (TEACh) (Padmakumar et al., 2021)
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is one of the first datasets where human-human (see Figure 2.12), conversational
dialogues were used to perform object interaction, such as picking up an object,
and state changes, such as slicing bread, in a visual simulation environment. R2R,
on the other hand, is not conversational and does not allow object interaction or
state changes. TEACh involves a human Follower who engages in free-form, rather
than turn-taking, dialogue with a human Commander. Both Follower and Comman-
der collaborate in natural language to complete household tasks in the AI2-THOR

simulator (Kolve et al., 2017). They establish baseline performance using a modi-

Let’s put all the forks in the sink.
Check the fridge to your left.

(b)

Found a fork on the top

shelf. Where’s the sink?
Figure 2.12:  Example of TEACh dataset, with the Commander and Follower
interacting (Padmakumar et al., 2021), based on the AI2-THOR simulator (Kolve
et al., 2017).

fied Episodic Transformer (ET) (Pashevich et al., 2021), designed for the ALFRED
benchmark (Shridhar et al., 2020). ET comprises of a transformer language encoder

for encoding the instructions, uses a ResNet (He et al., 2016) for encoding visual
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observations and two multi-modal transformer layers, so as to fuse information from
the language, image, and action embeddings, followed by a fully connected layer to
predict the next action and target object category. They modify ET by learning a

new action prediction head for TEACh actions.

Target Object _&
i 25\

=

Instruction: Bring me the bottom picture that is next to the
top of stairs on level one.

Figure 2.13: Example of the photo-realistic 3D environment REVERIE (Qi et al.,
2020).

Remote Embodied Visual referring Expression in Real Indoor Environments
(REVERIE) (Qi et al., 2020) task requires the agent to correctly locate a remote
target object (see Figure 2.13), which is not visible at the starting position, specified
by the high-level natural language instructions. Therefore, the agent needs to first
navigate to the target location. Success in this task requires navigating through
an unseen environment to identify an object, posing a practical challenge that re-
flects core visual problems in robotics. A task is considered successful if the right
bounding box is selected from a set of candidates. Lin et al. (2021) introduce two
pre-training tasks: (1) Scene Grounding task; (2) Object Grounding task. These
pre-training tasks aid the agent to learn where to stop and what to attend to. In
addition, they propose a new memory-augmented attentive action decoder that uses
past observations to merge visual and textual information in an effective way. De-

spite their SOTA performance, the challenge of working in uncharted territory and

34



Chapter 2. Literature Review

how to reduce navigation time remains unsolved.

plulul®; ipl=s IS Rp)

Figure 2.14: Image of the basic scenario scenario in VizDoom (Kempka et al., 2016)

Chaplot et al. (2018) constructed a language grounding environment in which
the agent follows natural language instructions and is rewarded for performing the
task correctly. The environment is built on top of VizDoom (Kempka et al., 2016),
based on Doom, a first-person shooting game (see Figure 2.14). In the 3D Doom
task, an instruction is a triplet of action, attributes, object. Each instruction can
have up to one action and object, but they can have multiple attributes. This en-
vironment enables the creation of various objects with varying visual features at
various points on the map. Success rate is defined by the successful navigation over
the total number of tries. Chaplot et al. (2018) suggested a model that combines vi-
sual and text representations using a Gated-Attention mechanism, as well as RL and
imitation learning approaches to learn strategies for implementing natural language
instructions.

The navigation task introduced by Fu et al. (2019) is based on SUNCG (Song
et al., 2017), in which an agent is given a location that corresponds to a room or
object and must move through the house to find the target location. The language
commands, of the form “go to X”, were generated based on a preset grammar, with
X representing the names of locations and things in the environment. Further-
more, Fu et al. (2019) proposed Language-Conditioned Reward Learning(LC-RL),

which learns language-conditioned reward functions using Inverse Reinforcement
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Learning (IRL), so as to ground free-form natural language commands in a high-

dimensional visual environment.

Figure 2.15: Example of AI2-THOR scenes (Kolve et al., 2017).

AI2-THOR (Kolve et al., 2017) is a large-scale photo-realistic 3D indoor cor-
pus where agents can traverse and interact with items to complete tasks (see Fig-
ure 2.15). Deep reinforcement learning, planning, visual question answering, refer-
encing expression resolution, object identification, and segmentation are all possible
with AI2-THOR. Action Learning From Realistic Environments and Directives (AL-
FRED) (Shridhar et al., 2020) is a benchmark for learning a mapping from natural
language instructions and egocentric vision to sequences of actions for home duties,
built on top of AI2-THOR. When compared to other vision-language task datasets,
ALFRED tasks have more complexity in terms of sequence length, action space,
and language. In ALFRED, agents are given a natural language instruction about
how to do a household chore, as well as, a first-person visual observation, and they
must generate a sequence of actions. ALFRED has a total of 428,322 image-action
pairs, with 25,743 English instructions explaining 8,055 expert examples, each with
an average of 50 steps. These demos include a wide range of actions and partial
observations. Min et al. (2022) propose a modular method with structured repre-
sentations that: (1) processes natural language instructions into structured forms;
(2) translates egocentric visual features into a semantic metric map; (3) predicts
a search goal location using a Semantic Search Policy; and (4) outputs following
navigation actions using a Deterministic Policy. Without the use of expert trajecto-
ries or low-level instructions, FILM achieves SOTA performance on ALFRED while

consuming less data.
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Visual Semantic Navigation task (Yang et al., 2019a) is based on the interactive
environments of AI2-THOR (Kolve et al., 2017). From the 87 object categories
within AI2-THOR, however only 53 categories are visible without any interaction.
To evaluate the generalisation capacity of their strategy, these categories are fur-
ther divided into known and novel sets. In training, just the known set of object
categories is employed. For their experiments they used only the navigation com-
mands of AI2-THOR (i.e. move forward, rotate right, move back, rotate left, and
stop). This challenge is addressed by incorporating prior knowledge into a Deep
Reinforcement Learning framework. Since graph structures represent how the in-
formation propagates between different nodes, Yang et al. (2019a) proposed to use

Graph Convolutional Networks (GCNs) (Kipf and Welling, 2017).

Turn and go with the flow of traffic. At the first traffic light turn left. Go
past the next two traffic light, As you come to the third traffic light you
will see a white building on your left with many American flags on it.
Touchdown is sitting in the stars of the first flag.

Figure 2.16: Example interaction from the TOUCHDOWN (Chen et al., 2019)
dataset.
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TOUCHDOWN, a dataset for natural language navigation and spatial reason-
ing based on real-life visual observations, was introduced by Chen et al. (2019) (see
Figure 2.16). Existing works have focused on unrealistic and simple visual input,
meaning that the diversity of the visual stimuli these environments provide is lim-
ited. Thereby, in TOUCHDOWN and other works, researchers focus on outdoor
navigation based on Google Street View!. Two tasks are defined, that of navigation
and spatial description resolution. When the agent walks to each accessible point
connected to the undirected navigation graph, it obtains a 360° RGB panorama.
New York City is represented by 29,641 panoramas and 61,319 edges in the envi-
ronment. Xiang et al. (2020) achieve the SOTA on TOUCHDOWN by proposing
a model that is Learning to Stop (L2STOP), a policy module that differentiates
“STOP” and other actions, compared to most VLN models that treat all actions
equally, which can have a great impact for this task since the STOP action termi-
nates the episode and there is no chance for recovery, compared to the rest of the

actions.

2.2.6 Multi-turn Instruction Navigation

There are tasks when the agent can only accept instructions, despite the collabora-
tive aspect of the task itself. One example is the CEREALBAR (Suhr et al., 2019a),
which simulates a scenario in which a leader and a follower work together to select
cards in order to win points (see Figure 2.17). The players receive a point if they
collect a valid collection of cards. The leaders’ fully visible map environment allows
them to design the path for the follower and give language instructions to guide
them. The follower views the world from a first-person perspective and requires
instructions to deal with the partial observability. The follower is unable to reply
to the leader. Correct execution of instructions and the overall reward at the end
are used to evaluate performance. Suhr et al. (2019a) offered a learning strategy fo-
cusing on recovering from compounding errors between consecutive instructions, as
well as LINGUNET (Misra et al., 2018) as a modelling tool for explicitly reasoning
about instructions with various aims, to address this challenge.

Humans, on the other hand, tend to make collaborative work more interactive

Thttps://developers.google.com/maps/documentation /streetview /overview
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Leader’s view

ZT3: turn left and head toward the yellow hearts, but don’t

pick them up yet. I'll get the next card first.

4. Okay, pick up yellow hearts and run past me toward
the bush sticking out, on the opposite side is 3 green stars
[Set made. New score: 4]

Figure 2.17:  Example interaction from the CEREALBAR (Suhr et al., 2019a)
dataset.

than imperative, allowing both the “guide” and the “follower” to ask questions and
contribute information. Vries et al. (2018) introduce a navigation task for tourist
service and build a large-scale dialogue dataset, “Talk The Walk” (see Figure 2.18).
The visitor is in a New York City 2D grid setting with 360-degree views of the

Hey, what is near you?
a Hello, in front of me is a Brook Brothers n o
i Is that a shop or restaurant? - i Tw

Itis a clothing shop

Your target intersection has three restaurants and a bar "

m @ Playficld B Hotel
an 1 @ Subway

Go to a restaurant corner facing the pub.
'ﬁ' Tourist - Guide 'ﬁ

Figure 2.18: Example interaction from the Talk The Walk (Vries et al., 2018)
dataset.

neighbourhood blocks. The guide has an abstracted semantic map of the blocks,
and the destination position is shown to the guide unambiguously from the start.
A guide’s goal is to converse with a “tourist” in natural language in order to assist
the latter in navigating to the correct spot. Vries et al. (2018) focus on tourist

localisation and introduce a Masked Attention for Spatial Convolutions (MASC)
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mechanism to anchor the follower’s utterances into the guide’s map.

The Map Task Corpus (Anderson et al., 1991), looks at the value of referring
objects when giving directions on a map, whether for identification or to show how
well people understand their shared environment. In contrast to passively following
instructions, the task of emergency response with UXV, regarding the RQ1, includes
people collaboratively achieving a goal in a dynamic shared environment. Rather
than simply discussing based on static maps, the environment is dynamically altered,
with new items that are also movable, and the user and the agent collaborate to
come up with the appropriate RE (e.g., “Let us use asset1 for target1”). Similarly, it
has been done interactively by Schlangen (2016), where they ground non-linguistic

visual information through conversation.

Image: Imager.1

| L |
Draw two parallel diagonal lines that start in Place BMW below Adidas Draw a horizontal line to link the bottom of the two existing
the top right of the board Start a vertical line by adding BMW to Adidas lines. Extend the right side with the four remaining blocks.

Move BMW south of Adidas and immediately abutting

Draw a number four that is angled to the right.

Figure 2.19: Figure taken from the original paper (Bisk et al., 2016a) with descrip-
tions of differing levels of abstraction (light,italic,bold) with a final goal of using the
blocks to build a structure that looks like the digit four.

The Blocks World (Bisk et al., 2016a) task investigates understanding natural
language instructions in a situated environment world and has been popular with
many works (Misra et al., 2017; Bisk et al., 2018b; Tan and Bansal, 2018; Mehta
and Goldwasser, 2019; Platonov et al., 2020). The task investigates understanding
natural language instructions in a situated environment between a human and an
agent. The human’s goal is to arrange blocks in a certain way by giving instructions
to the agent (see Figure 2.19). There are different versions of the dataset where
blocks have digits, logos or are black blocks. The initial task was to draw digits taken
from the MNIST (Lecun et al., 1998) dataset. Later Bisk et al. (2018b) extends their

work to include rotations, 3D construction, and human created designs.
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2.3 Human-in-the-loop Learning for Low-resource
Domains

Deep learning (LeCun et al., 2015) methods are becoming important due to their
ability of dimensionality reduction (Petscharnig et al., 2017) and demonstrated suc-
cess at tackling complex learning problems (Zhang et al., 2015). Natural language
is not always accurate; it is frequently ambiguous, and its structure is influenced by
a variety of factors, including slang, regional dialects, and social context. Incorpo-
rating deep learning methods in NLP tasks and especially for feature representation
can surpass many standard machine learning methods. The great success of deep
learning is due to the larger models (Brutzkus and Globerson, 2019). However, due
to the enormous number of parameters, a large amount of training data with labels
is required (Zhou et al., 2014). In terms of size and density, the existing datasets are
rapidly becoming obsolete (Yu et al., 2015). In order to improve the model perfor-
mance by annotated training data, first the growth rate of data needs to exceed the
growth rate of model parameters and second the data updates need to far exceed the
emergence of new tasks, which are both quite labourious. Researchers thus generate
samples to create fresh datasets, which speeds up model iteration and lowers the
cost of data annotation (Yu et al., 2015; Li et al., 2021; Zhao et al., 2020; Shen et al.,
2021). Also, pre-training methods that have achieved great results are used to solve
this challenge (Qiu et al., 2020; Tan et al., 2018; Zaib et al., 2020; ur Rehman et al.,
2019), such as BERT (Devlin et al., 2019). Despite their success and their universal-
ity, these methods still need a lot of annotated data, which bring unnecessary effort.
According to studies, scientists spend over 80% of their time processing data rather
than constructing models (Wu et al., 2021). HITL learning is proposed in different
AT subfields and on various stages of the training loop (data preprocessing, training,
evaluation) to take on this challenge, which focuses on adding human expertise into

the modelling process to overcome these issues (Kumar et al., 2019).

Data augmentation by leveraging human feedback can be a great boost in the
HITL pipeline (see Figure 2.20). Kirstain et al. (2021) determine that task format

considerably affects the performance improvement and that from a practitioner’s
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DATASET MODEL

load
trained

For re-training model for
interaction

human
operator

Data augmentation
+ preprocessing

Feedback from
human interaction

ll

Figure 2.20: The workflow of Human-in-the-loop (HITL). The human participants
provide various feedback of the model performance, so as to evaluate it, and boost
the performance of the model.

perspective, for many tasks where data is very sparse, the strategy of simply collect-
ing a few hundred samples of training data will often be a more effective strategy
than scaling up the model size by billions of parameters.

One way to do this is by transforming Dypain by adding some variation into
several samples, e.g. using handcrafted rules. On image tasks, for example, this
would mean scaling, rotating or cropping images from the initial data Dypai, before
starting the training process. Another way to achieve this augmentation is by learnt
transformations, which is basically the same thing as handcrafted rules but this
time learnt transformations were used that were trained on similar larger datasets.
For instance, Kwitt et al. (2016) use a series of independent attribute strength
regressors learnt from a large set of scene photos to transform each x(;) into many
new samples, then assign these new samples the label of the original x;). Similarly,
by iteratively aligning each sample with other examples, Miller et al. (2000) learn
a set of geometric transformations from a similar class. These learnt modifications
are then applied to each sample x(;), resulting in a big data set that can be learnt
regularly.

Transformations do not always happen in the data set at hand. Other data

sets can be transformed and adapted to be like the target x(;), with respect to the
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supervised information Dy, .. For instance, a data set of conference chairs is similar
to another data set of armless chairs. Gao et al. (2018) designed a method based
on Generative Adversarial Networks (GAN) (Goodfellow et al., 2014) to generate

indiscriminate synthetic x’ aggregated from the data set of many samples.

Active learning (AL) focuses on figuring out how to label the fewest number of
samples while yet achieving the greatest performance gains. In order to minimise the
cost of labeling while preserving performance, it seeks to selectively choose the most
useful samples from the unlabelled dataset and pass it on to the oracle (for example,
a human annotator) for labeling. AL can be split in three categories: Membership
query synthesis (Angluin, 1988), stream-based selective sampling (Dagan and Engel-
son, 1995), and pool-based sampling (Lewis and Gale, 1994). The learner can ask to
query the label of any unlabelled sample in the input space, even the sample that
the learner generated. This is known as membership query synthesis. Additionally,
the main distinction between stream-based selective sampling and pool-based sam-
pling is that the former independently determines whether each sample in the data
stream needs to query the labels of unlabelled samples, whereas the latter selects the
best query sample based on the assessment and ranking of the entire dataset. AL
is a useful method that can be used to adapt the model to situations that were not
covered in the original training samples. Elahi et al. (2016) have applied AL in Rec-
ommender Systems, where instead of just providing recommendations to the user
they simultaneously learn and collect more data about the problem at hand. Qian
et al. (2020) propose PARTNER a deep learning-based entity name understanding
system. PARTNER is an active learning and weak supervision strategy for creating
a deep learning model to recognise entity name structure with minimal human as-
sistance. PARTNER also allows users to create intricate normalisation and variant
generation functions without having to know how to code. Liu et al. (2019) propose
a human-in-cycle model based on reinforcement learning (RL), which overcomes the
limitations of pre-labelling and constantly improves the model through data collec-
tion. They created a deep reinforcement active learning (DRAL) approach to aid
RL agents in dynamically selecting training samples by human annotators.

Researchers are also focusing on increasing and refining data on a new activ-
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ity, in addition to directly applying RL for dynamic learning. Traditional facial
expression recognition algorithms can only handle the seven most basic facial ex-
pressions: happy, sadness, fear, rage, disgust, surprise, and contempt. In real life,
however, dealing with more micro-expressions is more vital. Butler et al. (2020) pro-
pose a micro-expression recognition method based on the HITL framework. This
technique provides a customisable interface for manually proofreading automatically
produced tags, ensuring the enlarged dataset’s accuracy and usability. Using HITL
learning, Yu et al. (2015) proposed a partially automated labelling system to save on
human labour costs. They sample each subset from a huge set of candidate photos
for each category iteratively, ask users to label them, classify them with the trained
model, then divide the set into positive, negative, and unlabelled categories based
on classification confidence.

Several HITL-related frameworks have recently been developed to apply conversa-
tion and Question Answering (QA). The goal of RQ4 is to allow conversational
agents to speak with users using HITL frameworks and improve in the long run. An
NLP algorithm is inserted into HITL framework that uses active learning to gather
more data from experts while performing the task at hand. After the collection,
these data are automatically augmented and added in the training loop of the NLP
algorithm. There are two types of HITL dialogue systems: online feedback loops
and offline feedback loops (Wang et al., 2021).

A huge set of human feedback must first be collected as a training set for the of-
fline feedback loop, and then this training set is utilised to update the model. Wal-
lace et al. (2019), for example, try to come up with novel adversarial cases that can
fool its QA system, and then uses these examples for adversarial training.

Human feedback is used to continuously update the model in the online feed-
back loop. Researchers have shown that using online reinforcement learning to
update the model with human feedback can outperform traditional approaches that
mismatch the training set and online use case for dialogue systems. Hancock et al.
(2019), for example, propose a lifelong learning framework. When the conversa-
tional agent’s engagement with users goes well, the self-feeding mechanism in this
architecture allows it to generate new examples, in order to re-train itself.

A HITL system can be created by an iterative and interactive continuous update
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of ground truth data but there are challenges that need to be taken into consider-
ation: (1) the lack of trust or confidence (Smith et al., 2018); more in-depth user
studies need to be designed and conducted to evaluate the effectiveness and robust-
ness of HITL frameworks in addition to model performance (Smith et al., 2018); a
paradigm to rate the quality of the collected user feedback, as user feedback can be
noisy (Kreutzer et al., 2021); and since there is no effective test benchmark used by
the community, the development of an evaluation method and benchmark for the
HITL system.

Yu et al. (2017) concentrate on a system that learns to identify and describe
visual attributes, such as shape and colour, through interaction with human tutors,
incrementally, over time, trained on real human-human tutoring data. Their lifelong
interactive learning period touches RQ4 but instead of HITL learning their system
uses Reinforcement Learning (RL) that can handle real human conversations and
reach adequate performance while minimising human effort in the learning process.
Results show that the RL learnt policy achieves the aims of the task (learning visual
attributes of objects) and it discovers a better balance between accuracy and learning

cost than hand-crafted rule-based policies.

2.3.1 Transfer Learning in Vision and Language

To solve the data scarcity problem, related to RQ1, Transfer Learning (TL) is intro-
duced. TL assumes training one model for one task and then re-using the knowledge
it has learnt, partly or fully, on another task. It works in two stages: (1) a pre-
training stage where the “base” model is trained on large general-purpose datasets;
(2) a fine-tuning stage where the base model is trained on a target task, with any
additional task-specific trainable parts. It was first introduced in the Computer
Vision (CV) community, with large-scale pre-training on image recognition datasets
(e.g. ImageNet (Deng et al., 2009)) becoming a common practice. NLP experienced

a similar transformation with the appearance of word embeddings.

