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Integration of Vision and Language for Physical
and Cognitive Human-Robot Interaction

Abstract

While many researchers study computer vision, natural language processing,
or robotics, theworks proposed here lie at the intersection of these three domains.
In this dissertation, two domains for applyingHuman-Robot Interaction (HRI)
that combine vision and language are explored, namely physical HRI and cogni-
tive HRI. For physical HRI, the task of Vision and Language Navigation (VLN)
is considered. In VLN, there is an agent that can perceive the 360-degree view of
the environment (vision) and has to follow the language instructions of the hu-
man such as “Go to the kitchen and clean the coffee table”. For cognitive HRI,
the task ofmultimodal empathetic dialogue generation is considered. In this task,
input signals from facial expressions (vision) and the text of what the human says
(language) are provided. The agent should respond to the human empathetically
by considering these two multimodal input signals.

The first two works are related to physical HRI. The first work proposes a
method to improve the navigation performance of an agent by augmenting al-
ready existingVLNdatasets such asREVERIE. Specifically, a speakermodel that
generates language instructions for a sequence of images (for example, “Go to
the sofa and bring me the remote control.”) using an adversarial approach is pro-
posed. In the second work, the speaker model is extended to generate dialogue
whenever the navigation agent gets confused regarding where to go next.

Large LanguageModels (LLMs), such asChatGPT, have becomepopular but
thesemodels are prone to giving long and neutral answers to assist humans in one
way or another. The works proposed on cognitive HRI introduce ways to make
artificial agents respond empathetically to humans. In the first work for cogni-
tive HRI, an agent replies with parallel or reactive empathy to the human with a
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certain facial expression and the text of what is said. Specifically, a Transformer
encoder-decoder structure is used to respond to the human empathetically. The
second work also consists of an agent that learns to respond to humans empa-
thetically. However, this workmakes use of only the Transformer decodermodel
to generate the dialogue response and the model is trained using Reinforcement
Learning (RL) to respond in a manner that would make the human feel positive.

Finally, a generalized VLN agent is proposed as a work in progress. This agent
can summarize a trajectory given a sequence of images, navigate and perform
embodied questions and answering. To summarize, approaches based on Trans-
formermodels are proposed to enhance the performance ofVLNagents for phys-
ical HRI tasks. Transformer models were also finetuned to learn to respond to
humans empathetically for cognitive HRI tasks. While the two domains of phys-
ical HRI and cognitive HRI are kept segregated, ideally, a robot with general
intelligence should be able to clean the house or bring a particular object (physi-
cal HRI) and be a social companion engaging in empathetic dialogue (cognitive
HRI). In the future, a computational model that could perform both physical
HRI and cognitive HRI could be developed to investigate how these two fields
can interplay.

Keywords: Vision, Language, Robotics, Deep Learning, AI
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Integrazione di visione e linguaggio per
l’interazione fisica e cognitiva uomo-robot

Sommario

Mentre molti ricercatori studiano la computer vision, linguaggio o la robo-
tica, i ricerche qui proposti si pongono nell’intersezione di questi tre domini.
In questa dissertazione, verra’ analizzata l’interazione tra umano e robot in due
domini di applicazione differenti che combinano visione e linguaggio, ovvero
l’interazione uomo-robot fisica e quella cognitiva. Per quanto riguarda l’interazi-
one fisica uomo-robot, viene presa in considerazione la navigazione tramite vi-
sione e linguaggio. Nella navigazione tramite visione e linguaggio, un agente è
in grado di percepire la vista a 360 gradi dell’ambiente e deve seguire le istruzioni
linguistiche dell’uomo, come ad esempio “Vai in cucina e pulisci il tavolino”. Per
quanto riguarda l’interazione cognitiva uomo-robot, si considera la generazione
di dialogo empatico multimodale. In questo setting, vengono forniti segnali di
input dalle espressioni facciali (visione) e dal testo dettato dall’umano (linguag-
gio). L’agente deve rispondere all’uomo in modo empatico considerando i sud-
detti due segnali di input multimodali.