Word embeddings represent words as real-valued vectors in a low-dimensional
trainable space, instead of having “l-hot” vocabulary-sized binary vectors of ze-

ros, with a “one” corresponding to the word’s index. Word2Vec (Mikolov et al.,
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2013) and GloVe (Pennington et al., 2014) both try to form dense and expressive
vector representations, trained from a given text collection of text documents. Fast-
Text (Joulin et al., 2017) is an extension of Word2Vec but unlike Word2Vec first
breaks the words into n-grams, alleviating the inability of the previous model to
encode unknown or out-of-vocabulary words. The aforementioned models, despite
their high performance in various NLP tasks, are not able to take word context into

consideration.

NSP Mask LM Mask LM /@MAD StartEnd Spam
P 2

BERT BERT
Eale]. GlmlE]- &)

Masked Sentence A - Masked Sentence B Question ~ Paragraph
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning

Figure 2.21: Overall pre-training and fine-tuning for BERT. Apart from output
task-specific layers, the same architectures are used in both pre-training and fine-
tuning. (Devlin et al., 2019)

Contextual Word Embeddings based on LSTMs (Hochreiter and Schmidhu-
ber, 1997) and Transformers (Vaswani et al., 2017b) were introduced to solve this
issue. Models such as ELMo (Peters et al., 2018), and BERT (Devlin et al., 2019)
provided what is referred to as a “contextual” representation, instead of being static
as the predecessors. BERT, being the most used and highest performing, was de-
signed for use in downstream tasks in a “pretrain-finetune” fashion (see Figure 2.21).
Before applying BERT on a task, we first organise the input in two pairs, i.e con-
text/response pairs in a downstream task, and second pre-train using usually two
objectives: (1) Language Modelling (LM); (2) Next Sentence Prediction (NSP).
More recently, Transformer-based GPT-2 (Radford et al., 2019) and GPT-3 (Brown

et al., 2020) brought transfer learning for dialogue (Wolf et al., 2019; Budzianowski
and Vuli¢, 2019). These transformer-based models use a self-attention mechanism,

i.e. BERT, and consist of billions of parameters and are pre-trained on large text
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corpora, consisting of millions of documents. Their core head can be fine-tuned
and used for gradient-based task. Models like ELMo, BERT, GPT-2 and GPT-3
showed that transfer learning can be applied in NLP as well as in vision and is now
considered among the best practices to approach new NLP problems via a “pretrain-
finetune” fashion instead of training from scratch. BERT embeddings are used in

various experiments across this thesis.

2.4 Discussion

In conclusion, language grounding refers to the interpretation of language in a situ-
ated context. Earlier research (Chai et al., 2016; Boye et al., 2014; Blukis et al., 2018;
Misra et al., 2018) has focused on directly mapping natural language commands to
actions on a 3D virtual world instead of a 2D map or chart. Furthermore, the
perspective of prior work is mostly first person, such as the TeaCH dataset (Pad-
makumar et al., 2021), where despite the fact that conversational dialogues were
used to perform object interaction, such as picking up an object, and state changes,
such as slicing bread, it is not high risk and is looking to ground elements from
an image instead of entities on the map (Gotze and Boye, 2016). All of the afore-
mentioned works, neither investigate the problem of grounding language to maps
and charts, nor learn to read maps so as to work in unison with human experts.
This thesis focuses on human-robot collaboration, where a CA acts as a mediator
between the human operators and the UXV, with 2D maps or charts acting as the
real world of interaction.

This chapter provided an introduction to conversational agents and situational
discourse. It has served as a resource for the community’s literature review as well
as background reading of SOTA. It included an overview of how the research com-
munity has approached knowledge of situational instruction and navigation tasks.
To acquire a better view on how spatial challenges in dynamic environments, such
as highly structured maps and GPS location data, are addressed, common datasets
and methodologies used in vision and language grounding are discussed. Finally, an
introduction to Human In The Loop (HITL) learning and how it is being utilised by

the community to train low-resource data is offered, as well as a basic overview of the
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usage of transformers in vision-language tasks. We will refer to the aforementioned

work throughout the thesis and compare to the methods presented here.
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A Wizard Of Oz Study on
Interactive AUV Planning

The procedure for gathering the right requirements when designing a system for an
expert domain can be rather complex. Even the experts themselves find it hard
to specify what tasks they might be carrying out. Furthermore, it may be unwise
to make assumptions about what users would want to do in a new domain and
how they will want to do it a priori. Methods for simultaneous prototyping/design,
requirements collecting, and evaluation should be employed to address these issues.
The Wizard of Oz (WOz) methodology has been used to develop and evaluate
natural language interfaces (Lyons et al., 2005; Rajman et al., 2006; Marge et al.,
2017). WOz serves as an ideal dialogue system for a new task at hand, providing
insights on how human subjects would interact with such a system, assisting in
selecting the right research topics that need to be addressed, and providing data for
new tasks, especially in low-resource domains (Arslan and Eryigit, 2021; Weng et al.,
2006). In a WOz method, a human “wizard” mimics aspects of an interactive system
that has not been implemented yet, with the goal of determining the interaction
model for a specific application. The information gathered will be utilised to create
language models and dialogue tactics for the system. Furthermore, this enables
both the online analysis of confusing input and the collection of real data, without
requiring a significant investment in implementation.

The ultimate purpose of this thesis is to create a model for instructing RAS

systems that optimises interaction for plan quality and speed, thus tying interaction
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style to extrinsic task success metrics. This chapter presents a Wizard of Oz (WOz)
study to gather data and investigate the way human operators would collaboratively
make plans via a conversational “planning assistant” for remote autonomous systems
(RQ1). As autonomous systems become more commonplace, we need a way to easily
and naturally communicate to them our goals and collaboratively come up with a
plan on how to achieve these goals.

In this chapter, we focus on the emergency response domain of Autonomous
Underwater Vehicles (AUV) and our goal is to study the AUV mission planning
process using multi-modal interaction by creating a wizard-controlled collaborative
multi-modal planning system in the form of a conversational agent, called VERSO.

The WOz study is described here and analysed as it was exhibited in the Com-
bined Workshop on Spatial Language Understanding (SpLU) and Grounded Com-
munication for Robotics (RoboNLP) at the North American Chapter of the Associ-
ation for Computational Linguistics (NAACL) 2019 (Katsakioris et al., 2019). The
contributions include:

1. A dialogue framework and the implemented software to conduct multiple-

wizard WOz experiments for multi-modal collaborative planning interaction;

2. A corpus of 22 dialogues on 2 missions with varying complexities;

3. A corpus analysis indicating that incorporating an extra modality in conjunc-
tion with spatial referencing in a chatting interface is crucial for successfully
planning missions.

The chapter consists of three parts: Section 3.1 presents our WOz setup, partic-
ipants and methodology of the experiment; in Section 3.2 we analyse the collected
corpus with subjective and objective measures; Section 3.3 discusses observations
on the instructions used at this corpus and possible future work, and summarises

the chapter.

3.1 Method and Experiment Set-up

Our ‘planning assistant’ conversational agent will interface with planning software
called SeeTrack provided by our industrial partner SeeByte Ltd. SeeTrack can run

with a real AUV running SeeByte’s Neptune autonomy software or in simulation.
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This software allows the planning of missions by defining a set of objectives with
techniques described in (Lane et al., 2013a; Miguelanez et al., 2011; Petillot et al.,
2009). These can include, for example, searching for unexploded mines by surveying
areas in a search pattern, while collecting sensor data and if, for example, a suspect
mine is found then the system can investigate a certain point further (referred to

as target reacquisition). Similarly to (Bonial et al., 2017), we used two wizards

C)

Seetrack Wizard il Chatting Wizard

T

Subject

Figure 3.1: Experimental Set-Up, where a) SeeTrack Wizard, b) Chatting Wizard
and c) Subject.

for our experiment, as piloting showed the workload too great for one Wizard. See
Figure 3.1 for the set-up. We refer here to the wizards as 1) Chatting-Wizard (CW),
who alone communicates with the subject getting information that is required to
create the plan; and 2) the SeeTrack Wizard (SW) who sits next to the CW and
implements the subject’s requirements into a plan using SeeTrack and passes plan
updates in the form of images to the CW to pass onto the subject. The subject was
in a separate room from the wizards and interacted via a chat window for receiving
and sending texts and receiving images of the updated plan.

Before designing the WOz experiment and software, we had to understand the
language and the complexities of our domain. To establish the main actions and
dialogue act types for the system to perform, we recorded an expert planning a
mission on SeeTrack whilst verbalising the planning process and his reasoning. Sim-
ilar human-provided rationalisation has been used to generate explanations of deep
neural models for game play (Ehsan et al., 2017). After analysing the expert video,
we implemented a multi-modal Wizard of Oz interface that is capable of sending
messages, either in structured or free form, and images of the plan. The GUI is
made up of four windows (see Figure 3.2). The first has all the possible dialogue

acts (DA) the wizard can use together with predefined utterances for expedited re-
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([ X J Wizard of Oz v0.2 - Host ]

13:24:34 Other: hi

generic assets  surveys exclusions targets launch_point recovery_point
13:24:51 You: Hello, how can | help you today? L

13:25:19 Other: | would like a IPOE mission plan 2 id

13:25:26 You: Okay

13:25:34 You: Should | create a survey area? name Bolt23
13:25:41 Other: yes please

13:25:51 You: What's the name of the survey area ? speed(knots) 4.5
13:25:56 Other: survey1

13:26:01 You: Which asset do you want me to use for this sonar_range(m) 4
survey? .

13:26:10 Other: Use asset Bolt23 gps_fix_before 0
13:26:24 You: What's the length of this survey area? ) .

13:26:27 Other: 1000m gps_fix during 0
13:26:31 You: What's the width of this survey area?

13:26:34 Other: 2000m *

13:27:06 You: What's the speed of the asset ?
13:27:13 Other: 4.5 knots

13:27:21 You: What's the sonar range ?
13:27:30 Other: 4m

13:27:39 You: Got it.

13:28:08 You: The plan currently looks like this :
sending image....

Image received

2) 3)

Send
generic  suggest inform  request | image_caption session_notes
[ ettt st e
Open file session_id
The plan currently looks like this : ) user_id
Ly '
* wizard_id

Figure 3.2: Wizard of Oz interface (Figure 3.1b) used by the Chatting Wizard, 1)
Dialogue acts and structured prompts, 2) Chatting window, 3) State of the plan in
the form of value-slots, 4) Session notes.

sponses. Once a DA is selected, the pre-defined text appears in the chat window,
from there the CW is able to modify as needed. The third window allows the CW
to insert values (also referred to as ‘slots’) needed for the plan obtained through
interaction from the user. Finally, the fourth window is for recording session details
such as subject ID. The CW works collaboratively with the subject to develop a list
of the necessary parameters that the SW needs to create the plan.

Each subject was given 1) a short questionnaire to collect demographic informa-
tion, 2) the Object-Spatial Imagery and Verbal Questionnaire (OSIVQ) (Blazhenkova
and Kozhevnikov, 2009) questionnaire discussed below and 3) instructions on how
to approach the task of planning a mission using a conversational agent. They were
then given instructions for two missions and told that they had to plan them both
with a time limit of one hour. The wording of the mission was very high level, so

as not to prime the subjects. There are many elements that make up a plan (e.g.
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survey areas, exclusion zones, targets to investigate) and, therefore, many variations
are possible. As we did not want to bias them and we wanted a variety of plans,
we gave them no instruction as to what elements to include in the plan. Once both
missions were completed a post-questionnaire was administered to obtain their sub-
jective opinion on the planning process. Appropriate consent was obtained and all
experiments going forward were approved by the HWU ethics committee. Subjects
took part on a voluntary basis, with the time spent on participation being part of

their professional work that day.

3.1.1 Subject Group

Planning missions for AUV is a complex task, especially in the case of sophisticated
software, such as SeeTrack. For this reason, we decided to focus our study on ex-
pert users who are familiar with SeeTrack and AUVs. We recruited subject human
operators from our industrial partner SeeByte Ltd, who all had some experience
with SeeTrack but none of them had collaboratively created a plan before either by
chatting with a human or a chatbot. There were 11 experts (10 male and 1 female),
exactly reflecting current gender proportions of employees in the engineering and
technology sector in the UK (9% female (Technology, 2015)). Further demographics
showed that the majority of them were aged between 25 - 35, educated to under-
graduate, masters, PhD degree level, with roles such as development and software
engineers. Half of our subjects were native English speakers.

We used the validated Object-Spatial Imagery and Verbal Questionnaire (OS-
IVQ) (Blazhenkova and Kozhevnikov, 2009), in order to take into account the visual
and verbal cognitive styles of our subjects (see Figure 3.3). Each OSIVQ item is a 5-
point Likert scale item, with 45 items forming three subscales. Subjects completed
the OSIVQ following its standard instructions with their responses collated into
three subscale scores (OSIVQ Object, Spatial and Verbal). Generally our expert
subjects scored higher on the spatial cognitive style, which is perhaps not surprising

given that they came from a pool of software developers.
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Figure 3.3: The correspondence of raw OSIV(Q 5-point Likert scale scores to per-
centiles. The distribution of the raw scores on the three scales of OSIVQ in terms
of percentiles (Blazhenkova and Kozhevnikov, 2009).

3.2 Corpus Analysis

We collected 22 dialogues between the wizards and the subjects (2 missions per
subject), which due to their small size were analysed by a single annotator (the
author) and checked by an expert (industrial supervisor). Due to the size of the
dataset no further annotators were employed. Figure 3.4 shows an example of a
dialogue interaction with their corresponding dialogue acts. We split our analysis

into Objective and Subjective measures.

3.2.1 Objective Measures

In order to capture a wide variety of data and to measure the difficulty of the task,
the first mission was, by design, harder with more complicated objects to describe,
and thus took the subjects longer to plan in terms of actual planning time and

number of user/system turns (see Table 3.1).
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1. USER: ‘move t2 200m west of t1’[inform]

2. SYSTEM:‘Could you repeat that in different words? t17 t27’[repeat]

3. USER:‘move target2 200m west of targetl’[inform](spatial reference to
targetl)

4. SYSTEM:‘Okay’[ack]

SYSTEM:‘Let’s use assetl for target1’[suggest]

6. USER:‘sounds good’[affirm]

ot

Figure 3.4: Dialogue excerpt and the corresponding image provided by the system,
displaying 2 targets, a launch point and a recovery point; the user is trying to move
“target2” west of “targetl” (the SYSTEM was controlled by a wizard).

We used the ISO (24617-2:2012) standard as a starting point for dialogue act
annotation and devised the Dialogue Acts (DAs) below. DAs are proposed as an-
notated data in order to train NLP algorithms in the future. In addition, analysis
of the DAs showed the preferred actions by operators when planning missions with
a CA and for isolating the templated instructions in Section 4.2.3. Figure 3.5 gives
the distribution of dialogue acts, which were categorised into five groups:

1. Generic: conversational acts such as greetings, acknowledgements;

2. Inform: informing of values for slots such as the required position of the

objects on the map;

3. Request: requesting information such as current values of slots;

4. Suggest: for making suggestion e.g. positions of entities;

5. Image: for the user requesting and for the system sending plan images.

The most frequent user DA is the “inform” dialogue act (54%), which informs the
system about the plan slot values. This dialogue act is also used for utterances that
instruct the system to move objects around on the map by referring either to the

4

object’s position or to nearby objects. 53% of these “inform” acts contain referring
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Measures Mission 1 | Mission 2
# of turns 26.4(9.1) 13.1(4.4)
# of system turns 51.4(21.0) | 27.0(7.5)
# of user turns 36.4(14.4) | 19.7(8.1)
# of produced images | 8.8(3.8) 5.0(1.3)
Time-on-Task (min) | 26.3(0.005) | 14.5(0.004)

Table 3.1: Measures per dialogue for each mission [mean(sd)].

expressions (see lines 1 and 3 of Figure 3.4 for examples). In addition, it is clear that,
due to the spatial nature of the tasks, the extra modality of plan images is key to
success, as reflected by the frequency of Image dialogue acts (around 16% of the total
dialogue acts). These DAs include the user requesting a plan image ‘show_picture’
or ‘image_caption’” where the system, either proactively or as a response to a user
request, sends an image of the plan. The most used DA by the wizard was “ack”

bYIINA

30%, used for acknowledging information (e.g. “okay”,“got it” etc.).

Dialogue Act Frequency

request
suggest
inform
wait
S/U ack
negate

affirm
yourwelcome
thankyou

bye

hello
engmore

S repeat
image_caption
™ show picture
delete
create
correction
U praise
apology

plan_complete
plan_mission

System
mm User

0 10 20 30 40 50
Percentage

Figure 3.5: Dialogue Act Frequency of the 22 DA types. “S” is for system only DA,

“U” is for user only DA and “S/U” refers to DA that both the system and the user
used.
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3.2.2 Subjective Measures

The subjective quality of the plans was measured by an expert using a 5-point
Likert scale (see Table 3.2). At least 45% of the plans for both missions were
measured “High Quality”, with a greater number of lower-rated plans for Mission
1. No correlation was found between time-on-task and quality of plans, however,
subjective feedback indicates that subjects would have liked more time to improve
their plans. The response time of the Wizard was slow (average 15sec), which is a
typical issue in WOz studies and we believe that an implemented system would allow
for a quality plan to be generated within a reasonable amount of time. Nevertheless,
varying quality of plans results in a rich dataset, that will enable the system to learn
better strategies for creating optimal plans as well as coping strategies. There is a
medium-strong positive correlation of r = 0.59 (Spearman’s Correlation) between
the expertise of the subjects (as determined by the pre-questionnaire) and the quality
of the plan for the first mission indicating that, perhaps unsurprisingly, experts were
able to produce plans with better quality.

The post-task questionnaire measured the subjective scores for User Satisfaction,

Quality Mission 1 | Mission 2
Very High Quality 0% 9%
High Quality 45% 45%
Neutral 9% 36%
Low Quality 18% 9%
Very Low Quality 27% 0%

Table 3.2: The quality of all 22 plans measured by an expert using a Likert scale

the pace of the experiment and the importance of multi-modality. Specifically, the
following questions were asked on a 5-point Likert scale:

Q1: I felt that VERSO understood me well

Q2: I felt VERSO was easy to understand

Q3: I knew what I could say at each point in the interaction

Q4: I felt that the pace of interaction of VERSO was appropriate

Q5: VERSO behaved as expected

Q6: It was easy to create a plan with VERSO

Q7: From my current experience with using VERSO, I would use the system regularly

to create plans
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Q8: The system was sluggish and slow to respond (reversed)
Q9: The screen shots of the plan were useful

Q10: The screen shots of the plan were sent frequently enough

Mean User Satisfaction is 3.5 out of 5, calculated as an average of Q1-7, which are
questions adapted from the PARADISE evaluation framework (Walker et al., 1997).
Q8 reflects the speed of the interaction with the mean/mode/median as 4/4/4.
This score is reversed and so these high scores indicate high perceived slowness. As
mentioned above, this is a common problem with wizarding set-ups. Q9 and Q10
refer to the images sent and we can see from the mean/mode/median of 4.6/5/5
for Q9 that images were clearly useful but, perhaps could be sent more frequently
(3/4/3 for Q10). The users’ preference for images of plans may be related to their
cognitive styles being mostly spatial, as mentioned above.

Figure 3.6 gives perceived workload collected after both tasks by NASA TLX (Dick-
inson et al., 1993), with low scores indicating low workload. The overall mean Raw
TLX (RTLX) score of 46 is comparable to a study for remote controlling robots
through an interface as reported in (Kiselev and Loutfi, 2012). However, a com-
parative study would be needed with SeeTrack to understand the costs/benefits in

terms of cognitive workload of a conversational assistant vs. a visual interface.

3.2.3 Qualitative Feedback

Subjects were asked 2 open questions: 1) Tell us what you liked about VERSO and
2) Tell us what you didn’t like about VERSO. An inductive, thematic analysis was
done inspired by an open thematic coding (Corbin and Strauss, 2008; Strauss, 1987).
Themes identified include:

Theme 1: Suggestions for extra functionality: Some subjects were not sure
if the program crashed or if it was working in the background. We had a dialogue
act “wait” but feedback indicated it would be better to have a visual indicator as
well. Note, in the actual future working system, we will not have the same delays
as in the WOz experiment.

Theme 2: Map meta-data: Some subjects (P5 most specifically) desired more
meta-data on the plan images they were receiving when referring to an object. e.g.

“not always clear where the frame of reference is”. When performing spatial tasks

58



Chapter 3. A Wizard Of Oz Study on Interactive AUV Planning

100

80 1
w
e
= 60 -
>
=
-
'_
s 40
Q
=

201

d T T T L T T
> o o> S & < +
S S S 3 xs) O
2 2 2 < N A
& & & & & & <€
\Q \0 < \\‘(\ O
@ Roa < e <
& s\a)\ &£ &
60
Q@

Figure 3.6: Mean Raw TLX scores, with high values indicating high workload.
Error bars indicate standard deviation.

on a map, clear referring points are crucial and meta-data on the map, such as
entity names (as with the Map Task (Anderson et al., 1991) landmarks), would help
establish grounded referring expressions between participants.