Verranno inizialmente presentati due ricerche riguardanti l’interazione fisica
uomo-robot. Il primo propone un metodo per migliorare le prestazioni di nav-
igazione di un agente, estendendo i dataset di navigazione tramite visione e lin-
guaggio già esistenti, come REVERIE. In particolare, viene proposto un mod-
ello di speaker che genera istruzioni linguistiche per una sequenza di immagini
(ad esempio, “Vai sul divano e portami il telecomando”). Nel secondo lavoro, il
modello di speaker viene esteso per generare un dialogo ogni volta che l’agente di
navigazione si confonde sulla direzione da prendere.

I Large LanguageModels, comeChatGPT, sono diventati popolari, ma questi
modelli sono inclini a fornire risposte lunghe eneutre, per assistere gli esseri umani.
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I lavori proposti sull’interazione cognitiva tra umano e robot introducono modi
per assicurarsi che gli agenti artificiali rispondano in modo empatico agli esseri
umani. Nel primo lavoro sull’interazione cognitiva uomo-robot, un agente risp-
onde con empatia parallela o reattiva all’uomo con una certa espressione facciale
e il testo di ciò che viene detto. In particolare, viene utilizzata una strutturaTrans-
former encoder-decoder per rispondere all’umano in modo empatico. Anche il
secondo studio consiste in un agente che impara a rispondere agli esseri umani in
modo empatico. Tuttavia, questo lavoro utilizza solo il modello di Transformer
decoder per generare la risposta al dialogo e il modello viene addestrato utiliz-
zando il Reinforcement Learning per rispondere in modo da migliorare lo stato
emotivo dell’umano.

Infine, viene proposto un agente di navigazione generalizzato con visione e lin-
guaggio comework inprogress. Questo agente puòdescrivere una traiettoria data
una sequenza di immagini, navigare e generare risposte alle domande. In sintesi,
sono stati proposti approcci basati su modelli di Transformer per migliorare le
prestazioni degli agenti di navigazione tramite visione e linguaggio per compiti di
interazione fisica uomo-robot. I modelli di Transformer sono stati messi a punto
anche per imparare a rispondere agli esseri umani inmodo empatico per i compiti
di interazione cognitivauomo-robot. Sebbene i duedomini dell’interazionefisica
uomo-robot e dell’interazione cognitiva uomo-robot siano tenuti separati, ideal-
mente un robot con intelligenza generale dovrebbe essere in gradodi pulire la casa
o di portare unparticolare oggetto e di essere un compagno sociale con capacità di
dialogo empatico. In futuro, si potrebbe sviluppare unmodello computazionale
in grado di eseguire sia l’interazione fisica uomo-robot che l’interazione cognitiva
uomo-robot, per studiare come questi due campi possano interagire.

Parole chiave: Visione, Linguaggio, Robotica, Deep Learning, IA
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1
Introduction

Nolonger confined to the research community, advanced technologies
likeArtificial Intelligence (AI) andDeepLearning arenowwidely em-
braced by the general public. Several people who are not even from

anAIbackground cannowconveniently chatwith artificial agents likeChatGPT
that are capable of responding tomost of the human prompts intelligently. Chat-
GPT has been trained on large amounts of textual data and the goal of the lan-
guage model is to generate the next token. It is based on the decoder part of the
Transformers model and can provide large amounts of text by generating the re-
sponse token-by-token.

After the massive success of language models like ChatGPT, recently, there
has been a growing focus on the development of multimodal Vision and Lan-
guage models. Vision and Language models are now able to perform tasks such
as image captioning, visual question and answering etc. Even roboticists are uti-
lizing these language models (like ChatGPT) to teach robots to perform various
tasks. Combining themodalities of vision, language and agency, this dissertation
addresses the integration of Vision and Languagemodalities to performHuman-
Robot Interaction (HRI).

1
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1. INTRODUCTION

While HRI can be classified into several domains, physical Human-Robot In-
teraction (pHRI) and cognitive Human-Robot Interaction (cHRI) are two of
the most common and broad in terms of their definition. pHRI is when the
robot has to make physical movements such as those of navigation or manipula-
tion in a shared human-robot environment. On the other hand, in case of cHRI
the robot has to understand human behavior, intentions and emotions and inter-
act with the human in a natural and adaptivemanner. It applies knowledge from
cognitive science, psychology, and AI to develop robots that engage naturally
and effectively with humans. By aligning robot behavior with human cognition,
cHRI aims to create more intuitive, empathetic, and trustworthy human-robot
partnerships.

The task of Vision-and-Language Navigation (VLN) is considered for pHRI.
InVision and LanguageNavigation, given a 360-degree view of the environment
and language instructions such as “Go to the sofa and bringme the remote.”, the
robot has to navigate in the environment while following the instructions. It
should be noted that the task is defined such that the robot has not previously
explored the environment and does not know the location of the rooms or the
kind of furniture that is there in the indoor environment.

For cHRI, the task of multimodal empathetic dialogue is considered. In this
task, the robot perceives the facial expression of the person and listens to the lan-
guage prompt and responds to the person in an empatheticmanner. For example,
if someone says “I am not feeling very well today” and looks sad, the robot would
respond “I am sorry to hear that. Can I do something to make you feel better?”.

Although in this dissertation two very different applications of pHRI and
cHRI are considered, in terms of technicality, vision and language models are
fine-tuned formost of the works presented here. The works here utilize the open
source language models like Bert, GPT-2, Llama2 and Llama3 etc. Different ap-
proaches are proposed like adversarial trainingusingBERTas a discriminator and
GPT-2 as a generator for captioning image sequences, as well as reinforcement
learning using facial expressions (as implicit human feedback) among others. Al-
though the two domains of pHRI and cHRI are kept segregated here, in future,
computational models can be developed to perform both kinds of tasks of VLN

2
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1.1. PROBLEM STATEMENT

as well as multimodal empathetic dialogue generation.

1.1 Problem Statement

To come up with a generalized agent that can perform pHRI tasks such as VLN
as well as cHRI tasks such as multimodal empathetic dialogue generation, years
of research is required. In this dissertation, VLN andmultimodal empathetic di-
alogue generation are treated as two separate tasks. Various methods to improve
the performance of a VLN agent are proposed. This is followed by computa-
tional models to generate multimodal empathetic dialogue.

VLN is a complex task that involves an agent toperceive the 360-degree viewof
the environment and follow human language instructions such as “Go to the liv-
ing room and clean the dining table”, while navigating in an indoor environment.
As this task involves different modalities such as vision, language and robotics,
the task is difficult and is hardly considered solved. The performance of language
models have improved significantly in the recent years and this trend is currently
being followedby the introduction of differentVision andLanguagemodels. De-
spite this, combining Vision and Language with robotics adds another layer of
complication to the problem. The success rate of a robot to be able to navigate
in an indoor environment accurately is still low.

It is still difficult for a VLN agent to reason about it’s environment effectively.
Oneway to improve the accuracy of a VLN agent is to augment the VLNdataset
and train the agentwith a large dataset. Yet another way is tomake the agent ask a
question regarding where it should go next, whenever it gets confused. Another
challenge is to build a generalizedVLNagent that can summarize a trajectory and
answer questions other than navigating.

With the advent of ChatGPT, humans are now able to talk to artificial agents.
However, the responses given by ChatGPT are often neutral and aimed at assist-
ing the human in one way or another. While simply plugging in ChatGPT into
a robot would make the robot converse intelligently, this robot would not be
able tomake an emotional connectionwith its user. This inspires the need for an
agent that can generate empathetic responses by considering amultimodal signal

3
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coming from a human’s facial expressions and the text of what is being said.
This dissertation is a step towards solving the aboveproblemsof improving the

performance of VLN agent and suggest ways to propose computational models
for multimodal empathetic dialogue generation.