Theme 3: Mixed initiative & Handling multiple requests: The WOz
interface was designed as a mixed-initiative dialogue system, capable of suggesting
actions and the subjects seem to like this type of interaction e.g. P1:“ being prompted
to add information that could be forgotten.” Also noted was the ‘system’s’ ability

to handle multiple requests in a single utterance.

User Utterance Reference
plan a survey area 200 meters south of the initial point. | of the initial point
Create an exclusion zone along the shoreline. along the shoreline
create another exclusion zone east of the survey area. of the survey area
Does Ezclusion0 contain the shore? the shore
create a launch and recovery point 500m south of targetO. of target0
make launch point 100 m from the shore. from the shore
yes, south of glyfada beach. of glyfada beach

Table 3.3: Example utterances from our WOz study, that included references to
landmarks and other objects.
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3.3 Discussion

Operators tended to use landmarks available on the chart, such as “shore”, “coast-
line”, “beach”, as references to move and manipulate objects (see Table 3.3). Whilst
some were keen on using only movable objects, such as “targets”, “surveys” as refer-
ences as well. We thus need an accurate way of understanding referring expressions
and interpreting them in terms of geographical coordinates.

This chapter presents a two-wizard WOz study for collecting data on a collabo-
rative task, identifying the importance of mixed modalities and object referencing,
for successful interaction during mission planning.

In Section 4.2, we use templates taken from the WOz study described in this
chapter to generate a synthetic dataset, so as to train neural models, as described in
Chapters 6 and 7. However, such generated data do not always reflect the true dis-
tribution of human natural language. Therefore, further data collection on Amazon
Mechanical Turk using Open Street Maps was conducted and described in Chapter 4,

in order to reach a wider subject pool and compensate for the gender imbalance.
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Chapter 4

Crowdsourced Data Collection for

a Low-resource Expert Domain

This chapter builds on the WOz study from Chapter 3, where the Wizard played
the role of an intelligent agent to assist human operators with planning missions
for Autonomous Underwater Vehicles (AUV). The data collection that is presented
in this chapter is described and analysed as it was exhibited in the International
Conference on Multi-modal Interaction (ICMI) 2020 (Katsakioris et al., 2020).
The chapter consists of two parts: (1) we present the publicly-available Robot
Open Street Map Instructions (ROSMI) corpus, a rich multi-modal dataset of map
and natural language instruction pairs that was collected via crowdsourcing to aid
the advancement of reference resolution and robot-instruction understanding (RQ2)
(Section 4.1); (2) Section 4.2 introduces the Robot Electronic Navigational Chart
Instructions (RENCI), a synthetically generated dataset, similar to ROSMI but
based on Electronic Navigational Charts (ENCs), from human examples collected

during the WOz study in Chapter 3. Finally, Section 4.3 summarises the chapter.

4.1 Robot Open Street Map Instructions (ROSMI)

In order to capture a wider range of the human language, more data was gathered
with subjects (crowd-workers), using the online platform on Amazon Mechanical

Turk (AMTurk)!. We present ROSMI, a multi-modal corpus of visual and natural

lwww.mturk.com
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Figure 4.1: User instruction and the corresponding image, displaying 4 robots and
landmarks. A circle around the target landmark has been added for clarity; subjects

were not given any such visual hints.
language instruction pairs, in the domain of emergency response, whereby the sub-
jects are given a scene in the form of a map and are tasked to write an instruction to
command a conversational assistant to direct a number of robots and autonomous
systems to either inspect an area or extinguish a fire. Figure 4.1 shows an example of
such a written instruction. These types of emergency scenarios usually have a cen-
tral hub for operators to observe and command humans and RAS to perform specific
functions aided by ‘Command and Control’ (C2) style interfaces, where the robotic
assets are visually observable as an overlay on top of the map. These map-based
interfaces are thus dynamic in nature, adding an extra layer of complexity that we
attempt to capture herein. Although our focus is on emergency response resolution
with robots, the data and collection method are applicable to collaborative tasks
that involve moving objects with respect to a 2D map, such as in gaming and human
instruction-giving.
We created an interface for data collection (see Figure 4.2). As our target audi-

ence was the general public, we formulated our task a bit differently for this data
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Figure 4.2: AMTurk interface used for the data collection. Each user was given
9 randomly generated scenarios and for each they had to give the right command
accordingly.

collection. To display the missions, we use OpenStreetMap (Haklay and Weber,
2008), which are open source and are like everyday maps that we use to navigate
through cities. In order to make the problem a bit more challenging, instead of
only underwater vehicles, we added aerial and ground autonomous vehicles that the
users could control with natural language. Rich structured data, such as plans of
buildings or detailed maps, are key for successful deployment of RAS in these sce-
narios. However, such data is not typically easily digestible to human operators and
thus interaction using natural language instructions can be limited, which can be
particularly problematic in fast-moving collaborative scenarios such as emergency
response.

In Chapter 3, from the set of 22 preliminary dialogues that we collected and
analysed, we observed that the subjects preferred the usage of landmarks when
instructing the conversational agent. Through this pilot, it was observed that there
was a white space in terms of understanding instructions in a complex dynamic
environment and a need to address the challenges of conversing and planning with
an operator given dynamic map-based stimuli. To this end, we conducted a larger
dataset collection that would have not been feasible to scale just by employing
maritime experts and so, we used OSM, which is easily accessible to a layperson,
while still transferable, in principle, to the nautical domain.

Our contributions are summarised as follows: 1) a novel multi-modal dataset?

’https://github.com/marioskatsak/rosmi-dataset
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comprising of map-based instructions for human-robot interaction; and 2) the ac-
companying structured metadata that can be used to train language models (see
Chapters 5 and 6).

As mentioned above, the task is based on OpenStreetMap (OSM) (Haklay and

Weber, 2008). In the next subsection, we explore OSM in more detail.

4.1.1 OpenStreetMap

OpenStreetMap (OSM) (Haklay and Weber, 2008) is a massively collaborative project,
started in 2004, with the main goal to create a free editable map of the world. The
data is available under the Open Data Commons Open Database Licence (ODbL)
and has been broadly used for prior research (Gotze and Boye, 2016; Hentschel
and Wagner, 2010; Haklay and Weber, 2008). It is a collection of publicly available
geodata that are constantly being updated. It consists of many layers in order to rep-
resent different geographic attributes of the world. Physical features such as roads or
buildings are represented using tags (metadata) that are attached to its basic data
structures (its nodes, ways, and relations). There are two types of objects, nodes
and ways, with unique IDs that are described by their latitude/longitude (lat/lon)
coordinates. Nodes are single points (e.g. coffee shops) whereas ways can be more
complex structures, such as polygons or lines (e.g. streets and rivers). A compre-

hensive list of all the possible features available as metadata can be found online?.

4.1.2 Data Collection Method

We conducted a web-based data collection by crowdsourcing our task on AMTurk.
Our goal was to collect textual commands for emergency response and study how
users would refer to objects on a map in order to guide robots accurately. Each job
consisted of 9 sub-tasks; each sub-task consisted of looking at a map and writing
instructions for a set of robots to complete either an inspection or resolve an emer-
gency, such as a fire. For each of the sub-tasks, a scenario was generated based on
one of seven unique maps. Some maps had ocean coverage and their associated task

was limited to just inspection.

3wiki.openstreetmap.org/wiki/Map_Features
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We used three types of robots: a) Autonomous Underwater Vehicles (AUVs),
b) Unmanned Ground Vehicles (UGVs/Husky) (Robotics, 2011) and ¢) Unmanned
Aerial Vehicles (UAVs/drones). For each mission, every robot could perform either
or both tasks of inspecting an area or extinguishing a fire.

Task instructions: Subjects were told that there is an “assistant conversational
agent” (John), to whom they are to send instructions to direct the robots. We in-
troduced the scenarios (fire emergency vs inspection), the features of the robots (see
Figure 4.2) and told them to pick one or more robots and move them to the area
of the emergency (the Emergency Zone). Each scenario has a unique target GPS
location, hence one task for this data could be GPS location prediction. All nine
scenarios had to be completed in 20 minutes. A video tutorial* was also provided,
describing the task.

The detailed task description is as follows:

You are in charge of some robots to either inspect an area for fire or put out a fire.
For each task you will be given a list of available robots and you may choose one
or more to fulfil your mission. You can also use robots that are already on the map
by referring to their pop-up names. Robots include underwater robots, husky land
robots and drones. For each mission the abilities of each robot will be given as a
reminder.

There are two types of tasks:

e [nspection: you can send the robots to inspect an area indicated by a red box

on the map.

o Fure: If you are instructed to extinguish a fire, you will see a symbol for fire

on the map.
You have an Intelligent Chatbot, as an assistant, to help you. The chatbot under-
stands the English language well and you can text him, or in some cases, use pre-
defined commands to send robots to either the inspection area or the fire. You may
refer to any available landmarks on the map. The chatbot has the same map. Try
to use direction and distance with the help of the compass and the scale. Examples:

1. Move huskyl 30m south from the Main Tower, to prevent the fire from spread-

mng.

‘https://youtu.be/dQsgBrOeg20
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2. Send 2 drones 450m west north of the "Fiji” bus stop next to the Haydar road.

The quality of tasks was controlled by (1) accepting only AMTurkers with a pre-
vious task success rate of more than 80%; (2) checking the length of the instruction;
and (3) asking AMTurkers to respond first to one “Preliminary scenario” correctly,
before proceeding to complete the job.

In total, 127 crowdworkers completed the experiment successfully. The majority
of these workers came from the US (57%) or India (32%) and more than half of the

AMTurkers had some sort of college or bachelor’s degrees (Ross et al., 2010)5.

4.1.3 Corpus Description

The ROSMI corpus comprises: (1) 783 tuples of instructions, maps with metadata
and target GPS locations; (2) additional manual annotations related to grounding
(see below); and (3) the corresponding scenarios given to human subjects.

Each instruction datapoint was manually checked as follows: an annotator (an
author), given just the natural language instruction and the map with the robots,
attempted to process the instruction and identify the GPS location of the Emergency
Zone. If this did not match the ‘gold standard’” GPS coordinates per the scenario
map (i.e. where the inspection area was) or if the instructions were nonsensical then

the instructions were deemed of too poor quality to be of use and were discarded.

4.1.4 Manual Annotation

The corpus was further manually annotated with: (1) a link between the NL instruc-
tion and the referenced OSM entities (referred to here as “landmark grounding”);
(2) any spatial references related to the OSM entities (e.g. most northern point of
the polygon); and (3) the distance and bearing from the Emergency Zone, as referred
to in the NL instruction (referred to here as “entity recognition”).
These are discussed in detail below.
1. Landmark Grounding: Each scenario has 3-5 generated robots and an aver-
age of 30 landmarks taken from OSM. Each subject could refer to any of these
objects on the map, in order to complete the task. Grounding the correct noun

phrase to the right OSM object or robot is crucial for predicting accurately

5Due to the anonymous nature of AMTurk, we cannot report exact gender statistics.
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Figure 4.3: Landmark Grounding illustration example.

the gold-standard coordinate. Most subjects used the textual names of the
landmarks on the map to refer to them, e.g. instead of other discriminative
attributes, such as the colour or type of landmark (e.g. “coffee shop”, “su-
permarket”). They also used robot names themselves as landmarks, instead
of just OSM objects. Examples include the following where the landmark is
underlined:

Ex 1: send huskyll 62m to the west direction.
Ex 2: send 2 drones near Harborside Park (See Figure 4.3).
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USER: Send drone to southern end of pond22.

Figure 4.4: Spatial Reference illustration example.

2. Spatial References: There are also cases where objects are more than just
single point reference GPS coordinates (e.g. polygons, lines) or that subjects
use more than one object to clarify the gold-standard end state of the task. For
example:

Ex 3: send drone to southern end of pond22 (See Figure 4.4).
Ex 4: Mowve husky land robots to extinguish the fire

in between the 685 area and navy Federal credit union.
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USER: Auv17 move 1200 meters north and then 300 meters east and inspect

area.

Figure 4.5: Entity Recognition illustration example.

3. Distance/Bearing: Entities in the sentence such as numbers (e.g. 500 meters)
and directions (e.g. south, NE) were identified. In some cases, prepositions are
used instead of numbers (e.g. near, between) or multiple distances which, in
turn, need to be grounded to the right landmarks.

Ex 5: Auv17 move 1200 meters north and then 300 meters east and inspect
area (See Figure 4.5).

Ex 6: Send a drone near the Silver Strand Preserve.
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Below we show an example of a datapoint, for the instruction “Send a drone 68m

south west of chevron” together with the collected annotations (landmark, bearing,

distance etc.):

{

"sentids": [58],

"sentences": [

{

"raw":

"imgid": "3KOFOBBF2KRGR67YZJUHOPAT7DS8LNM_1",

%% ID of datapoint

"Send a drone 68m south west of chevron",

“tokens”: [nSendu, nan, "drone", "68", umu’ "SOllth", \\

"west", "of", "chevron"], "sentid": 58, "imgid": "3K9FOBBF2"}],

"image_filename": "3K9F7DS8LNM_1.png",

"scenario_items": "scenarioO.json",

"landmarks": [{

h

]

b

"name": "Chevron",
"distance from emergency zone": "68",
"bearing from emergency zone'": "22b",
"confidence": "2",

"raw GPS of landmark": [-234879,2898],
"geometry type'": "Point",

"keywords": "convenience shop ",
"GPS": [...],

"stage GPS": [...]

"dynamo_obj": [

"droneO_3KS8LNM_1",....
1,

human annotated GPS: []

gold GPS location : []
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Measures ROSMI
# Instructions/Images 783
# Tokens 7,359
# Unique tokens 359
Tokens/instr 9.39 (4-23)
Landmark /instr 1.04 (1-4)
Lexical Sophistication (LS) 0.51
Lexical Density (LD) 0.79
TTR/MSTTR 0.05/0.49

Table 4.1: Lexical Sophistication (LS), Lexical Density (LD), Type-Token Ratio
(TTR) and Mean Segmental Type-Token Ratio (MSTTR). Values in parenthesis
represent the minimum and maximum value.

4.1.5 Corpus Analysis

Table 4.1 summarises the main descriptive statistics of the ROSMI dataset. We
used spaCy® tokenizer to split the sentences into tokens resulting in 7,359 tokens.
Analysis of the text, showed that 16% of the tokens are numbers or robot names
containing numbers (e.g. 500m, husky1, robot34, husky2). In order to get a more
accurate number of the unique tokens that cover the vocabulary, we replaced all
numbers with the label “NUM” and removed the digits from the robot names (e.g.
husky23 = husky). This gave us a total of 359 unique tokens. Each instruction has
an average of 9.39 tokens, with a minimum of 4 and a maximum of 23 [9.39(4-23)].
This reflects diversity of instructions and different preferences between subjects on
how to approach the task. Furthermore, the average landmark count per instruc-
tion (Landmark/instr) is 1.04 with a minimum of 1 and a maximum of 4. Given
that the standard deviation is only 0.26, most subjects preferred to use only one
landmark to perform the task. We explored the distribution of bigrams and tri-
grams in our dataset and we show the top 20 in Figure 4.6. 69% of trigrams and
59% of bigrams are used only once in the dataset, further exhibiting diversity in
language. The bigram “NUM m” acts as an outlier with a frequency of 527; this is
to be expected, as in the majority of the instructions, the bigram “NUM m” is used

to represent the distance to the gold-standard coordinate, e.g.7‘500m”.

Shttps://spacy.io/
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Figure 4.6: The top 20 most frequent, from a long tail of one-off bigrams and trigrams
in our dataset (Left: distribution of bigrams, Right: distribution of trigrams).
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4.1.6 Lexical Richness

Lexical richness is a collection of measures on the direct relationship between the
number of terms and words used in a text and the diversity of the vocabulary.
It has been extensively used to evaluate the lexical diversity in datasets, such as
E2E (Novikova et al., 2017) and BAGEL (Mairesse et al., 2010).

Lexical sophistication (LS), also known as lexical rareness, measures the per-
centage of relatively rare or advanced word types in the text. To determine LS, we
measure it against a large corpus of the language of interest. In our case, it is the
percentage of lexical types, which are not in the list of 2,000 most frequent words
generated from the British National Corpus (BNC). The LS of our corpus is around
50%, measured using the Lexical Complexity Analyser (Ai and Lu, 2010) which is
reasonably high and compares well with the 57% LS of the E2E (Novikova et al.,
2017), a substantially larger dataset of 50k instances.

Lexical diversity (Torruella and Capsada, 2013) is another aspect of “lexical rich-
ness” and refers to the ratio of different unique types that make up our vocabulary,
to the total number of words in the corpus. It can be quantitatively measured using
several metrics such as the Type-Token Ratio (TTR) and the more robust Mean
Segmental Type-Token Ratio (MSTTR), which does not get affected by the text’s
length, as it splits it into segments of equal length. A higher value of MSTTR
means a more diverse text. Our 49% MSTTR shows a fair amount of lexical di-
versity compared to BAGEL’s 42% (Mairesse et al., 2010), but not as much as
E2E’s 75% (Novikova et al., 2017). E2E is a larger dataset with 65,710 tokens and a
larger number of different task specifications (compared to our seven unique tasks),
which were defined by more than 50k combinations of a dialogue-act-based meaning
representations, giving room for more diverse texts.

Lexical density (LD) (Johansson, 2008) is a measure of how much information
a text has. It is calculated by describing the proportion of content words such
as nouns, adjectives or verbs to the total number of words, so the more content
words there are compared to function words, such as prepositions and pronouns, the
more information can be passed on. An LD of 79%, measured against the nouns of
our corpus, infers that the instructions carry dense information that could not be

summarised further.
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4.2 Robot Electronic Navigational Chart Instruc-
tions (RENCI)

In Chapter 3, we were interested in giving instructions to AUVs and so the visual
stimulus was a C2 interface called SeeTrack (Lane et al., 2013b; Miguelanez et al.,
2011; Petillot et al., 2009), which can overlay on top of ENCs. These charts are
similar to the OSM, as they are highly complex with rich metadata of entities, but
are not common and usually only marine officers can interpret them.

Our goal is to synthesise a dataset called RENCI, by generating textual com-
mands for emergency response, similar to ROSMI, with the same annotations that
are described in Section 4.1.4, but with ENCs as maps and not OSMs. We want
to be able to generate real-world coordinates given a natural language reference or
description of an item, so as to create a robust system and evaluate it with real

human experts in Chapter 7.
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Figure 4.7: Example ENC Chart (Source: https://en.wikipedia.org/wiki/
Electronic_navigational_chart ).
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4.2.1 ENC Charts

An ENC (see Figure 4.7) is an official database created by a national hydrographic
office for use with an Electronic Chart Display and Information System (ECDIS). An
electronic chart must conform to standards stated in the International Hydrographic
Organization (IHO) Publication S-577 before it can be certified as an ENC.

ENCs are available for wholesale distribution to chart agents and resellers from
Regional Electronic Navigational Chart Centres (RENCs). Chart data is captured
based on standards stated in THO Publication S-57, and is displayed according to
a display standard set out in IHO Publication S-52 to ensure consistency of data

rendering between different systems.

Object

h hJ
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¥ h 4 hJ h 4
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Figure 4.8: S-57 architecture.

4.2.2 S-57 Data Model

The model used in our ENC Charts belongs to the S-57 architecture. In Figure 4.8,
we can see a simplified architecture of how the S-57 dataset is structured. There
are around 170 Feature Objects defined in the S-57 data model, which contain
descriptive information. Each of these objects is defined by three sets of attributes,
(e.g. colour, information, object name) from a list of 190 sets of attributes. Its
object contains Spatial Objects as well, which contain positional information,

such as latitude, longitude, depth etc. An example is shown in Appendix A.

"http://www.s-57.com/
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4.2.3 Data Generation Method

Given the enormous amount of ENC data, we generated templates using the dia-
logues (1481 utterances) from our Wizard of Oz experiment (see Chapter 3). For
instance, given the sentence “Move the survey 400m south of the shoreline”, we
generated phrases such as:

Mowve a surface vehicle 100m north of the 23 flashing light.

Mowe recovery point 400m east of the chrome bay (see Figure 4.9).

Move surveyl 400m west of the fishing facility.