1.2 Organization

This dissertation presentsways to improve the performance ofVLNagent and to
interact with an artificial agent empathetically. Both these tasks integrate Vision
and Language for HRI. In the following, a brief description of the organization
of the work is given.

In Chapter 2, a detailed description of the current literature on Vision and
Language Navigation and multimodal empathetic dialogue is presented. These
works are going to be relevant throughout the thesis.

The following two chapters are onVision andLanguageNavigation. InChap-
ter 3, a method to improve the performance of Vision and Language Navigation
is presented. Specifically, a speaker model is introduced. This speaker model can
describe the trajectory of the agent. By augmenting the datawith the instructions
provided by the speaker model for 128k unlabeled trajectories, it has been shown
that the performance of navigation improves.

Chapter 4 contains an agent that can prompt for the dialogue whenever it
gets confused regarding where to navigate. This way the agent does not always
keep taking actions in the physical space unknowingly and the performance of
navigation improves with the help the agent gets by the generated question and
answer pair.

The next two Chapters are on multimodal empathetic dialogue generation.
In Chapter 5, a robot that learns to respond to a human with parallel or reactive
empathy is presented. This robot considers the facial expressions and the text of
what the human says to respond empathetically.

Chaper 6 presents a robot that learns to generate a response to make the hu-
man feel positive. This computational model is trained using Reinforcement
Learning (RL). It assigns a positive reward if the agent’s response makes the hu-

4
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man feel positive and a negative reward if the agent’s response makes the human
feel negative.

The followingChapter 7 introduces a generalized VLN agent in a continuous
environment. This generalized agent can navigate, summarize a trajectory as well
as perform embodied question and answering. By performing various kinds of
tasks for navigation scenarios, the generalized agent for navigation can perform
the individual tasks better as well.

Finally, the conclusions with some personal considerations and future work
are presented in Chapter 8.
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2
Literature Survey

This chapter presents a literature overview of the relevant work related
to the tasks and settings proposed in this dissertation. First, the works
related to VLN tasks are presented. This includes a Section on VLN

(Section 2.1) and Vision and Dialogue Navigation (Section 2.2). These sections
are followed by the section on text generation for visual navigation in Section 2.3.
The section onmultimodal Vision andLanguagemodels (Section 2.4) is relevant
both for VLN and for multimodal empathetic dialogue generation studies. Sec-
tion 2.8 contains a review of the literature on Embodied Question Answering
(EQA) that is also linked to VLN. This is followed by the related works on empa-
thy in social robots in Section 2.5 expressing the need to introduce multimodal
empathetic dialogue in robots. Finally, Sections 2.6 and2.7present the overviews
ofGenerativeAdversarialNetworks (GANs) andReinforcement Learning (RL),
respectively. While GAN is a specific approach used for a speaker model to im-
prove the performance of VLN, RL is used for multimodal empathetic dialogue
generation and is based on emotions of humans.

7
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2.1 Vision and Language Navigation

In recent years, research aimed at the development of intelligent autonomous
agents has acquired increasing interest with the release of simulation platforms
like Gibson [145], Matterport3D [27], and Habitat [117], as well as datasets en-
abling object interaction [49, 99, 121]. Among the various embodied tasks that
are the object of this research line, Vision-and-LanguageNavigation (VLN) aims
to implement such agents withmultimodal reasoning capabilities in both indoor
and outdoor environments. In fact, VLN requires an agent to interpret human
instructions, in the form of natural language text, while perceiving observations
of the environment.

Among indoorVLNmethods, [13] first tackled the taskby adopting sequence-
to-sequence long short-term memories for action inference. [46] started exploit-
ing the panoramic observation space and introduced a module for the genera-
tion of synthetic instructions. [47] instead, used counterfactual thinking to per-
form data augmentation. More recently, [86, 87] proposed a model with a self-
monitoring agent, and [71] used dynamic convolution filters. RCM [142] used
a reinforcement learning training approach to improve cross-modal matching
and [61] implemented graphs tomodel the relations between scenes, objects, and
instructions. More recently, Transformer-based [135] models have become pop-
ular. Among these approaches, VLN!BERT[63]models time dependencies us-
ing a recurrent BERT [39], while PTA [70] andHAMT [30] used Transformers
to respectively performmultimodal fusion and exploit episode history. Topologi-
calmaps and adual-scaleTransformer are proposedby [32] to consider both long-
term action planning and fine-grained understanding. Some methods for VLN
that tried to address this lack are proposed by [97] and [34]. However, [97] used
preset language-assisted routes, and [34] limited the agent interaction toonly one
possible question, and the response given by the oracle is the next action on the
shortest path to the goal, while our approach only exchanges textual information.
Moving on to outdoor VLN approaches, the agent has to perform navigation in
an urban environment where the visual appearance is more repetitive and clear
landmarks are difficult to find. While StreetLearn [94] is the first dataset provid-
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ing panoramic views of the streets of Manhattan and Pittsburg for navigation,
it does not provide human-annotated instructions but only provides directions
and street names toward the target location. Touchdown dataset [29, 93] intro-
duces human instructions for a subset of the StreetLearn dataset. Another large-
scale dialogue dataset is called “Talk The Walk” [38] and involves two agents (a
“guide” and a “tourist”) that communicate in natural language to achieve a com-
mon goal.

Current research on VLNmethods is presented in Chapters 3 and 4.

2.2 Vision andDialogue Navigation

Constraining the navigation inVLN to follow human instructions that are given
only at the beginning of each episode could lead the agent to diverge from the cor-
rect trajectory when the match between instruction and visual cues is not clear.
In this context, extending the task by allowing the agent to generate conversations
with an oracle asking for new instructions could redirect the agent in the correct
direction to the goal. However, this relaxation of the VLN task introduces new
challenges defined by the generation of an appropriate question and by the de-
cision of the most suitable moment for such interaction. The benchmark used
to evaluate dialogue-based agents is defined by the contribution of [129], which
introduced Cooperative Vision and Dialogue Navigation (CVDN), a dataset of
over 2K embodied trajectories with human-human dialogues in the simulated
indoor environments of Matterport3D [27], and Navigation from Dialog His-
tory (NDH), a task of 7K navigation episodes using CVDN dialogues as textual
input. In particular, the CVDN dataset is annotated using two humans, a nav-
igator and an oracle, where the first has to navigate toward a predefined target
object while being able to ask the oracle for directions, and the oracle can access
the shortest path trajectory from the current position of the navigator to the tar-
get. However, most of the existing studies tackling VDN use the dialogue only
as an input for the navigation method [13, 30, 55, 104, 154, 157]. In these ap-
proaches, the agent does not generate dialogue. On the contrary, RMM [113]
designed three agents, two of them are entitled of producing a dialogue aimed at
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a target object regularly, while the third is in charge of the navigation. [156] pro-
posed a computational model that engages in dialogue only when the navigating
agent is unsure of which action to take. However, the generated dialogue is based
on textual templates and consists of questions that have affirmative or negative
answers, with the navigation agent that is rewarded for producing questions that
have “yes” as the answer. Yet another work introduces a model VISITRON that
learns when to navigate and when to ask questions [122].

Research on Vision and Dialogue Navigation is written in Chapter 4.

2.3 Text Generation for Visual Navigation

To feed a sentence as an input in a language model, it is converted into discrete
tokens. The goal of the language model is to predict the next token. Early lan-
guage models consisted of RNNs [114] and LSTMs [60] could generate short
texts. With the advent of LLMs, language models are now able to generate large
amounts of text. RNNs have a hidden state vector that allows them to retain
all the previous information about a sequence. As the sequence grows longer,
RNNs are unable to make predictions based on the initial part of the sentence.
This is due to the vanishing gradients. To solve this problem of vanishing gradi-
ents in RNNs, LSTMs were proposed. LSTMs have a forget gate, that controls
the amount of information that needs to be remembered or forgotten. Later,
the transformermodels were introduced that have an attentionmechanism to fo-
cus on particular words and use them to predict the predict the next word [135].
Transformer models directly take the whole sentence as an input, unlike RNNs
and LSTMs that consider one word as an input at a time. The traditional trans-
former architecture comprises of an encoder-decoder structure. However, the
LLMs contain only the decoder part of the transformer.