Using the dialogue act “inform” from our WOz data set, we isolated around 600
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Figure 4.9: One of the seven ENC scenarios for the generation of RENCI.

instructions that provide information or move objects on the map. We further cal-
culated the similarity of each instruction using spaCy’s semantic similarity function®,
so as to further confine the types of instruction. From the remaining instructions we
carefully selected 32 unique templated sentences (see Appendix A) from the WOz
data and by swapping in landmarks, bearings, distances and robots/objects, we
generated around 9,000 data points based on seven unique ENCs. These unique
charts were chosen with a view to containing a rich set of referable landmarks, with

their zoom level adjusted to maximise the visibility of the landmarks. The (ENC

Shttps://spacy.io/usage/linguistic-features#vectors-similarity
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Measures ROSMI RENCI
# Instructions 783 9,139
# Tokens 7,359 106,627
# Unique tokens 359 832
Tokens/instruction | 9.39 (4-23) | 11.66 (2-26)
Landmark/instruction | 1.04 (1-4) 1

Table 4.2: Comparison of the crowdsourced ROSMI dataset and the synthetic
dataset RENCI. Values in parenthesis represent the minimum and maximum value.

Context, Sentence) pairs were both in the form of text, compared to ROSMI, which
includes images for training as well. These charts have mostly ocean coverage and
the tasks are also distinct from those of ROSMI.

We use three types of robots and two types of areas: a) Autonomous Underwater
Vehicles (AUVs), b) Unmanned Surface Vehicles (USVs/Boats) and ¢) Unmanned
Aerial Vehicles (UAVs/drones) to rescue vessels in distress; and for searching an
area, d) “survey area” and for excluding an area, e) “exclusion zone”. Depending
on the type of the distress signal, subjects need to localise the vessel in distress on
the chart or search an area to locate the vessel in distress or exclude some dangerous
area. Each scenario has a unique target GPS location, as in ROSMI, and is used to
predict GPS in Chapter 6.

Table 4.2 compares ROSMI and RENCI datasets. Despite RENCI being eleven
times larger, with 9,139 instructions, the unique tokens (words) are only double in
RENCI, reflecting the diversity of a crowdsourced dataset compared to a generated

one. The rest of the statistics, tokens per instructions and landmarks are similar..

4.3 Discussion

In this chapter, we introduced ROSMI, a rich multi-modal dataset comprising 783
pairs of natural language instructions-maps with accompanying metadata, and ad-
ditional manual annotations, for training end-to-end systems. It is meant to be used
for human-robot interaction tasks, with geographical maps as context. The main
goal is to be able to predict automatically GPS coordinates as target locations for
RAS. This dataset is freely available and we believe that it is a useful addition to
studying the problem of grounding language in the real world through efficient and

cost-effective crowdsourced data collections. Understanding maps and interacting
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Name | Features Turn-| Number Usage Described
based| Utterances in
WOz | Text + Vision Yes 1481 Generating syn- | Chapter 3
thetic data
ROSMI| Text + Vision No 783 Training/testing Chapter 4

MAPERT and
hybrid-MAPERT

RENCI| Text No 9139 Training/testing Chapter 4
MAPERT and
hybrid-MAPERT

Table 4.3: Summary of datasets created and used in this thesis.

with them in a natural manner is a demanding task, incorporating multiple dimen-
sions of complexity that need to be decomposed into more manageable tasks. There
are several directions we can use ROSMI to tackle the problem of GPS prediction,
some of which are landmark grounding, entity recognition or direct prediction of
lat /lon locations.

In addition, RENCI was created, a synthetically generated dataset, based on
ENCs, and ten times the size of ROSMI. This dataset, despite being synthetic, can
bootstrap the training of neural models on low resource domains such as this one
(see Table 4.3 for a complete list of the datasets described in this thesis). Following
our data generation, in Chapter 6, we train a neural model end-to-end on these data.
Then we want to train neural models to first understand and ground geographical
relations with natural language in order to incorporate it in a larger interaction
system, as described in 7.

In the next chapter, we focus on ROSMI, due to the extra vision modality, and
we implement a multi-modal neural attention model for map understanding and

GPS prediction.
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Representing and Understanding

Maps

The symbol grounding problem (Harnad, 1990) has been largely studied in the
context of mapping language to objects in situated simple (MacMahon et al., 2006;
Johnson et al., 2017) or 3D photorealistic environments (Kolve et al., 2017; Savva
et al., 2019), static images (Ilinykh et al., 2019; Kazemzadeh et al., 2014b), and
to a lesser extent on synthetic (Thompson et al., 1993) and real geographic maps
(Paz-Argaman and Tsarfaty, 2019; Haas and Riezler, 2016; Gotze and Boye, 2016).
These tasks usually relate to navigation (Misra et al., 2018; Thomason et al., 2019a)
or action execution (Bisk et al., 2018a; Shridhar et al., 2019) and assume giving
instructions to an embodied egocentric agent with a shared first-person view. Since
most rely on the visual modality to ground natural language (NL), referring to items
in the immediate surroundings: They are often less geared towards the accuracy of
the final goal destination.

The task we address here is the prediction of the GPS of a goal destination by
reference to a map or chart, which is of critical importance in applications, such as
emergency response, where specialised personnel or robots need to operate on an
exact location (see Figure 5.1 for an example). Specifically, the goal we are trying to
predict is in terms of: a) the GPS coordinates (latitude/longitude) of a referenced
landmark; b) a compass direction (bearing) from this referenced landmark; and c)
the distance in metres from the referenced landmark. This is done by taking as input

into a model: i) the knowledge base of the symbolic representation of the world such
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Figure 5.1: Subject instruction and the corresponding image, displaying 4 robots
and landmarks. The GPS of the red circled target is what the model is trying to

predict.

as landmark names and regions of interest (metadata); ii) the graphic depiction of
a map (visual modality); and iii) a worded instruction.

Our approach to the destination prediction task is two-fold. The first stage is
the data collection, in Chapter 4, for the “Robot Open Street Map Instructions”
(ROSMI) corpus based on OpenStreetMap (Haklay and Weber, 2008), in which we
gather and align NL instructions to their corresponding target destination. Whilst
OSM and other crowdsourced resources are hugely valuable, there is an element
of noise associated with the metadata collected in terms of the names of the ob-
jects on the map, which can vary for the same type of object (e.g. newsagent /kiosk,
confectionary/chocolate store etc.). Whereas the symbols on the map are from a
standard set, which one hypothesises a vision-based trained model could pick-up
on. To this end, we developed a model that leverages both vision and metadata to
process the NL instructions. The second stage is our Map Encoder Representations
from Transformers (MAPERT), a Transformer-based model based on LXMERT,
which we train and evaluate on ROSMI. It comprises of up to three single-modality

encoders for each input (i.e. vision, metadata and language). An early fusion of
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these modality components and a cross-modality encoder, which fuses the map rep-
resentation (metadata and/or vision) with the word embeddings of the instruction
in both directions, in order to predict the three outputs, i.e. reference landmark
location on the map, bearing and distance.

Experiments on the ROSMI corpus explore a) the importance of modelling both
visual and metadata modalities in order to accurately predict target destinations
especially for dense maps containing multiple visually identical landmarks, and b)
the importance of early fusion of metadata with visual features on a more challenging
zero-shot partition of our dataset. We perform an extensive ablative study and error
analysis highlighting strengths and weaknesses on variants of our models. The code
and data are available at https://github.com/marioskatsak/mapert.

The work in this chapter is described and analysed as it was exhibited in the Sec-
ond International Combined Workshop on Spatial Language Understanding (SpLU)
and Grounded Communication for Robotics (RoboNLP) at the Association for Com-
putational Linguistics (ACL) 2021 (Katsakioris et al., 2021).

The main contribution presented in this chapter is the MAPERT model that
is able to understand instructions referring to previously unseen maps and predict
GPS goal locations from a map-based natural language instruction (RQ2).

The chapter is organised as follows.Section 5.1, formulates the task and pro-
poses a large attention model, i.e. MAPERT to solve it. Section 5.2, presents the
experimental methodology, such as, implementation details and evaluation metrics.
Section 5.3, takes the highest performing ablations and shows the overall results of

MAPERT and Section 5.4, sums up the chapter.

5.1 Approach

In this section, the task is described in detail, together with MAPERT’s architecture

and training.

5.1.1 Task Formulation

An instruction is taken as a sequence of word tokens w =< wy, ws, ... wy > with

w; € V, where V is a vocabulary of words, and the corresponding geographic map
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I is represented as a set of M landmark objects o; = (bb,r,n) where bb is a
4-dimensional vector with bounding box coordinates, r is the corresponding 2048-
dimensional Region of Interest (Rol) feature vector, as in (Tan and Bansal, 2019),
produced by an object detector and n =< ny,ny...nx >, is a multi-token name.

We define a function f: VN x R¥#M x R2048M o [/ M+K _ R x R to predict the

GPS destination location ¢:

U= f(w, {o; = (bb,r,n)}M) (5.1)

Since predicting g directly from w is a harder task, we decompose it into three
simpler components, namely predicting a reference landmark location | € M, the
compass direction (bearing) b?, and a distance d from [ in metres. Then we trivially

convert to the final GPS position coordinates. Equation 5.1 now becomes:
g = gps(l,d,b) = f(w, {o; = (bb,r, n)}M) (5.2)

5.1.2 Model Architecture

Inspired by LXMERT (Tan and Bansal, 2019), we present MAPERT, a Transformer-
based (Vaswani et al., 2017a) model with three separate single-modality encoders
(for NL instructions, metadata and visual features) and a cross-modality encoder
that merges them. Figure 5.2 depicts the architecture. In the following sections, we

describe each component separately.

Instructions Encoder The word sequence w is fed to a Transformer encoder and
output hidden states hy, and position embeddings pos; its weights are initialised
using pretrained BERT (Devlin et al., 2019). hy,, is the hidden state for the special
starting token [CLS].

Metadata Encoder OSM comes with useful metadata in the form of bounding
boxes and names of landmarks on the map. We represent each bounding box as

a 4-dimensional vector bbmeta, and each name (ny) using another Transformer

1A 1024-dimensional Rol feature vector was also tested but without producing any better
results, therefore keeping the 2048 dimensions.
b€ {N,NE,NW,E,SE,S,SW,SE,W, None}.
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Figure 5.2: Architecture of MAPERT. Map representations, i.e. names of landmarks
found in OSM (metadata) and Faster-RCNN predicted objects (visual modality),
along with an instruction (sequence of tokens) are a) encoded into the model, b)
fused together (see also Figure 5.4) and c) bidirectionally attended. The output
comprises of three predictions, recast as classification tasks: a landmark, a bearing
and a distance.

initialised with pretrained BERT weights. We treat metadata as a bag of names but
since each word can have multiple tokens, we output position embeddings posy,
for each name separately; h,, are the resulting hidden states with h

hidden state for [CLS].

being the

Nk o

Visual Encoder Each map image is fed into a pretrained Faster R-CNN detec-
tor (Ren et al., 2015b), which outputs bounding boxes and Rol feature vectors bby
and ry for k objects. In order to learn better representation for landmarks, we fine-
tuned the detector on around 27k images of maps to recognise k objects {0y, .., 0%}
and classify landmarks of 213 manually-cleaned classes from OSM; we fixed k to
73 landmarks. Finally, a combined position-aware embedding was learned vy by

adding together the vectors bby and ry, as in LXMERT:

. FF(bbk)2+ FF(ry) (53)

where F'I' are feed-forward layers with no bias.

5.1.3 Variants for Fusion of Input Modalities

We describe three different approaches to combining knowledge from maps with the

NL instructions:

Metadata and Language The outputs of the metadata and language encoders

are fused by conditioning each landmark name n; on the instruction sequence via
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Figure 5.3: Metadata and Language fusion module. Multi-token names correspond
to the BERT-based embeddings of landmarks names. The output is the embedding
used to represent the landmarks names from OSM metadata.

a uni-directional cross-attention layer (Figure 5.3). We first compute the attention
weights Ay, between the name tokens ny ; of each landmark o, and instruction words
in hy,? and re-weight the hidden states h,, to get the context vectors ¢y, . We then

pool them using the context vector for the [CLS] token of each name:

Ay = CrossAttn(hy, ny) (5.4)
Cn, = A © ng (5.5)
hymeta = BertPooler(cy, ) (5.6)

We can also concatenate the bounding box bbpeta, to the final hidden states:

hmeta+bb = [hmeta;FF(bbmetak)] (57)

Metadata+Vision and Language All three modalities were fused to verify
whether vision can aid metadata information for the final GPS destination pre-
diction task (Figure 5.4). First, we filter the landmarks o; based on the Intersection
over Union between the bounding boxes found in metadata (bbyeta, ) and those pre-
dicted with Faster R-CNN (bby), thus keeping their corresponding names n; and
visual features v;. Then, we compute the instruction-conditioned metadata hidden

states heta,, as described above, and multiply them with every object v; to get the

3Whenever we refer to hidden states hy,, we assume concatenation with corresponding positional
embeddings [hy, ;posy].
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Figure 5.4: Fusion of metadata, vision and language modalities. Metadata are first
conditioned on the instruction tokens as shown in Figure 5.3. They are subsequently
multiplied with the visual features of every landmark.

final hyyetatvis context vectors:

hmeta—i—visi = hmetai ® Vi (58)

5.1.4 Map-Instructions Fusion

So far we have conditioned modalities in one direction, i.e. from the instruction to
metadata and visual features. In order to capture the influence between map and
instructions in both ways, a cross-modality encoder was implemented (right half of
Figure 5.2). Firstly each modality passes through a self-attention and feed-forward
layer to highlight inter-dependencies. Then these modulated inputs are passed to the
actual fusion component, which consists of one bi-directional cross-attention layer,
two self-attention layers, and two feed-forward layers. The cross-attention layer is a
combination of two unidirectional cross-attention layers, one from instruction tokens
(hy) to map representations (either of hmeta,, Vk O Dmetatvis,; We refer to them

below as hyap, ) and vice-versa:
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h,, = FF(SelfAtt(hy)) (5.9)

hmap, = FF(SelfAtt(hmap, ) (5.10)
Comapy, = Cr055Att (M, Dpap, ) (5.11)

Cyw = CrossAtt(Bmap, , D) (5.12)
herossw = Cw © hy (5.13)
heross.map = Crmapy, © Dimap, (5.14)
out,, = FF(SelfAtt(herossw)) (5.15)
OUtmap, = FF(Self Att(eross mapy.)) (5.16)

Note that representing hy,ap, with vision features vy only, is essentially a fusion
between the vision and language modalities. This is a useful variant of our model to
measure whether the visual representation of a map alone is as powerful as metadata,

specifically for accurately predicting the GPS location of the target destination.

5.1.5 Output Representations and Training

As shown in the right-most part of Figure 5.2, our MAPERT model has three out-
puts: landmarks, distances, and bearings. We treat each output as a classification
sub-task, i.e. predicting one of the k landmarks in the map; identifying in the NL
instruction the start and end position of the sequence of tokens that denotes a dis-
tance from the reference landmark (e.g. ‘‘500m”); and a bearing label. MAPERT’s
output comprises of two feature vectors, one for the vision and one for the language
modality generated by the cross-modality encoder.

More specifically, for the bearing predictor, we pass the hidden state outy o,
corresponding to [CLS], to a FF followed by a softmax layer. Predicting distance
is similar to span prediction for Question Answering tasks; we project each of the
tokens in out, down to 2 dimensions corresponding to the distance span boundaries

in the instruction sentence. If there is no distance in the sentence e.g. “Send a drone
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at Jamba Juice”, the model learns to predict, both as start and end position, the
final ‘end of sentence’ symbol, as an indication of absence of distance. Finally, for
landmark prediction we project each of the k map hidden states outmap, to a single
dimension corresponding to the index of the i*" landmark.

We optimise MAPERT by summing the cross-entropy losses for each of the

classification sub-tasks. The final training objective becomes:

L= Llcmd + 'Cbear + Edist,start + Edist,end (517)

5.2 Experimental Setup

Implementation Details We evaluate our model on the ROSMI dataset and as-
sess the contribution of the metadata and vision components as described above. For
the attention modules, we use a hidden layer with size of 768 as in BERTsg and
we set the numbers of all the encoder and fusion layers to 1. We initialise pretrained
BERT embedding layers (we do not show results with randomly initialised embed-
dings due to their clear disadvantage). We trained our model using Adam (Kingma
and Ba, 2015) as the optimizer with a linear-decayed learning-rate schedule (Tan
and Bansal, 2019) for 90 epochs, a dropout probability of 0.1 and learning rate of
1073,

Evaluation Metrics We use a 10-fold cross-validation for our evaluation method-
ology. This results in a less biased estimate of the model skill over splitting the data
into train/test, due to the modest size of the dataset. In addition, we performed a
leave-one-map-out cross-validation, as in Chen and Mooney (2011). In other words,
we use 7-fold cross-validation, and in each fold we use six maps for training and
one map for validation. We refer to these scenarios as zero-shot* since, in each fold,
we validate our data on an unseen map scenario. With the three outputs of our
model, landmark, distance and bearing, we indirectly predict the destination loca-
tion. Success is measured by the Intersection over Union (IoU) between the ground

truth destination location and the calculated destination location. IoU measures

4We broadly use the term zero-shot as we appreciate that there might be some overlap in terms
of street names and some objects.
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the overlap between two bounding boxes and as in Everingham et al. (2010), must

exceed 0.5 (50%) to count it as successful by the formula:

area(B, N By)

IoU =
¢ area(B, U By)

(5.18)

Since we are dealing with GPS coordinates but also image pixels, we report two error

evaluation metrics. The first is sized weighted Target error (T err) in metres, which
is the distance in metres between the predicted GPS coordinate and the ground
truth coordinate. The second is a Pixel Error (P error) which is the difference in
pixels between the predicted point in the image and the ground truth converted

from the GPS coordinate.

Comparison of Systems We evaluate our system on three variants using dif-
ferent fusion techniques, namely Meta and Language; Meta+Vision and Language;
and Vision and Language. Ablations for these systems are shown in Table 5.1 and
are further analysed in Section 5.3. We also compare MAPERT to a strong baseline.
For the baseline, we use a neural model which encodes the input features similar to
MAPERT, but instead of the bidirectional cross-attention layers in the pipeline (see
Figure 5.2), uses only feedforward layers for predicting the outputs.

Note, the Oracle of the Meta and Language has a 100% (upper bound) on both
cross-validation splits of ROSMI, whereas the oracle of any model that utilises vi-
sual features, is 80% in the 10-fold and 81.98% in the 7-fold cross-validation (lower
bound). In other words, the GPS predictor can only work with the output of the
automatically predicted entities outputed from Faster R-CNN, of which 20% are
inaccurate. Table 5.1 shows results on both oracles, with the subscript lower in-
dicating the lower bound oracle and upper indicating the “Upper Bound” oracle.
In Table 5.2, all systems are being projected on the lower bound oracle, so as to

compare them on the same footing.

5.3 Results

Table 5.2 shows the results of our model for Vision, Meta and Meta+ Vision (M+V)
on both the 10-fold cross validation and the 7-fold zero-shot cross validation. We see

that the Meta variant of MAPERT outperforms all other variants and our baseline.
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10-fold Cross Validation
Accso [SD] | T err(m) [SD]
Oraclery 80 [5.01] 23.8 [51.9]
Vision
bbox 46.18 [5.59] | 44.7 [51.7]
Rol+bbox 60.36 [5.3] | 36.4 [5L.1]
Meta+Vision
Rol+bbox+names | 69.27 [6.68] 26.9 [47.7]
Meta
bbox 46.18 [5.59] 44.7 [51.7]
names 71.81 [7.37] 26.7 [47.7]
bbox-+names 70.73 [6.58] 26.3 [48.7]
Oracleypper 100 [0.0] 0 [0]
Meta
bbox 60.36 [5.26] | 29.8 [44.9]
names 87.64 [4.8] 9.6 [29.9]
bbox+names 87.09 [5.66] 9.5 [27.2]

Table 5.1: Ablation results on ROSMI using a 10-fold cross validation. Accuracy
(Acc) with IoU of 0.5 and Target error (T err) in metres. The results in the top half
of the table use names conditioned on the lower bound of the Vision modality and
so are compared to Oracley,,. The bottom part of the table use the true metadata
names and so are to be compared to Oracle, e,

However, looking at the 10-fold results, Meta+Vision’s accuracy of 69.27% comes
almost on par with Meta’s 71.81%. If we have the harder task of no metadata, with
only the visuals of the map to work with, we can see that the Vision component
works reasonably well, with an accuracy to 60.36%.

This Vision component, despite being on a disadvantage, manages to learn the
relationship of visual features with an instruction and vice-versa, compared to our
baseline, which has no crossing between the modalities whatsoever, reaching only
33.82%. When we compare these results to the zero-shot paradigm in Table 5.2, we
see only a 7.5% reduction using Meta, whereas the Vision-only and M+V compo-
nents struggle more, with an around 10% reduction. This is understandable since
on the 7-fold validation, we tackle unseen maps, which is very challenging for the
Vision component of the models.

A two proportion z-test at significance level a = 0.05 and population n = 55
of the test data is also performed, so as to examine the significance of the different
accuracy scores between the models for Table 5.2 (including the Oracle). All models

significantly outperform the Baseline, in both the 10-fold and 7-fold cross validation.
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10-fold Cross Validation 7-fold Cross Validation
(unseen examples) (unseen scenarios)

Accsg [SD] | T err [SD] | P err [SD] | Accsg [SD] | T err (m)[SD] | P err (m) [SD]
Oracle,,, | 80 [5.0] | 23.8 [51.9] | 30.1 [96.3] | 82 [17.1] 20.1 [39) 33.3 [66.4]
Baseline | 33.8 [5.2] | 64 [57.1] | 120 [112.3] | 34.9 [11.1] | 60.7 [57.1] | 110.4 [109.7]
Meta 71.8 [7.4] | 26.7 [47.7) | 48.2 [91.2] | 64.3 [14.2] | 32.7 [50.1] 65.7 [88.4]
Vision 60.4 [5.3] | 36.4 [51.1] | 64.4 [99.6] | 49.75 [8.1] | 46.0 [54.6] 87.9 [106.0]
M+V 69.3 [6.7] | 26.9 [47.7] | 48.3 [91.4] | 58.3 [12.2] | 36.1 [46.1] 70.7 [93.3]

Table 5.2: Results on both cross-validations of the best performing ablations of
each variant and the baseline. The predictions have been made under the Oracley,,,.
Accuracy (Acc) with IoU of 0.5, Target error (T err) and Pixel error (P err) in
metres. The “unseen scenarios” refer to unseen maps, whereas “unseen examples”
refers to unseen instructions but on maps seen during training.

Although Meta has the highest accuracy score, there are no significant differences,
at level a = 0.05, between the mode ablations but one has to be careful of analysing
‘non-significance’ because one could collect more data and find significance. This
indicates that having only one, well-tailored modality on MAPERT, will not make
significant difference in the results but more experiments would need to be performed

to say this for certain.

Ablation Study We show ablations on the 10-fold as the 7-fold has similar per-
formance ordering, for all three model variants in Table 5.1. Depending on the
representation of the map for each variant, we derive three ablations for the Meta
and two for the Vision. Meta+ Vision does not have ablations, since it stands for all
possible representations (bb, r,n). Compared to the Oracle;,,,, Meta outperforms the
rest, as seen in Table 5.2. In addition, it requires only the names of the landmarks to
score the 71.73%. When we fuse the names and the bboxes, the accuracy decreases
slightly, whereas the T err decreases slightly from 26.7 metres to 26.3 metres. The
full potential of the Meta model is shown on the Oracle,py.,, which reaches 87.64%
accuracy and T err of only 9.6 metres, proof that for our task and dataset metadata
has the upper hand. It is worthwhile noting that the Vision variant would not have

reached 60.36% accuracy, without the r features, since with no fusion of Rol, the

accuracy drops to 46.18%.

Error Analysis In order to understand where the Vision and Meta models’ com-

parative strengths lie, we show some example outputs in Figure 5.5. In examples
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1)Drone? please put out the fire 1008m east of your location near
Williams St.

3) Send drone porth east of Harborside(72m)
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GOLD: Landmark:Drone?, Distance: 1008, , Bearing: East

X GOLD: Landmark: Harborside Park, Distance: 72, Bearing: N-E
2 Meta: Landmark: Williams St:Nome St_0, Distance: None,

Meta - Landmark: Harborside Elementary School, Distance: 72, Bearing: N-E
) 23 vision - Landmark: unk, Distance: 72, Bearing: N-E
Bearing: East

(Visilm: Landmark:Drone?, Distance: 1008, , Bearing: East

4) ROBOT GO TO EDGEWATER DRIVE DR: PENDLETON AND EXTINGUISH
THE FIRE
2) send husky9 120m east near Hegenberger Rd:Edgewater Dr

|
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GOLD: Landmark: IilllslﬁyB Distance: 120, Bearing: East GOLD: Landmark: Edgewater Drive Dr: Pendleton, Distance: None, Bearing: None
M Meta - Landmark: Edgewater Dr:Hegenberger Rd,

Meta - Landmark: Edgewater Drive Dr: Pendleton, Distance: None, Bearing: None
Distance: 120, Bearing: East 3¢ Vision - Landmark: Edgewater Dr:Hegenberger Rd, Distance: None, Bearing: None
Vision - Landmark: husky9, Distance: 120, Bearing: East

Figure 5.5: Examples of instructions with the corresponding maps and the accom-
panied predictions of the best performing either Vision or Meta models conditioned
on Oracley,,. Underlined words are words corresponding to the target output of the
model.
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1&2 in this figure, we see the Meta model is failing to identify the correct landmark
because the instruction is formulated in a way that allows the identification of two
landmarks. It is a matter of which landmark to choose, and the bearing, distance
that comes with it, to successfully predict the destination location. However, the
Meta model is mixing up the landmarks and the bearings. We believe it is that
perhaps the Meta model struggles with spatial relations such as “near”. The Vision
model, on the other hand, successfully picks up the three correct components for the
prediction. This might be helped by the familiarity of the symbolic representation
of the robots (husky (UGV), drones (UAV), AUV), which it is able to pick up and
use as landmarks in situations of uncertainty such as this one. Both models can
fail in situations of both visual and metadata ambiguity. In the third example, the
landmark (Harborside Park) is not properly specified and both models fail to pin-
point the correct landmark, since further clarification would be needed. The final
example in Figure 5.5 shows a situation in which the Meta model works well without
the need for a specific distance and bearing. The Vision model manages to capture

that, but it fails to identify the correct landmark.

5.4 Conclusions

We have developed a model that is able to process instructions on a map using
metadata from rich map resources such as OSM and can do so for maps that it has
not seen before with only a 10% reduction in accuracy. If no metadata is available
then the model can use Vision, although this is clearly a harder task. Vision does
seem to help in examples where there is a level of uncertainty such as with spatial
relations or ambiguity between entities.

Salin et al. (2022) examine different vision and language (VL) models, such as
LXMERT (Tan and Bansal, 2019) and UNITER (Chen et al., 2020), and also, show
that Faster-RCNN features can be a limiting factor when performing VL tasks.
Despite their ability to extract multi-modal information on some concepts, such
as colour, less objective concepts, such as position and size, are harder for these
models to grasp. Because of this limitation, these models end up relying more
on textual information, similar to our findings. In the next chapter, MAPERT

is tested on different tasks and more emphasis is given on the language-oriented
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part of MAPERT. Different types of input features are examined, especially text
metadata and a hybrid version of MAPERT is created that leverages the strength
of the language hidden state for predicting landmarks.
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Chapter 6

The Robustness of MAPERT on
Varying Datasets and New Tasks

This chapter explores the capabilities of MAPERT, which was introduced in Chap-
ter 5, by keeping the core of the model intact and testing it on different datasets,
with varied metadata and new tasks (RQ3). Specifically, MAPERT was tested on
the Blocks World task!, a dataset first proposed by Winograd (1972) and more
recently released by Bisk et al. (2016a), which explores understanding natural lan-
guage communication in a situated environment between a human and an agent. We
also evaluated MAPERT on RENCI, the synthetic dataset described in Chapter 4,
based on ENC charts, which includes expert language and complex structures.

The content presented in this chapter spans across the following three sections:

e Section 6.1 introduces the task of the Blocks World, examines various input
metadata and shows the results of an ablation study on MAPERT.

e Section 6.2 tests MAPERT on the synthetic RENCI dataset described in Chap-
ter 4 and adapts the non-parametric BM25 search method to MAPERT, so as
to create a hybrid model for predicting GPS goal locations from a map-based
natural language.

e Section 6.3 summarises the chapter and sets the ground for the next Chapter,

where we explore Human-In-The-Loop learning.

1 As part of the collaboration with Javier Chiyah Garcia.
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6.1 The Blocks World

Similar to ROSMI, the Blocks World (Bisk et al., 2016a) task investigates under-
standing natural language instructions in a situated environment (an image of blocks
rather than a map) between a human and an agent (see Figure 6.1). The human’s
goal is to arrange blocks a certain way by giving instructions to the agent, which

in turns modifies the environment. We focus on the version of the dataset where

:9 1113
-
2

Figure 6.1: Examples of all Blocks World’s block types (blank, digit and logos).
Source: https://groundedlanguage.github.io/ .

blocks have no defining features (blank-labelled) and thus need to be referenced
with challenging spatial co-references. Unlike other datasets, or the versions of this
dataset with numbers and logos in the blocks, blank blocks are much more ambigu-
ous. Thus, the blank blocks version of this dataset is an ideal setting to research
understanding natural language instructions in an ambiguous situated environment
that cannot be easily solved by an improvement of object recognition or reasoning
alone. Refer to Bisk et al. (2016a) for more information about the blocks world
dataset.

Solving the scenarios in the dataset requires: (1) predicting the block that needs
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to be moved (source block); and (2) predicting where to move it (target position).
An example instruction from the dataset is “Move the last block in the last row and

put it between the last block in the second row and the stack of blocks.”.

6.1.1 MAPERT for the Blocks World

Similar to Section 5.1, an instruction is taken as a sequence of word tokens w =<
Wi, Ws, ... wy > with wy € V., where V is a vocabulary of words. The corresponding

image I can be represented as a set of M blocks o; = (bb, r, wst, eud, sen) where:

e bb is a 4-dimensional vector with bounding box coordinates;

e 1 is the corresponding Region of Interest (Rol) feature vector produced by an
object detector;

e wst is the world state, a 3-dimensional vector with xyz coordinates where y
is the height and is always the same (unless the blocks are stacked);

e eud is the euclidean distance to edges and corners, an 8-dimensional vector
with four distances (in order, top, right, bottom, left) from the edges of the
board and four distances from the corners of the board;

e sen is the spatial encoding, a 3-dimensional vector with: (1) one value of
whether the block is stacked on top of another one; (2) one value for the East-
West split (where a block is on the table, towards the East, West or neither);
(3) North-South split (if the block is towards the North, South or neither).

We define a function f : VN x R¥#*M x R2048M o R3«M o REM o R¥M 5 R x R to

predict the target position of the block y:
7= f(w7 {0; = (bb,r, wst, eud, sen)}M) (6.1)

Since predicting ¢ directly from w is a harder task, similarly to ROSMI, we de-
compose it into three simpler components, namely predicting the source location s €
M, the compass direction (bearing) b € {N,NE, NW, E SE,S, SW,SE, W, None},

and a distance d from s in meters. Then we trivially convert to the final target po-
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sition coordinates. Equation 6.1 now becomes:
§ = position(s,d,b) = f(w,{o; = (bb,r, wst,eud,sen)} ) (6.2)

Due to the complexity of the task, we discuss mainly the classification of the
SOURCE block and not the regression error of the TARGET position, similar to Tan
and Bansal (2018).

Output Representations As in ROSMI, the model for the Blocks World has
three outputs: Source Block, distances, and bearings. We treat each output as
a classification sub-task, i.e. predicting one of the k& Source Block in the image;
the distance between the source and target position in absolute units (regression,
0 to 2); and a bearing label for the direction from source block to target position
(classification, 1 out of 9). Some details are lost due to the bearing, which is not a
degree but one of the cardinal directions: North, Southwest, etc..

MAPERT’s output comprises of two feature vectors, one hidden state for the
vision outimage and one hidden state for the language modality out,, generated by
the cross-modality encoder. More specifically, for the bearing predictor, we pass
the hidden state outy. g, corresponding to [CLS], to a FF followed by a softmax
layer. For predicting the distance, we similarly pass the hidden state out,, g, corre-
sponding to [CLS], to a FF with one output for the distance. Finally, for the source
block prediction, we project each of the £ image hidden state outimage, to a single
dimension corresponding to the index of the identified source block. We optimise
MAPERT by summing the cross-entropy losses for each of the sub-tasks. The final

training objective becomes:

L= Csou’rce + ['bear + 'Cdist (63)

6.1.2 Results

Ablations on metadata Table 6.1 shows the ablations of the various input fea-
tures that can be inserted into MAPERT. We pick the combination with the highest
SOURCE accuracy and do not display the TARGET error at this stage. The bearing
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and distance are omitted from this table, since they both fluctuate around 28-33%
accuracy and 0.32 mean absolute units error respectively. Thus, we use the SOURCE

accuracy as the metric for choosing the right combination of inputs.

MAPERT Ablation Accuracy A
(%)
1. metaM APERT 49.2 -
Vision
2. Rol features 20.0 -29.2
3. Rol features + bounding boxes 28.2 -21.0
4. Rol features + world state 29.0 20.2
Blocks Metadata
5. Bounding boxes 46.7 -2.5
6. World state 48.0 -1.2
7. World state + Bounding boxes 47.4 -1.8
8. World state + dist edges and corners 49.2 0.0
9. World state + NSWE split 45.8 -3.4
10. World state + dist edges and corners + NSWE split 49.0 -0.2
11. Oracle (upper) 100.0 +50.8

Table 6.1: Ablations of the input features for MAPERT. The difference, Delta A,
is in respect to metaMAPERT (Row 1).

From the ablation, we discover that the best performing features are a mixture
of the Blocks World dataset’s metadata, the “world state” and the distance between
the edges and corners, rather than the vision generated features, which we call
metaMAPERT (see row 1 in Table 6.1). The “world state” (see row 6) feature
which is the best standalone feature has a decreasing accuracy of only 1.2% from
metaMAPERT. The worst performing type of metadata are the Region of Interest
(Rol) features, with a considerable decreasing accuracy of -29.2% (row 2). Rol
features are visual features generated by an object detector and are compressed
representations of pixels from the objects identified in the image. If the objects
that are detected look the same as in the blank blocks task, Rols will look similar,
providing more noise than valuable information in the training. It is also observed
that input features with low performance, especially the Rol, dramatically affect the
rest (see rows 3 and 4, bounding boxes and world state respectively). The rest of the
input metadata are spatial coordinates of different kinds and we see the difference
in the performance. The bounding boxes (bbox) reach 46.67% (see row 5), twice
as much compared to the Rol features (row 1). The world state performs better at

48%, as it adds an extra dimension of height, which the bbox fail to capture. A
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combination of the world state and the euclidean distance from the edges and corners
(row 8) seem to add the most value due to the unique and clear spatial information
that we get from the dataset. The “NSWE split”, which is another spatial split of
the board in four directions, north, south, west, east seem to decrease the accuracy,

in both rows 9 and 10, and was not used in the final metaMAPERT, in row 1.

Comparison to state-of-the-art Table 6.2 shows the state-of-the-art (SOTA)
results on this version of the dataset. The first model is a simple end-to-end RNN
architecture by Bisk et al. (2016b) that could predict the source block and target
position as a classification and regression problem, respectively. This model did not
perform well in this version of the dataset where the blocks are blank and have
no defining features. Tan and Bansal (2018) improved the SOTA to a SOURCE
accuracy of 56.1%, with a more complex neural architecture using dual attention
and joint training, enabling the model to interpret challenging spatial references. In
the most recent paper for this version of the dataset, Mehta and Goldwasser (2019)
propose a model that takes in automatically-generated advice with a much simpler
architecture. It works best in terms of generating the correct target position and
is due to the restrictive advice, where the model is given a general region of the
table (i.e. top-right), as an aid. In this last work, both source and target prediction
were treated the same way as regression problems, so accuracy was not reported
in Table 6.2. Our model metaMAPERT is a large cross-attention neural network
that was fully tested on our dataset ROSMI. It is quite flexible in what the input
features and output predictions are, but the architecture was specialised for our
dataset ROSMI and due to its volume and size can be challenging to train from
scratch without any pretraining data. Training MAPERT from scratch and with
the main objective to increase the SOURCE classification accuracy, it performs close
to the SOTA at 49.16% which is impressive for a complex task as this version of
the blocks world. Although not above SOTA, the framework allows for interesting
ablations with regards to exploring metadata. We compared metaMAPERT to
the SOTA models using a two proportion z-test. We found a significant difference
(z=4.34, n=1980 p = 0.00001) between the metaMAPERT and the Dual Attention
Expectation Model. Although not above SOTA, the proposed framework allows
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Model SOURCE TARGET
Accuracy ‘ Median ‘ Mean | Median ‘ Mean

End-to-End RNN

(Bisk et al., 2016b) 10.0 3.3 3.5 3.6 3.7

Dual Attention Expectation Model

(Tan and Bansal, 2018) 56.1 0.0 2.2 2.8 3.1

4 Regions Restrictive Advice Model

(Mehta and Goldwasser, 2019) NA* 2.2 2.2 2.2 2.2

metaM APERT 49.2 0.5 2.4 4.3 4.8

Table 6.2: Final results of MAPERT compared to the previous state-of-the-art for
blank blocks. Source block accuracy is the percentage of the time that the model
predicted the correct block to move out of the 10 possible blocks in the table.
Mean and median are distances in block lengths, the lower is better. *Source block
prediction was not treated as a classification problem, so accuracy was not reported.

for interesting ablations with regards to exploring metadata. Our approach is also
promising in terms of what can be done with models that can work almost out of the
box. The main challenges will shift from modelling to data processing and feature

selection.

6.2 Robot Electronic Navigational Chart Instruc-
tions (RENCI)

RENCI is a synthetically generated dataset based on ENCs, with generated textual
commands for the domain of emergency response with UXV, similar to ROSMI, with
the same annotations that are described in Chapter 4, but with ENCs as maps and
not OSMs. Due to technical difficulties, RENCI does not come with visual maps as
ROSMI does, but only with metadata in the form of text. Despite being synthetic, it
can be useful when training neural models on low resource domains. We split RENCI
into seven different train/dev splits, to perform a 7-fold cross-validation, and in each
fold we use six charts for training and one chart for validation (limiting the validation
set to 55 examples as in ROSMI). The “vanilla” MAPERT described in Chapter 5
is not expected to perform well because the landmarks that come with ENC are not
as distinguishable as in OSM. Table 6.3 clearly shows the difference between the
quality of OSM and ENC metadata, because of the higher distinction between the

metadata names in the first one, making landmark grounding a much simpler task in
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] ROSMI \ RENCI \
1. Bank of America north san diego harbor
2. IHOP shelter islands eastern shore alb
3. Starbucks shelter islands eastern shore a lc
4. Vons 2338 the shelter island yacht basin al
5. Saturn Boulevard 0 the shelter island roadstead a la
6. Saturn Boulevard 1 the americas cup harbor a2
7. 0 americas cup harbor daybeacon 3
8. 1 americas cup harbor daybeacon 2
9. Coronado Cays Park americas cup harbor daybeacon 5
10. Towa Street americas cup harbor daybeacon 4
11. Cathy Street americas cup harbor daybeacon 6
12. | Navy Federal Credit Union americas cup harbor daybeacon 7
13. Postal Annex shelter island west end light 4

Table 6.3: Comparison of the first 13 landmarks between ROSMI’s and RENCI’s
first scenario. The same coloured words under each dataset are identical.

OSM than in ENC. Rows 6-12 and 2-6 in RENCI are almost identical with only an
identifier phrase or “ID” to show the difference. For a data-driven model, learning
to distinguish these landmarks from each other and picking the correct one can be
challenging. In ROSMI, the variety is higher, thus making it less challenging for a
general-purpose data-driven model to catch. Below, we describe a non-parametric
technique that once combined with data-driven models can create very powerful

hybrids.

6.2.1 Hybrid-MAPERT for Predicting GPS Locations

The ranking fuction, Best Matching 25 (BM25) (Robertson and Zaragoza, 2009),
which is a TF-IDF-like (Term Frequency-Inverse Document Frequency)? retrieval
function, has been used in prior work (Katsakioris et al., 2022) by the author for
performing “fuzzy” search for candidate entities in an EL pipeline for Entity Dis-
ambiguation (see Appendix C for the full paper). We draw inspiration from this
and apply the BM25 search algorithm to the task of predicting GPS coordinates by
“linking” the correct landmark the user mentions in the instruction, to the correct
ID of all landmarks on the map.
Hence, we modified our model for map representation and understanding, MAPERT,

presented in Chapter 5 and created the hybrid model by adding a non-parametric

2http:/ /i.stanford.edu/ ullman/mmds/ch1.pdf
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Figure 6.2: Overview of hybrid-MAPERT. The top ‘Landmark’ prediction head is
cut off because hybrid-MAPERT does not use it and instead uses the non-parametric
BM25 head below.

module in MAPERTs architecture (see Figure 6.2). MAPERT is a multi-task model,
with a task-specific ‘head’ network for each task that branches off two common,
shared hidden layers. This allows for fast and easy modification for task-specific
challenges and is one of the greatest advantages of these large data-driven neural
models. Instead of using our original head for landmark grounding, meaning di-
rectly predicting from the list of landmarks, we append an extra head for the task of
finding the name of the landmark in the instruction by tagging the correct tokens in
the sentence. For instance, “Send a survey auv vehicle southwest of the americas
cup harbor daybeacon 5”. This new head needs only to “tag” the landmark in
the sentence correctly. “Americas cup harbor daybeacon 5” is then passed through
the BM25 search, which contains the actual names of our landmarks from the map,
to ground the correct GPS landmark coordinate from the list of ENC landmarks.
The BM25 is the “non-parametric” part of the model and is not currently trainable,
and the landmark token prediction head is trained on the rest of the tasks (bearing,

distance) in a multitask learning manner.

6.2.2 Results

MAPERT and Hybrid-MAPERT are both trained and evaluated in 7-cross-validation
versions of ROSMI and RENCI, with results shown in Table 6.4. As expected despite
MAPERT’s success in ROSMI, with an accuracy of 72.1%, MAPERT underperforms
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ROSMI RENCI
(unseen examples) | (unseen examples)
Accuracy Accuracy
Oracleypper 100.0 100.0
MAPERT 72.1 11.7
Hybrid-MAPERT 54.17 63.9

Table 6.4: 7-fold Cross Validations on ROSMI and RENCI using as inputs the
sentence instruction and the gold metadata that come with the respective maps,
OSM for ROSMI and ENC for RENCI.

in the synthetic dataset of RENCI, with a result of 11.7%. The accuracy is low be-
cause: (1) the lack of variability in RENCI, makes it harder for a data-driven model
to learn the correct probability distributions of the task; (2) the homogeneity of
landmark metadata in RENCI acts as noise rather than valuable input features and
makes the task harder. Particularly because of this disadvantage, it is much easier
to modify MAPERT than collecting more ‘real’ data or trying to introduce new
features via feature engineering. (3) RENCI comes with no visual features, making
the landmark grounding even harder for a model with a specialised visual encoder.

Hybrid-MAPERT which acts as a hybrid solves this problem by relying more in
the language encoder than the visual. It performs almost six times better reaching
an accuracy of 63.9%, proving our point and solving the issue with the homogeneous
metadata. In ROSMI, Hybrid-MAPERT achieves an accuracy of 54.17%, which is
also decent for the task at hand and the ease of operation (plug and play). Since
ROSMI has higher variability as a dataset and since MAPERT was refined for this
dataset, it makes sense that it still surpasses Hybrid-MAPERT?.

6.3 Discussion

This chapter explored the capabilities of MAPERT, which was introduced in Chap-
ter 5, by keeping the core of the model intact and testing it on two datasets, with
varied metadata and new tasks (RQ3). Firstly, Section 6.1 examines MAPERT on
the task of the Blocks World (Bisk et al., 2016a), with various input features, both

3We perform a two proportion z-test at significance level & = 0.05 and population n = 55
of the test data (both ROSMI and RENCI), between MAPERT and hybrid-MAPERT accuracy
scores. No significant differences between the models on the ROSMI. Hybrid-MAPERT performs
significantly better on the RENCI than the regular MAPERT (z= 5.65, p = 0.0000001,p < «)
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visual and textual, by providing an ablation and also compares them with other
SOTA, allowing the exploration of various multi-modal input features and achieving
comparable accuracy while keeping the core model intact. Secondly, Section 6.2
makes a direct comparison of the capabilities of MAPERT in RENCI and ROSMI.
RENCI is ten times larger than ROSMI but has only twice the amount of unique
tokens. Therefore, there is a potential risk for confusion of the models trained
on RENCI and the introduction of noise, due to low variance. RENCI is split to
perform a 7-fold cross-validation, and in each fold six charts are used for training
and one for validation (limiting the validation set to 55 examples as in ROSMI).
hybrid-MAPERT is created by modifying the “task” heads and introducing a non-
parametric module, necessary to adapt to the new task. We conclude that the task
itself can influence the performance of MAPERT, especially on synthetic datasets
that might look similar to the dataset the model was trained on. The same applies
for the input features that are being used. Having chosen input features that work
on one dataset or task, does not imply that it will work as effectively on the other
and we see that with RENCI’s metadata; even though MAPERT was specialised
with metadata, a slight variation changed entirely the performance. Consequently,
it is important that MAPERT’s core can be kept intact and the rest be adjusted
as necessary. This leaves room for continual improvement of MAPERT with just a
few modifications when a new task is being introduced or in this case new types of
maps. In the next chapter, the possibility of continual improvement of MAPERT is
being explored after it has been deployed. This is done by incorporating human
interaction in the learning process and by training with new annotated data to im-
prove the performance without re-engineering the model. In addition, we evaluate
hybrid-MAPERT as part of a multi-modal collaborative conversational agent with

real human experts.
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Chapter 7

Expert Evaluation and Continual

Learning

In this chapter, we will be reporting on experiments on the maritime domain and
will be using charts instead of maps. For this reason, we use hybrid-MAPERT which
was introduced in Chapter 6. We create a user interface of the hybrid-MAPERT in
the form of a goal-oriented dialogue system that can collaborate with human opera-
tors and together plan missions or prevent disasters. Our aim is to (1) evaluate the
system with human subjects and (2) coming from the field of Continual and Hu-
man In The Loop learning (HITL) (Karmakharm et al., 2019), to answer whether
the end-to-end model, i.e. hybrid-MAPERT, can improve performance online by
incorporating human interaction in the learning process and by training with new
annotated data (RQ4). The chapter is organised as follows.

Section 7.1 presents our interactive learning workflow and experiment set-up. Sec-
tion 7.2 describes our “chatbot” interface, which combines our understanding model
into a conversational agent using the RASA toolkit!, together with the data aug-
mentation we performed and the evaluation methodology. Section 7.3 presents the
results of the online iterative experiment and shows some feedback from the subjects.

Finally, Section 7.4 discusses the results and summarises the chapter.

Thttps://rasa.com/docs/
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7.1 Method and Experiment Set-up

The experiment was held completely online, due to the COVID-19 pandemic, using
Microsoft Office forms and a chatbot interface, called “Hermes”, which runs on

university servers.

7.1.1 The Task

Subjects were told they were in charge of some robots to rescue vessels in distress.
There were two possibilities:

e They received a distress signal, but they need to search an area to locate the
vessel in distress (e.g. ‘Define search area to cover harbour channel.’).

e They received a distress signal so they have to localise the vessel in distress
on the chart (e.g. ‘Send aerial vehicle to search for vessel in distress in the
defined search area.’).

They are controlling three robots:
e Two autonomous ships that can go to the given location to rescue the vessel.

e One drone that can search a large area of the sea to locate the vessel in distress.

o
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Figure 7.1: Both versions of Scenario 1 as provided to the human subjects. Hermes
has access to the right version of the chart and the subjects have to collaborate with
Hermes to plan a mission as shown on the left version of the chart.

They are provided with two versions of 5 different rescue scenarios in the form of
nautical charts, to direct the robots to the location of interest (see Figure 7.1). The
first image shows the mission that needs to be performed and the second, which is

4

also “visible” to Hermes, is to help the human subjects identify all the landmarks
and refer to them in their instructions. Subjects are prompted to use direction
and distance with the help of a compass and the scale of the map which are both

provided. Each scenario can have more than one task that needs to be completed and
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subjects can write as many commands as necessary to successfully plan the mission
(see Figure 7.2 for an example interaction). A plan is considered successful if all the
required actions are performed. This is checked by the author and qualitatively by
each subject (see Section 7.3.1). Examples commands:

e Move Boat 1 30m south from the Main Tower, to board the crew.

e Send Boat 2 450m west north of the Harbour and Search for the vessel.

Figure 7.2: Example interaction between a human subject and Hermes the chatbot
on Scenario 1. The red dots symbolise an exclusion zone that has already been
communicated between Hermes and the subject.

We collected in total 41 interactions from three subjects across a period of two
weeks. Each subject was asked to login daily for a duration of two weeks and interact
with Hermes for 15-30 minutes. Unfortunately, due to the subjects’ availability the
interactions did not happen daily and consistently. However, we did get a reasonable
spread of interactions over two weeks. After each interaction, the subjects submitted
a form in which they evaluated the interaction and submitted qualitative feedback.
Subjects were free to try each scenario as many times as they thought necessary.
See Appendix B for the complete Experimental Protocol and detailed pictures of

each scenario.

7.1.2 Human-in-the-loop Learning

Our feedback-based learning approach can be used to quickly deploy data-driven
interactive models for low-resource domains. It is a simple interactive learning al-

gorithm that deploys a conversational agent, then iteratively improves the parts of
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the agent which are data-driven using user feedback and selective annotation. A
key requirement of this algorithm is the ability to cheaply and efficiently annotate
data for chosen user utterances (Iyer et al., 2017). We address this requirement by
incorporating an annotating tool inside the interface of our conversational agent, in

order for subjects to use it whenever they see fit.

| Evaluation on Test

‘ Synthetic Dataset hybrid-MAPERT

set
For re-training
O .
Data augmentation D o »e
+ preprocessing
human Hermes

operator

Feedback from
human interaction

ll

Figure 7.3: The workflow of Human-in-the-loop (HITL) in our study. The human
operators provide feedback of the model performance, so as to evaluate it, and
annotated data that are later augmented and added to the main dataset for online
re-training.

The workflow of our study is seen in Figure 7.3. Our algorithm alternates between
stages of training the model and making predictions to gather user feedback, with
the goal of improving performance in each successive stage. Hybrid-MAPERT is
initially trained on synthetic data S generated by scenario-independent templates
(see Chapter 3). Hybrid-MAPERT can predict the goal location by providing the
Landmark, the Bearing and the Distance. We extend hybrid-MAPERT with a new
classification sub-task to predict the Object type of interest in order to display objects
that the subjects are moving on the chart. The objects can be one of the following
five types: “survey area”, “exclusion zone”, “surface vehicle”, “aerial vehicle” and

“underwater vehicle”. The trained model is loaded into the chatbot User Interface

108



Chapter 7. Expert FEvaluation and Continual Learning

“Hermes”, which the subjects interact with. After each instruction, Hermes asks
the subjects whether the result is “as expected” (see Figure 7.4). Depending on
whether the user chooses “Yes/No”:

e If the subject chooses “Yes”, the subject’s language instruction is added to
the training set.

e If the subject chooses “No”, the algorithm gives the subject the option to
annotate the utterance with the correct landmark, bearing, object type and
distance before adding it to the training set.

e If the interaction fails due to a technical error (landmark not available in the
metadata or task impossible for Hermes to perform), Hermes will ask for the
subject to rephrase and repeat.

This procedure can be repeated indefinitely, with the goal to increase hybrid-MAPERT’s
accuracy; requesting fewer annotations in each successive model iteration. When an
interaction is complete, the subject is prompted to a form, so as to provide subjec-
tive and qualitative feedback. The data of the interaction are stored and prepared
for preprocessing and augmentation before adding them to .S, for the next iteration
of model training. Appropriate consent was obtained and all experiments going

forward were approved by the HWU ethics committee.

7.2 Chatbot Interface

For interfacing with hybrid-MAPERT, a rule-based chatbot, Hermes, is created,
using the RASA framework. At a high level, Hermes is a single instruction natural
language understanding system, which is trained to understand subject intents and
respond accordingly. One of the intents is for calling hybrid-MAPERT, another is
to display the predictions to the subjects or to ask subjects for annotations. It is
a single instruction system, meaning that it does not keep track of the dialogue
state. The goal here is not to create a full-fledged dialogue system but to evaluate
and increase the accuracy of hybrid-MAPERT over time with the help of human
interaction. In the scope of the emergency response domain for UXV, Hermes is an

excellent interface for hybrid-MAPERT.
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Figure 7.4: Single instruction procedure.

RASA Framework is an open source machine learning framework for automated
text and voice-based conversations. It can understand messages, hold conversations,
and connect to messaging channels and APIs. The basic concepts of RASA relevant
here are (1) Intents: what the subject is intending to ask about and are stored
in the “nlu.yml” as NLU training data, (2) Actions: what action should the bot
take upon a specific intent and is stored inside the “domain.yml”, together with all
the rule-based responses and entities. In Appendix B, we provide the contents of
all the RASA files that were used for creating Hermes. Hybrid-MAPERT and the

annotation tool, are part of the RASA framework as an action and they are being
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toggled by instructions that RASA NLU needed to be trained on. Refer to RASA?

documentation for more information on creating conversational agents.

Data Augmentation Instead of adding each data point that we collect from the
subjects in the dataset S, we modify it so as to increase the amount of data being
added in the training loop. The data augmentation strategy to improve the gener-
alisation of hybrid-MAPERT, despite the limited amount of data, is twofold. We
either, (1) replace the landmark of the new collected language instruction with five
different ones from the scenario at hand (hence creating five examples from one),
or (2) keep the landmark of the collected language instruction and generate new
sentences using it, with templates collected in the WOz study, described in Chap-
ter 3. Table 7.1, shows the amount of data that S is being augmented with, after
each training iteration, together with the number of people and scenarios involved

in that stage of collection.

7.2.1 Evaluation Methodologies

Hybrid-MAPERT has been evaluated in a 7-fold cross validation set of RENCI in
Chapter 6. Here, a new test set with a mixture of real and synthetic data is formed,
for the sole purpose of having a quantitative evaluation method between the it-
erations of the experiment. The test set consists of 66 annotated examples that
were carefully chosen by the author and an industry professional in order to be
as diverse as possible and as a measure of quality with excessive difficulty. With
the four outputs of hybrid-MAPERT, landmark, distance, object_type and bearing,
the destination location is indirectly predicted. Success is measured by the model’s
prediction capabilities on all four outputs and is seen as “Total Accuracy” in Fig-
ure 7.5, together with a separate accuracy for each output; “Landmark Accuracy”
for landmark prediction; “Bearing Accuracy” for bearing prediction and “Object
Type Accuracy” for predicting the type of object the subjects want to add on the
map.

In addition, subjective and qualitative feedback is gathered. Subjects after each

interaction were asked to (1) classify the interaction as successful or not, (2) measure

2https://rasa.com/docs/rasa/playground
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the quality of the interaction using a 5-point Likert scale, with 1 meaning Very Low
Quality and 5 Very High Quality, and (3) an open question of what they liked or

not about Hermes.

7.3 Results & Further Analysis

Table 7.1 shows the accuracy of every training iteration, accompanied by other
statistics for the model iteration. The first model, trained purely on S on the 4th
of Oct 2021, has a total accuracy of 34.85% indicating the complexity of the task
even though the test set is partially synthetic. We see the highest accuracy jump
on the 13th of Oct 2021 (3rd iteration of training) to 40.91%, potentially due to the
high amount of data collected and the high variance from the participation of all the
subjects and across all scenarios. On the 4th iteration despite the data that were
added being only around 200, we see a further increase to 42.42%. This increase
might be associated with the quality of the data collected, which span across almost
all scenarios (except scenario 4). We see a small drop at the last iteration that
could be due to the addition of noise or overfitting; in the last 3 iterations, data was

collected only from one subject at a time.

Model # examples # people Iteration scenarios Accuracy (%)
Oracle - - - - 84.85
mapert_04/10 4954 0 0 - 34.85
mapert_07/10 5014 2 1 1 34.85
mapert_13/10 5704 3 2 1,3,4,6,7 40.91
mapert_14/10 5929 1 3 1,3,6,7 42.42
mapert_15/10 6139 1 4 4,6,7 42.42
mapert_20/10 6244 1 5 6,7 40.91

Table 7.1: Models and dataset statistics during the human evaluation. The second
part of the model names represent the dates of training. The number of examples
is the total set of data per iteration.

For comparison purposes, Table 7.2 shows an offline iterative training of the
model, on data that are 100% synthetically generated. We test on various training
data sizes, so as to show the value of human participants in the process of online
learning, by comparing model iterations from our HITL framework on Table 7.1 to
an offline synthetic data training process without any human intervention. The best

offline performing model is mapert_3 has an accuracy of 39.39%, around 3% less than
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the best performing model of the HITL online training. This shows the importance
of human intervention when generating new data, even if most of the data are
synthetically generated. The model trained on 9135 examples, around 3000 more
synthetic examples than the best performing HITL model is on Table 7.1, performs
even worse with an accuracy of 36.36%. All models trained on fully synthetic data

performed worse than the best HITL model.

Model  # examples Accuracy (%)

Oracle - 84.85
mapert_2 4954 39.39
mapert_.3 5704 39.39
mapert 4 6244 37.88
mapert_5 9135 36.36

Table 7.2: Models trained only on synthetically generated data.

In Figure 7.5, we see a more detailed graph of all the accuracies across all model
iterations. On the 3rd iteration, the task that gains the most from the HITL training
is the object type prediction, with “Object Type Accuracy” going from 45.45% to
53.01%, potentially due to the fact that it is a new task that was added to hybrid-
MAPERT and there is room for improvement. In contrast, the “Bearing Accuracy”,
which is a task from both RENCI and ROSMI, meaning that the synthetic data
have already a lot of variability, is initially high at 98.48% with not much room to
expand. In addition, the already high-performing “Landmark Accuracy” increased

from 90.91% to 93.94%.

7.3.1 Subjective & Qualitative Feedback

Table 7.3 shows which scenarios were marked successful and by which subject by
the end of the experiment. Scenarios 3 and 7 were successful for subject “aaa76”
from the beginning and scenarios 1, 3 and 6 for subject “ccc12”. Subject “cccl2”’s
immediate success on these three scenarios, from the first try, might be because the
interaction happened after the 3rd iteration of training and as shown from Table 7.1,
the 3rd iteration has the highest increase in accuracy. Subject “cccl12” started with
scenario 7 and then with scenario 4, and similarly to the rest, failed to successfully
complete them on the first try. No one successfully finished scenario 4, indicating

the complexity of the scenario and potential technical issues that we will discuss
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Figure 7.5: Accuracy on the test set throughout all iterations.

further below.
Figure 7.6 shows the median subject ratings for each model iteration from Ta-
ble 7.1. Consistently, in Figure 7.6 the highest jump happens between the first and

second iteration of the model, from a median of 2.0 to 4.0.
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Figure 7.6: Median subject ratings of every model iteration, on a scale from 1 to 5.
We have no rating for the final model that was trained on Oct 20th.

Based on the open question the subjects were asked, an inductive, thematic anal-
ysis was done by the author using grounded theory with open coding from Strauss

(1987). Themes identified include:
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Scenarios aaa76 bbb22 cccl2
scenario 1:
-First NO NO

-Last

scenario 3:
-First NO
-Last NO

scenario 4:
-First  NO NO NO
-Last NO NO NO
scenario 6:
-First  NO NO

-Last NO
scenario 7:

-First NO NO

-Last

Table 7.3: Classification of first and last interaction of each scenario as successful
or not, by each subject.

Theme 1 Visual aids and enhancements: Despite the scale that was given for
each scenario, subjects had trouble calculating distances without an online visual
aid, on the chart they were meant to perform the task. There were also com-
ments on enhancing the way “exclusion zones” appeared on the chart, as it was
not always possible to cover the desired landmark, even though the predictions of
hybrid-MAPERT were correct. In addition, comments on the size and the ability to
modify the size of “survey areas” were made, as it caused some frustration to their

interaction as well.

Theme 2 Landmark mismatches: There was a disconnect between some land-
marks that were visible on the chart and the actually ones available as metadata
(especially scenario 4). This caused some frustration. A cheat sheet was given with
the available metadata landmarks, but some subjects could not find them on the

chart.

7.4 Discussion and Takeaways

From the evaluation results, both quantitative and qualitative, we saw the potential
of improving a model continually from expert subject feedback. Further questions

occur, which provide opportunities for more exploration and improvement, and are
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covered here. Firstly, it would be interesting to try the same experiment with two
different groups of testers, one who gets a trained model and one that does not
get a trained model, to see how much their judgement of the model is affected
by their adaptation to the capabilities of the program. A question arises on how
much does the belief of the subjects, that they are working with a model that
is retrained and continually improved, affect the overall qualitative feedback and
evaluation of the system. Secondly, the subjects that interacted with the model
were also annotating the examples. This methodology might be useful when the
availability of more testers is not possible but it is prone to more errors due to mental
fatigue of the testers. One subject specifically mentioned that they accidentally put
wrong annotations in two cases. This might introduce unnecessary noise in the
data. Having extra “trained” annotators can play an important role in this type of
online learning. Last, but not least, variability in the scenarios and subjects, aids
the generalisability of the model and makes it less prone to human errors.

This chapter is concerned with the improvement of a data-driven system over
time, based on human interaction and feedback in the form of annotated data with
minimal intervention. The model described here is automatically retrained overnight
with the expert data collected and augmented the same day. As with any approach
it has its drawbacks, such as the potential noise that may incur, due to the subjects’
annotations. This complete feedback loop, without intermediate intervention, opens
up new ways of building interactive systems that can function almost from scratch
and get better in time without the need for large amounts of expensive expert data or
model engineering. In addition, we got the chance to evaluate with human subjects
our map understanding model introduced in previous chapters and get valuable

feedback for future directions and functionality amplifications.
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Conclusions and Future Directions

This thesis described the development and evaluation of data-driven and non-parametric
methods for mapping natural language instructions on a map/chart, using low-
resource expert data.

This chapter summarises the main contributions and findings in Section 8.1 and
indicates possible avenues for future work in Section 8.2 (see Table 8.1 for a sum-

mary).

8.1 Contributions and Findings

This section is broken down into four subsections with alignment to the research

questions presented in the introductory chapter.

RQ1: How to address the challenge of data scarcity on low-resource
expert domains, such as when working with Autonomous Underwater
Vehicles (AUV) (Chapters 3 and 4)?

Experts, in first responder scenarios, off-shore energy installations, defence or search
and rescue, typically create a plan for vehicles using a visual interface on dedicated
hardware on-shore, days before the mission. This planning process is complicated
and requires expert knowledge. In situated dialogue, each user can perceive the en-
vironment in a different way, meaning that referring expressions need to be carefully
selected and verified, especially if the shared environment is ambiguous (Fang et al.,

2013). In order to investigate the way human experts would collaboratively make
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plans, via a CA for remote UXV, Chapter 3 presented a two-wizard WoZ study for
collecting data on a collaborative task, identifying the importance of mixed modal-
ities and object referencing for successful interaction during mission planning. The
objective is to allow more precise and efficient plans and reduce operator training
time. In addition, it will allow for anywhere access to planning for in-situ replanning
in fast-moving dynamic scenarios.

Data analysis shows that multi-modality is key to successful interaction, mea-
sured both quantitatively and qualitatively via user feedback. With the collected
WoZ data, the main strategies of how to plan a mission and make data-driven simula-
tions possible, are captured and used to create a synthetic dataset, Robot Electronic
Navigational Chart Instructions (RENCI), described in Chapter 4.

In addition, Chapter 4 presented a novel challenge, Robot Open Street Map In-
structions (ROSMI), which refers to the task of understanding maps and process
instructions, in order to generate GPS locations for the UXV. The ROSMI corpus
is to aid in the advancement of state-of-the-art visual-dialogue tasks, including ref-
erence resolution and robot-instruction understanding. The domain described here
concerns robots and autonomous systems being used for inspection and emergency
response. The ROSMI corpus is unique in that it captures interaction grounded
in map-based visual stimuli that is both human-readable to non-experts but also
contains rich metadata that is needed to plan and deploy robots and autonomous
systems, thus facilitating human-robot teaming. Furthermore, RENCI a synthet-
ically generated dataset based on ENCs that is similar but 10 times larger than
ROSMI, was also created. Despite being synthetic, this dataset can be used to
bootstrap neural model training on low-resource domains. In addition, rather than
focusing solely on neural model development, we hope to facilitate more research
into data production and processing (Zhao et al., 2020; Li et al., 2021; Shen et al.,
2021).

RQ2: How do we develop an end-to-end neural model that under-
stands natural language instructions referring to entities on maps/charts,
i.e. that can read maps (Chapter 5)7
Robust situated dialogue requires the ability to process instructions based on spatial

information, which may or may not be available. In Chapter 5, a novel end-to-end
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method is proposed, Map Encoder Representations from Transformers (MAPERT),
a model based on LXMERT that can extract spatial information from text instruc-
tions and attend to landmarks on maps (OSM) referred to in a natural language
instruction. Whilst, OSM is a valuable resource, as with any open-sourced data,
there is noise and variation in the names referred to on the map, as well as, varia-
tion in natural language instructions, hence the need for data-driven methods over
rule-based systems. The error analysis, in Section 5.3, shows that if no metadata is
available then the model can use Vision, although this is clearly a harder task. We
showed that Vision does seem to help in examples with complex spatial relations (i.e.
‘near’, ‘next to’) or ambiguity between entities.

RQ3: Is the end-to-end model, developed in (2), task-specific or does

it generalise to new tasks (Chapter 6)?
Chapter 6 explores whether or not the end-to-end model (MAPERT), developed in
Chapter 5, is generalisable to new tasks and datasets. MAPERT’s core is a large,
cross-modality encoder with multiple, task-specific prediction “heads”. By keeping
the core of the model intact, it can be easily adapted to any multi-modal task.

Firstly, it was tested on a different task of moving blocks around on a series of
images, with varied input features, both visual and textual. A completely different
task, with no GPS locations as predictions but with spatial relations and referring
expressions. In this context, MAPERT despite the different task it achieved com-
parable accuracy with the previous SOTA with a few inexpensive changes in the
model’s output, while keeping the core model intact.

Secondly, MAPERT is tested on a similar task “RENCI” (see Chapter 4), with
GPS location prediction but with input features of different variation and natural
language. Despite the similarities in the task, due to the type of input features,
adapting the output heads with an extra non-trainable prediction output was neces-
sary to achieve desirable performance, thus creating hybrid-MAPERT with the core
of the model remaining still intact.

From the aforementioned experiments, it is concluded that MAPERT can be
used for new tasks and with varying inputs allowing the fast bootstrapping of neural
model research, due to the fact that the core of the model can remain intact and

alleviate expensive modifications. With the right modifications depending on the
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task itself and the input features MAPERT can achieve the desirable performance,
particularly impressive for using data-driven models in low-resource expert domains.
RQ4: How do we embed the model in (2) into a Human-In-the-loop
framework for continual improvement through short interactions with
experts (Chapter 7)?
Previously, MAPERT and hybrid-MAPERT have been evaluated on static test sets
on various datasets and tasks. Hybrid-MAPERT, due to the maritime nature of the
task and the capabilities of this version of MAPERT on ENC charts, is inserted in a
goal-oriented multi-modal dialogue interface in order to plan for UXV missions col-
laboratively with human operators. In Chapter 7, hybrid-MAPERT was evaluated
with real human subjects, so as to proof-test its capabilities and to get valuable feed-
back for future directions. The dialogue system acted as a HITL interface and was
used to gather data, so as to retrain the model overnight from real human subjects.
The model successfully showed improvement compared to the offline iterative train-
ing. This entire feedback loop, which requires no intermediate expert intervention,
opens up new ways of developing interactive systems that by bootstrapping them
with synthetic data, can work nearly from scratch and improve over time without

the use of significant amounts of expensive expert data or model engineering.

8.2 Future Work

Over the course of this thesis, multiple questions were raised, however, the work can

be extended in various ways, which are briefly described below.

On creating expert data. Next steps for tackling the data scarcity problem
could include:

1. Training a Reinforcement Learning agent on simulated dialogues that are fully
data-driven with the reward function being derived from subjects’ preferences,
optimising for plan quality and speed. Moreover, supervised approaches that
require less data to learn, such as the Hybrid Code Networks (HCN) (Williams
et al., 2017), could be used for the creation of such a CA.

2. A standalone module for grounding referring expressions using metadata, since

a standalone module could be more easily adapted to other similar domains
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and UXV, as plug and play “API”.

Accurate representation of structured environments. In this thesis, elec-
tronic map understanding and vision-language grounding is explored, in Chapters 4
and 5. Further work involves exploring the capabilities of the end-to-end model de-
veloped here, MAPERT, on more ambiguous instructions with emphasis on spatial
relations, such as between, near, next to etc., and on metadata that are inaccurate
and new tasks (different types of maps/charts, i.e. ENC). Finally, as standalone
modules, large attention models similar to MAPERT can be used in an end-to-end
dialogue system for remote robot planning, whereby multi-turn interaction can han-
dle ambiguity and ensure reliable and safe destination prediction before instructing

remote operations.

On more generalisable multi-modal collaborative CAs. Chapter 6 showed
how a data-driven black box model can be shared throughout tasks, with different
input and output features. Modifications are still needed, but compared to expensive
re-engineering of data-driven models, feature and data engineering seems a more
cost and time effective strategy to move forward. Based on these outcomes, new
questions arise:

e on whether MAPERT can keep improving continually on different tasks, after

its deployment by incorporating human feedback in the learning process.
e how MAPERT will perform with real experts in a multi-modal collaborative

interaction.

On continual learning. The complete feedback learning loop from human inter-
actions, that is introduced in Chapter 7, opens up new ways of building interactive
systems. Future directions on this type of learning would be to experiment on larger
scale and for longer periods of time with numerous human testers, exploring the role
of human psychology in these type of CAs (with more than one group of testers)
and the effect of human mental fatigue on the quality of the data collected.
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8.3 Conclusions

This chapter summarised the work presented in this thesis and discussed the con-
tributions made. Finally, it presented directions for future work. In addition, we

present Table 8.1 by way of a final summarisation of the work.
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Research  Ques- | Finding Future Directions
tion

RQ1 How to address | Identified the importance of )

(Ch.3&4) the challenge of | object referencing on the * Remforcement .Learn—
data  scarcity on | emergency response domain me agent bl%ﬂt on
low-resource expert | for successful interaction dur- simulated dialogues
domains, such as | ing mission planning. User from the WOz data
when working with | feedback showed that multi- collected. )
Autonomous Un- | modality is key to success- ¢ A, grounding  module
derwater Vehicles | ful interaction. Findings in- 1S metada.ta from
(AUV)? clude three datasets, one from the Shareq envu‘onm?nt

a Wizard of Oz study, one of operat10n§, gllowmg
based on maps (ROSMI) and easy generalisation and
one based on charts (RENCI). scaling.

RQ2 How do we develop | Findings include a novel, . .

(Ch.5) | an end-to-end neural | end-to-end, deep learning * Explor?n.g this further
model that under- | model  (MAPERT)  that by training the model
stands natural lan- | enables multi-modal fusion on these type of instruc-
guage instructions | of features, is capable of tions and on metadz?ta
referring to entities | processing situated language that are scarce and in-
on maps/charts, i.e. | instructions and ground them accurat(?. .
that can read maps? | on different environments, ¢ Generahsab.lhty of the

such as OSM maps, using understanding mod-
various types of input data, ule on new tasks and
and can do so for maps and datascts.

charts that it has not seen

before.

RQ3 Is the end-to-end | Findings are that the task it-

(Ch.6) | model, developed in | self and the input features © MAPERT —can  be
(2), task-specific or | can greatly affect the perfor- adapted FO the new
does it generalise to | mance of the model, regard- task with THHhor
new tasks 7 less of the dataset, but with f:hanges but can it be

the core of MAPERT intact improved cor'ltlnually?

and minor modifications we ¢ H,OW does it respond
can achieve desirable perfor- with real human - ex-
mance in new tasks or do- perts?

mains (hybrid-MAPERT).

RQ4 How do we embed | The model in (2) can be im-

(Ch.7) | the model in (2) into | proved over time using the o Explore the effect of
a Human-In-the- | HITL framework with syn- jche human Psycholggy
loop framework for | thetic annotated data without in the experiment with
continual improve- | the intervention of an engi- two groups of testers.
ment through short | neer. ¢ Try a bigger scale ex-
interactions with periment and longer to
experts? see whether or not noise

will affect the quality of
the data overtime.
Table 8.1: Research questions, discovered findings, and the future work of this thesis.
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Appendix A

S-57 Data Format and Generation

of Data

A.1 The S-57 Data format

Examples of the S-57 architecture, used in the ENC Charts presented in this thesis

are shown in Figure A.1 and A.2.

Coastline

|
|

Geometric primitives: L

Set Attribute_A: CATCOA; COLOUR; CONRAD; CONVIS; ELEVAT; NOBJNM; OBJNAM; VERAGC; VERDAT;
Set Attribute_B: INFORM; NINFOM; NTXTDS; PICREP; SCAMAYX; SCAMIN; TXTDSC;
Set Attribute_C: RECDAT; RECIND; SORDAT; SORIND;

Definition:
The line where shore and water meet. Although the terminology of coasts and shores is rather confused, shoreline and coastline are
generally used as synonyms. (IHO Dictionary, S-32, 5th Edition, 858,4695)
References
INT 1: IC 1-8, 32-33;
S-4: 310; 312.1-4;
Remarks:
Distinction:
canal bank; lake shore; river bank; shoreline construction;

Figure A.1: Example of S-57 object “Coastline” taken from http://www.s-57.com/.
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I Y covou
e

Attribute type: L Usedin: $AREAS [

Expected input:
ID || Meaning || INT 1 S-4

1 || white IP 11.1; || 450.2-3;
2 || black
3 || red IP 11.2; || 450.2-3;

‘ 4 H green H IP 11.3; H 450.2-3; ‘

‘ 5 H blue H IP 11.4; H 450.2-3; ‘

6 || yellow IP 11.6; || 450.2-3;

7 || grey

8 || brown

9 || amber IP 11.8; || 450.2-3;

10 || violet IP 11.5; || 450.2-3;

11 || orange IP 11.7; || 450.2-3;

12 || magenta

13 || pink

Remarks:
No remarks.

Figure A.2: Example of S-57 attribute “Colour” taken from http://www.s-57.com/.

A.2 Generating RENCI from the WOz study

We fill the templated sentence randomly with the right type of word that goes in.
The types of words are:

1. mbjnamel: Movable object, e.g. drone

2. distl: Distance, e.g. 200

3. brngl: Bearing, e.g. southwest

4. objl: Object/landmark, e.g. Starbucks/ coastline
We provide the necessary annotation depending on the template. We split the tem-
plate, words and annotations with the “@@” symbol.
For instance, in the template “give me a {} {} {} of {} @@mbjnamel-disti-brng1-
0bj1@@obj1-dist1-brngl”, the colours represent, (1) template, (2) words and (3)

annotations respectively.
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Below we show the list of templates we collected from the WoZ study
and Seebyte expert separately:

give me a {} {} {} of {} @@mbjnamel-distl-brngl-objl@@objl-distl-brngl

and another {} {} {} of {}@@mbjnamel-distl-brngl-obji@@objil-disti-brngl

{} {} {} {} of {}0@verb-mbjnamel-distl-brngl-objl@@objil-distl-brngl

Move the {} {} {} of the {}@@mbjnamel-distl-brngl-objl@eobjl-distl-brngl

{} {} {} {} @Cmbjnamel-disti-brngl-objl@@objl-disti-brngl

{} {} at {} @@verb-mbjnamel-objl@@objl

Create‘‘{}’’ {} {} of {}, 200m wide, 500m high
@@mbjnamel-distl-brngl-objl@@objl-distl-brngl

new robot called‘‘{}’’ starts {} {} from‘‘{}’’

point1@@mbjnamel-distl-brngl-objl@@objl-distl-brngl

please {} a {} near {}@@verb-mbjnamel-obj1@@objl

add a {} near the {}@@mbjnamel-obji@Qobjl

please add a {} {} {} of {}@Ombjnamel-distl-brngl-objl@Gobji-distl-brngl

Create a second {} {} {} of the
{}.0Cmbjnamel-distl-brngl-obj1@Gobjl-distl-brngl

move both {}s {} {} of the {}@@mbjnamel-disti-brngl-objl@@objl-disti-brngl
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plan a {} {} {} of the {}@@mbjnamel-distl-brngl-objl@@objil-distl-brngl

{} {} {} {} from the {}@@verb-mbjnamel-distl-brngl-obj1@Qobjl-distl-brngl

Create an {} along the {} and move it {} by
{}@0mbjnamel-objl-brngl-dist1@@objil-disti-brngl

create two {}s {} {} of the {}@@mbjnamel-distl-brngl-obj1@Qobji-distl-brngl

make a {} {} {} from the {}.@@mbjnamel-distl-brngl-objl@Cobjl-disti-brngl

{} an {} around {}@@verb-mbjnamel-objl@eobjl

add a launch and recovery at {}@@obj1@@objl

{} has a convenient infrastructure to launch and recover the

vehicle.@@obj10@obj1

Keep off {} and danger.@@obj1@@obj1l

Create a {} on {}@@mbjnamel-obj1@@objl

Go to {}@@obj1@Cobj1

Send {} to the centre of {}@@mbjnamel-objl@Qobj1

I want one {} to patrol {}@@mbjnamel-obj1@Qobjl

Show me {}@Gobjl@Gobj1
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Patrol along the {}@@obj1@Cobj1

Go {} of floating {}.@@brngl-obj1@Gobjl-brngl

Go and Inspect the {}.0@@obj1@objl

Ensure the {} stays in {}.@@mbjnamel-obj1@Qobjl

Do not go over the {}@@obj10Qobj1

Below the words/values for filling the templated sentences are being

shown.

meteoBrngWords = {

‘0’ :[“north’, ‘up’,’above’],

‘45’ : [‘ne’, ‘north east’, ‘northeast’, ‘north-east’],

‘90’ :[‘east’, ‘right’],

€135’ :[‘se’, ‘south east’, ‘southeast’, ‘south-east’],

€180’ : [“south’, ‘down’, ‘below’],

€2257:[‘sw’, ‘south west’, ‘southwest’, ‘south-west’],

€270 : [‘west’, ‘left’],

€315’ : [‘nw’, ‘north west’, ‘northwest’, ‘north-west’],
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¢ meters’]

dist_type = [‘m’,‘ m’,

OBJECTS = [

‘none’’,

‘survey area’’,

‘exclusion zone’’,

‘surface vehicle’’,

‘aerial vehicle’’,

‘underwater vehicle’’

objects_to draw = {

‘survey area’’ :‘‘survey’’,

‘exclusion zone’’:‘‘exclusion’’,

[4

‘surface vehicle’’: ¢ ‘surface vehicle’’,

‘aerial vehicle’’:‘‘drone’’,

¢

‘underwater vehicle’’:‘‘auv’’
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robots = [‘underwater vehicle’, ‘surface vehicle’, ‘drone’, ‘aerial vehicle’ ]

words = {‘verb’ : [‘move’,‘add’, ‘set’, ‘put’, ‘create’, ‘send’]}

list_of_ints = [str(random.randint(0, 1500)) for x in range(0,k)]
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Human Evaluation

B.1 Experimental Protocol

B.1.1 The Task

You are in charge of some robots to rescue vessels in distress. There are two possi-
bilities:
e You received a distress signal so you can localise the vessel in distress on the
chart.
e You received a distress signal but you need to search an area to locate the
vessel in distress.
You are controlling three robots:
e Two autonomous ships that can go to the given location to rescue the vessel.
e One drone that can search a large area of the sea to locate the vessel in distress.
You have an Intelligent chatbot, “Hermes” as an assistant to help you tasking the
robots. The chatbot understands the English language well and you can text single
sentence commands to send the robots to either search for the vessels or to rescue
its crew. You are provided with two versions of the nautical charts to direct the
robots to the location of interest. The first image shows the mission that needs to
be performed and the second is just to help you identify all the landmarks. You may
refer to any available landmarks on the chart. The chatbot has the same second
chart. Try to use direction and distance with the help of the compass and the scale.

If one scenario needs more than one task to be done, feel free to write more than
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one command. Note, there are some areas that are dangerous and could lead to the
loss of the robots. These are blocked out areas in red in the first chart. Examples
commands:

e Move Boat 1 30m south from the Main Tower, to board the crew.

e Send Boat 2 450m west north of the Harbour and Search for the vessel.

You are provided with 5 rescue scenarios, where you receive one or more distress
signals in each scenario. For the first scenario, there are example commands included
to help you familiarise yourself with the task. A key is given for symbols on the first
chart.

Do not forget to press submit at the end of every form! Otherwise, all your

progress will be lost.

B.1.2 EXAMPLE

Location of a vessel in distress

r Area to be avoided

Area to be searched for the vessel in distress

Autonomous Surface Vehicle

Autonomous Aerial Vehicle

cal 4

Figure B.1: Compass on above and other symbols used during the experiment
below.
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Figure B.1 shows a compass and all possible symbols that can be seen in the first
image that you receive and describe the mission. Example of acceptable answers:

e Define search area to cover harbour channel.

e Send aerial vehicle to search for vessel in distress in the defined search area.

e Send surface vehicle to help vessel in distress 200m southwest of Brooks 1.

e Send surface vehicle to help vessel in distress 300m east of Brooks 1.

7

For exclusion zones you can simply type “Exclude the ....” or “Add an exclusion

zone at...”
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Figure B.2: Example scenario with items. Hermes has the same map but without
the mission items on top (Scale: 200m ——).

B.1.3 EXPERIMENT SET-UP

1. Purpose: This is a formal statement, which encompasses your hy-
pothesis. It is a statement of what question you are trying to answer
and what hypothesis you wish to test.

Coming from the field of Continual (Iyer et al., 2017) and Human In The
Loop learning (Karmakharm et al., 2019), the main Research question we are
trying to answer is whether our chatbot “Hermes” can get better online by in-
corporating human interaction in the learning process in order to improve the

performance, “the success rate” of our algorithms’ predictions by complement-
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ing the training with new annotated data. Each tester will get every day one
of the 5 selected scenarios to interact with. The testers will interact with Her-
mes with single instructions until the planning for each scenario is complete.
If they successfully plan the mission the interaction is marked as successful
and they can move on to the next scenario in their next session. If they do
not, the interaction is marked unsuccessful and in the next session they will
move on to the next scenario but also have access to the previous failed one.
This will increase the time they spent per session everyday but they will not
have to go through all of the failed scenarios daily as long as they manage to
successfully go through all of them at least once. The experiment will run for
14 days so if they work only on one scenario daily, they have an open window
to fail at least two times to plan a scenario. However, failing to successfully
plan all scenarios does not mean failure of the experiment.

2. Materials: List all major items needed to carry out your experiment.
This list need not be lengthy, but it should include the essentials.
Each subject is required to have their own laptop and internet connection to
access our chatbot.

3. Methods: How will you set up your experiment? What task will
the subjects do? How many experimental groups will you have?
How will you measure the effect you wish to study? What are your
criteria for evaluation? How long will the experiment last? What,
if any, questions will you ask the user pre-test and post-test. This
testing protocol should be detailed and handed out to each member
of the group for consistency. The experiment will be held completely
online using office forms and a chatbot which will run in university servers.
Each subject will have to login daily for a week and interact with our chatbot
“Hermes” for 15-30 minutes. After each interaction, everyday they will submit
a form in which they evaluate the interaction as successful or not. This is the
main evaluation for our system to see whether the model is becoming better
day by day. Every time an interaction is evaluated as successful the users
will gain access to the next scenario until the end of the experiment. If an

interaction of a scenario is marked as unsuccessful each user will gain access to
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the next scenario but they will have to test again the previous failed one. The
testers will have to go through all the scenarios but not necessarily succeed in
all of them. Besides that we have a static dataset of two unseen scenarios with
a mix of synthetic and real examples that we will evaluate our model daily
offline as well. These two will be our main evaluation criteria of our chatbot.
The research questions will be answered based mainly on these two metrics.
The pre and post test questions will be mainly on their experience with ENC
charts and general comments on the interaction with the chatbot that will
help us to generate statistics and and error analysis.

4. Controls: Identify the relevant control(s) condition. Think about
the variable(s) you and your group are manipulating. Think about
any confounding variables. There will be only one group of testers. The
conditions will be the same across all of them and every day they will have
access to the same retrained chatbot.

5. Data Interpretation: What will be done with the data once it is
collected? Data must be organised and summarised so that the sci-
entist himself, and other researchers can determine if the hypothesis
has been supported or negated. Results are usually shown in tables
and graphs (figures). Statistical analyses are often made to com-
pare experimented and controlled populations. The data that will be
collected everyday and will be used to retrain our chatbot overnight, automat-
ically, without any intervention of the scientists. We will keep track of the

testers’ ID and save their data in separate folders for future analysis.
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B.2 Scenarios

B.2.1 Scenario 1
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Figure B.4: Scenario 1 as shown to Hermes.
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B.2.2 Scenario 3
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Figure B.6: Scenario 3 as shown to Hermes.
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B.2.3 Scenario 4
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Figure B.7: Scenario 4 as shown to the subjects.
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Figure B.8: Scenario 4 as shown to Hermes.
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B.2.4 Scenario 6

4

Figure B.9: Scenario 6 as shown to the subjects.
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Figure B.10: Scenario 6 as shown to Hermes.
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B.2.5 Scenario 7
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Figure B.11: Scenario 7 as shown to the subjects.
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Figure B.12: Scenario 7 as shown to Hermes.
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B.3 RASA files

domain.yml

version: ‘2.0’
intents:
- greet
- goodbye
- affirm
- correct
- deny
- incorrect
- show_image
- out_of_scope
- call_mapert
- thank_you
- your_welcome
- wait
- feedback
- init_mapert
- ask_annotation
- get_user_id
- ask_scenario

- start_mapert

actions:
- call_mapert
- start_mapert
- get_user_id
- show_image
- correct
- incorrect

- ask_scenario
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- ask_annotation

entities:

annotations
- start_dist

- end_dist

- bearing

- object

- start_land

- end_land

- landmark

slots:
annotations:
type: list
start_dist:
type: float
end_dist:
type: float
bearing:
type: float
object:
type: float
start_land:
type: float
end_land:
type: float
landmark:

type: float

responses:

utter_greet:

- text: ‘‘Hi I am Hermes! What is the emergency?’’
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utter_cheer_up:
- text: ‘‘Here is something to cheer you up:’’

image: "https://i.imgur.com/nGF1K8f. jpg’’

utter_did_that_help:

- text: ‘‘Did that help you?’’

utter_happy:

- text: ‘‘Great, carry on!’’
utter_goodbye:

- text:

‘‘Goodbye! Please follow the link https://forms.office.com/r/90JYFEQLxY. "’

utter_out_of_scope:

- text: Sorry, I can’t handle that request.

utter_your_welcome:

- text: You are welcome!

utter_thank_you:

- text: Thank you, have a wonderful day!

utter_wait:

- text: Processing, please wait...

utter_engmore:

- text: Can I help you with something else?

utter_feedback:
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- text: Was the interaction successful?

session_config:
session_expiration_time: 60

carry_over_slots_to_new_session: true

domain.yml
version: ‘¢2.0%°
nlu:

- intent: greet
examples: |

- hey
- hello
- hi
- hello there
- good morning
- good evening
- moin
- hey there
- let’s go
- hey dude
- goodmorning
- goodevening

- good afternoon

- intent: goodbye
examples: |
- good afternoon

- Cu

good by

- see you later
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good night

bye

goodbye

have a nice day
see you around

bye bye

see you later
thats it thank you
mission finished

i want to give feedback
this is over

i am done

mission complete

- intent: affirm

examples: |

yes
y

indeed

of course

that sounds good

correct

- intent: deny

examples: |

no

n

never

I don’t think so
don’t like that
no way

not really
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- intent: call_mapert
examples: |

- Exclude the kelp area
- Exclude the obstruction.
- Patrol along the piles.
- Go East of floating piers.
- Survey the ruins
- Exclude the sewer area
- Inspect between the Smith Cove Buoy 1 and 3, and the coastline
- send a robot 400m south of the fisherman pt
- send an auv south 100m of fisherman point
- Can you send a boat to the anchorage Al17
- Can you exclude the coast?
- move drone22 100m right
- add exclusion zone
- patrol the area with a drone
- block the pontoons
- move boat 300m southwest
- move surface vehicle southwest
- move all vehicles
- add a boat at the claim KeyboardInte
- move auv22 north of the coast
- move the survey area 100m southwest
- boat at survey49
- survey at bottom
- go robot there
- dont go to the pontoons
- avoid the pontoons

- add a search area at the willoughby bay
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— search area at the centre

- intent: show_image
examples: |
- Show image
- Show the chart please
- image
- chart
- show the plan
- show enc chart

- show

- intent: init_mapert
examples: |
- start interaction

- start

rules.yml

version: ‘¢2.0%°

rules:

- rule: Say goodbye anytime the user says goodbye
steps:
- intent: goodbye

- action: utter_goodbye

- rule: add training data when interaction correct
steps:
- intent: correct

- action: correct
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- rule: execute annotation tool when incorrect
steps:
- intent: ask_annotation

- action: ask_annotation

- rule: get annotations when incorrect
steps:
- intent: incorrect

- action: incorrect

- rule: show image
steps:
- intent: show_image

- action: show_image

- rule: start interaction
steps:
- intent: init_mapert

- action: get_user_id
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Paper on Entity Linking
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Abstract

Understanding the semantic meaning of tabular data requires Entity Linking (EL),
in order to associate each cell value to a real-world entity in a Knowledge Base (KB).
In this work, we focus on end-to-end solutions for EL on tabular data that do not
rely on fact lookup in the target KB. Tabular data contains heterogeneous and sparse
context, including column headers, cell values and table captions. We experiment
with various models to generate a vector representation for each cell value to be
linked. Our results show that it is critical to apply an attention mechanism as well
as an attention mask, so that the model can only attend to the most relevant context
and avoid information dilution. The most relevant context includes: same-row
cells, same-column cells, headers and caption. Computational complexity, however,
grows quadratically with the size of tabular data for such a complex model. We
achieve constant memory usage by introducing a Tabular Entity Linking Lite model
(TELL ) that generates vector representation for a cell based only on its value, the
table headers and the table caption. TELL achieves 80.8% accuracy on Wikipedia
tables, which is only 0.1% lower than the state-of-the-art model with quadratic
memory usage.

1 Introduction

Tabular data, such as web tables and databases, provides invaluable information about the world.
According to Cafarella et al. (2018), by 2008, there are 14.1 billion HTML tables from Google’s
general-purpose web crawl, and 154M of them are high quality relational data. There has been
various efforts to leverage rich factual information contained in tabular data for Knowledge Base
Augmentation Ritze et al. (2016); Kruit et al. (2019), Question Answering Chen et al. (2021), etc.
These applications require to automatically interpret and understand the semantic meaning of tabular
data at scale. Entity Linking in tabular data, which target at linking a cell value (“Titanic”) in
tabular data with its corresponding real-world entity reference in a knowledge base (Q44578 in
Wikidatal), is an important step for semantic table interpretation.

Comparing with Entity Linking in unstructured text Logeswaran et al. (2019); Martins et al. (2019),
Entity Linking in tabular data needs to tackle some additional challenges. First, each cell value is an

"https://www.wikidata.org/
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Figure 1: Overview of our EL pipeline. First, all entity mentions 7T; ; are passed through the candidate
generator. The resulting list of candidates /' and the T ; with the corresponding metadata are encoded
by BERT and the entity linker, ranks and makes the final decision for each T; ;, whether it has a link
from E or not.

entity mention to be linked, the environment it appears is not a complete sentence, but other entity
mentions in short texts, real numbers, or dates. Second, besides content information in the form of
rows and columns, tabular data is usually associated with metadata information, such as HTML page
titles, table captions and column headers. For each cell in the table, this metadata information can
contain both signals and noises. Third, sizes of tables can vary significantly. Once the table schema is
determined, the size of a table can grow infinitely.

In this work, we focus on end-to-end Entity Linking solutions in tabular data, the main contributions
are as follows:

* Besides entity disambiguation, we also consider the scenarios that a cell value is not an
entity mention and the correct entity is not included in the list of candidate entities, so that
the solution is robust to errors introduced during candidate entities retrieval.

* We reduce the required prior knowledge for existing entities in the targeted KB to entity
names and entity descriptions, which increases the solution’s generalisation capability to
unseen entities.

¢ We experiment with various models to generate a vector representation for each cell value to
be linked, and verified the importance of applying an attention mechanism and an attention
mask to regulate the interactions between cell values and table metadata.

¢ We propose a simple yet effective model, Tabular Entity Linking Lite (TELL), which
generates cells’ vector representations only based on cell values and metadata. TELL
reduces the computation complexity of tabular structure aware models from quadratic to
linear while sacrificing the accuracy by 0.1%, from 80.9% to 80.8%.

2 Related Work

Most former works Ritze et al. (2016); Kruit et al. (2019) on Entity Linking in tabular data requires
fact lookup during training and inference time. These solutions can only link cell values with entities
that are well populated with facts in the targeted KB, and their entity linking capability is restricted
to only cell values in the subject column of a table. There has been some learning based Entity
Linking approaches for tabular data. However, they are either based on an assumption that the correct
entity is included in the list of retrieved candidate entities, and only focus on the disambiguation
part of the problem Deng et al. (2020); Luo et al. (2018); or they are dependent on some additional
knowledge about the entities in the KB, such as prior probabilities of entity mentions Bhagavatula
et al. (2015), entity embeddings Luo et al. (2018), or entity types Deng et al. (2020), which limit their
generalisation capability to unseen entities during training.



3 Entity Linking in Tabular Data

Without loss of generality, we assume that each table 7" consists of M data rows and /N data columns,
and T} ; represents the cell value in the i*" row and j'* column. Each table can be associated with
additional metadata, which includes: (1) Table caption C, a short text description summarizing the
content of the table; (2) Page title P, the title of the web page the table was in; (3) Table headers
H = [hy,...hn—_1], one for each column to define the table schema.

Same as Luo et al. (2018); Deng et al. (2020); Bhagavatula et al. (2015), we consider each table cell
T; ; is a potential mention for real world entities in the target KB. Specifically, we define the Entity
Linking in tabular data problem as follows:

Definition 1. Given a table T" and a target KB, link cells T; ; in T' with their corresponding
real-world entity references in the target KB if possible, while automatically detect and ignore the
ones that cannot be linked.

To increase the entity linking solution’s generalisation capability to unseen entities Logeswaran et al.
(2019) and any target KB, we only assume the existence of names and descriptions for entities in the
target KB, which is minimal comparing with former works.

Figure 1 presents an overview of our EL pipeline which consists of two stages: (1) Candidate Genera-
tion, which generates candidate entities £ for all cells in each table 7', and (2) Entity Disambiguation,
which ranks and selects the best e € E for each T} ; if there is any (refer to as NIL otherwise).

3.1 Candidate Generation

Most existing work Bhagavatula et al. (2015); Efthymiou et al. (2017); Ritze et al. (2015); Deng
et al. (2020) directly use exact string matching-based lookup services provided by the target KB to
generate candidate entities for each cell, which cannot tackle the variations of entity mentions in web
tables. A more sophisticated method for this stage, we can increase the probability of including the
right entity in the candidate entities (Pr) while introducing minimal noises. Following Ganea and
Hofmann (2017), we used an gazetteer constructed based on Wikidata entity names and alias, as well
as Wikipedia article titles, hyperlinks and redirects. Additionally, we applied BM25 to measure the
similarity between a cell value and a KB entity rather than exact string matching. According to our
analysis, the combination of gazetteer and BM25-based similarity search has increased Pg from 77%
to 88%.

3.2 Entity Disambiguation

We use a shared BERT Devlin et al. (2019) encoder to encode all the textual inputs, which include:
cell value T; ;, metadata (C, P, H), entity name €,,4m. and entity description egesc.

For a KB candidate entity, its vector representation e is achieved by adding its averaged name token
embedding and its averaged description token embedding:

e = mean(BERT (ename)) + mean(BERT (€desc)) (1)

When encoding the cells of a table we have to take into account how to model the tabular structure, if
and how to use metadata and the role of attention for the optimal representation. We compare different
ways of encoding in a top-down approach. At the top, in terms of complexity and information load
is M askAtt Enc, an encoder based on TURL Deng et al. (2020), a state-of-the-art framework for
relational table understanding that consists of a structure-aware Transformer encoder to model the
row-column structure of the table and capture the textual information and relational knowledge of
each cell. During the self-attention calculation, a “hard-coded” attention mask limits the aggregation
of information from one entity cell to other structurally related entity cells, such as cells in the same
row/column. In our ablation study, when we are not using the hard-coded attention mask, we refer to
the model as AllAttEnc.

We remove the hard-coded attention mask and we treat each cell value as a separate entity. Instead
of encoding the metadata separately using extra attention heads and fusing them with the encoded
cells, we concatenate them to each cell. We refer to the resulting module as TELL . MaskAttEnc



Splits Tables  NIL Entities

Train 554,239 16.6M 26.6M
Validation 4,738 142K 317K
Test 4,660 139K 312K

Table 1: Dataset statistics. In the ‘NIL’ column we show an estimate of the entity mentions that have
no link and in the last column the total entity mentions 7; ; from all tables.

makes predictions on the table level whereas TELL can make predictions on the individual cell level,
allowing for extra flexibility.

We simplify the entity mention representation of TELL further by removing all BERT attention
heads. We refer to these models as SingleEnc, with the cells being treated separately as in
TELL. However, instead of attention, we encode the sentence embeddings either by an LSTM,
SingleLST M Enc or by averaging the embeddings and passing them through a linear feedforward
layer, SingleLinear Enc.

After getting the vector representation for a cell, we calculate the matching score between T; ; and e
by,

exp(Ti; - €)
ZeleE exp(TZJ : 6/)
and we select the candidate with the highest probability.

P(e) = 2

4 Dataset

For our experiments we pre-processed and generated our own data splits of the WikiTables cor-
pus Bhagavatula et al. (2015). WikiTable corpus contains 1.65M tables extracted from Wikipedia
pages, and most of the tables contain hyperlinks between cell values and Wikipedia entity articles
labelled by Wikipedia contributors.

We cleaned the table cells by lower-casing their content, removing HTML tags and removing special
characters. For cells containing multiple hyperlinks, we retained the first link only. In order to
fit training batches (25 batches) in memory, we discarded tables with more than 500 cells (entity
mentions). We also discarded tables with no linked entities, and tables with either no candidates or
more than 1800 candidates overall. For computational efficiency we remove duplicate cell values
from the tables. In addition, to remove noises in Wikipedia hyperlinks, we compute the difference in
lengths between each cell value and its corresponding linked entity’s name. As long as the difference
is bigger than 10, we will ignore the hyperlink because it is very unlikely to happen.

In order to map hyperlinked Wikipedia entities in WikiTables with Wikidata entities, we use Wikimap-
2
per-.

Statistics of our data splits are summarized in Table 1. The table shows that the mean percentage of
NIL entities in all splits is around 50%. The average number of NIL entities is consistent for both the
dev and test splits.

5 Experimental Results

We evaluated our solution end-to-end using accuracy and F1 score. We first established a strong
baseline, by encoding each cell, only with the cell value using BERT. This baseline, which does not
use any extra context, achieves an accuracy of 77.5%. This baseline is simply learning mappings from
cell value embeddings to entity embeddings, we expect any approach that uses additional context to
outperform the baseline.

Table 2 shows increasing levels of ablation. It starts with Mask AttEnc, a model using both the
whole table content and the metadata, then transitions to the aforementioned baseline model, a model
using only separated cell values. The proposed solution, TELL , uses separated cell values as well
as metadata, achieves 80.8% accuracy and 79.3% F1 score, and it only requires a linear number of
parameters. The comparison between TELL and the baseline shows the importance of the metadata
and the attention that happens in each cell between its text and the metadata.

See https://github.com/jcklie/wikimapper.



Method Acec F1 Comp.
MaskAttEnc + meta (TURL)  80.9 80.3 O(n?)
SingleAttEnc + meta (TELL) 80.8 79.3 O(n)

(
AlIAttEnc + meta 78.6  78.1 O(n?)
SingleLinearEnc + meta 779 76.1 O(n)
SingleAttEnc (baseline) 775 763 O(n)
AllAttEnc 76.8 760 O(n?)
SingleLSTMEnc + meta 69.7 69.1 O(n)

Table 2: Evaluation of all variants on test set. In the Big O notation, n symbolises the number of
input cells.

On the other hand, M ask Att Enc attends to the whole table and achieves 80.9% accuracy with the
help of the attention mask. This mask regulates that each cell only attend to structurally related
cells from the entire table and the metadata. We see the importance of the attention mask when we
compare it with All Att Enc 4+ meta with a drop in accuracy of 2.3%. Without the attention mask as
a regularization method, the model fails to automatically learn the most relevant information for each
cell.

A marginal improvement (0.1%) in accuracy compared to TELL , for the sacrifice of scalability
since computation complexity of the MaskAtt Enc solution grow exponentially O(n?). This is
because M ask Att Enc needs to model the relationship between any pair of cell values, rather than
treating them separately as TELL. This also makes M ask Att Enc able to only work on small tables.
For TELL and its ablations, table size is not an issue, as long as the metadata are being passed on
together with each cell. Aside from the type of attention and the structured relatedness, we see that
the metadata are crucial and always contribute to the performance.

For tabular data is critical to apply the right attention in order to attend to the right cells when
generating the cell representations. Otherwise, information dilution from irrelevant cells will greatly
impact the performance and it might be better to simply pass each cell individually.

6 Conclusion

The state-of-the-art framework for relational table understanding (TURL) performs EL for a given
cell using a Deep Neural Network with attention that aggregates information from the whole table,
including the content and location of surrounding cells, and additional table metadata such as title,
caption and headers. TURL achieves 80.9% accuracy on Wikipedia tables, but its computation
complexity grows quadratically with the number of cells in a table.

In this paper we presented a lightweight approach for EL on tabular data that can achieve almost state-
of-the-art accuracy with linear computation complexity. We consider both challenges of candidate
retrieval and entity disambiguation, whilst trying to find a balance between the two. We showed that
metadata are crucial. In order to avoid a noisy cell representation it is important to apply the right
attention to avoid information dilution. In future work, we will focus on improving the candidate
entity retrieval mechanism, by applying some embedding based approach. Another option is to
develop solutions to transform tabular data into unstructured text, in order to leverage EL solutions
for unstructured text to tackle the problem.
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