The idea of generating synthetic text for visual navigation has arisen naturally
from the goal of improving the performance of a VLN agent. In fact, from the
early work on VLN, a specific line of research focused on augmenting human-
annotated datasets with well-formed synthetic instructions [46, 90]. For exam-
ple, [155] converted the instructions provided by the Google Maps API in the
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StreetLearndataset tohuman-like instructionsusing a text-style transfer approach,
showing improvements for outdoor VLN agents. Another line of research uses
speaker models to generate textual instructions using sequences of images be-
longing to navigation trajectories. This framework can also be extended to un-
labelled environments, as shown by [31]. Synthetically augmented datasets have
been proven to improve the performance of navigation agents on several VLN
datasets [31, 46, 53, 90, 141, 155].

Research on text Generation for navigation is written in Chapters 3,4 and 7.

2.4 Multimodal Vision and LanguageModels

Image captioningmodels, such as the Show andTellmodel byVinyals et al. [138],
utilized encoder-decoder architectures where a Convolutional Neural Network
(CNN) encodes the image and a Recurrent Neural Network (RNN) generates
the caption. Subsequent models improved upon this by incorporating attention
mechanisms, allowing the model to focus on specific regions of the image while
generating each word [147].

In parallel, Visual Question Answering (VQA) emerged as a challenging task
requiring models to reason about images and understand complex queries [14].
Models like the Stacked Attention Network applied hierarchical attention to re-
late question words with image regions [149]. The introduction of the VQA
dataset spurred significant advancements by providing a large-scale benchmark.

The success of transformers in language modeling [135] inspired their appli-
cation in multimodal contexts. Vision Transformers adapted the transformer ar-
chitecture for image recognition tasks [11]. Combining these approaches,models
like ViLT [68] processed images and text using a unified transformer architecture
without relying on CNNs.

Vision and Language understanding models such as CLIP, GLIP etc. com-
prise of models that that can comprehend visual information in addition to lan-
guage [75, 105]. Most of thesemodels have zero-shot capabilities and excel at clas-
sification tasks. GLIP emphasizes object-level alignment through phrase ground-
ing [75]. Some models deploy transformer architecture for performing diverse
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vision-language tasks, including VQA and image retrieval [17]. In the recent
times, Vision and Language Understanding is not just limited to images but is
also getting extended to videos [130, 146]. GPT-4V[9], Llava [83], Flamingo [10],
PALM-E [43] are some of the models that use multimodal input and generate
text. Recent models such as Video-Llama, Video-ChatGPT etc. use videos in-
stead of images and text as an input to generate an output text [88, 152]. There
are fewworks that generatemultimodal outputwithmultimodal input [127, 128,
144].

Research related to multimodal Vision and Language models is written in
Chapters 3, 4, 5, 6 and 7.

2.5 Empathy in Social Robots

In recent years, robots have been developed beyond industrial applicationswhere
humans coexist in common spaces [151] such as in care homes [118, 137], at recep-
tions [20, 54], as educational tutors [41, 100], supporting in household chores
[150] etc. Unlike industrial robots, robots with social components are expected
to be empathetic toward humans and other social agents withwhom they share a
common space. Understanding human affective cues and responding appropri-
ately to humans is a requisite for any social robot. Various research explores the
affective modeling of humans through the lens of social robots [26, 56, 59, 133].
Among various affective cues that provide information regarding human emo-
tional states, the facial expression of emotion [76, 89] is salient. Correspondingly,
affective behaviors [110, 116] generated by robots play significant roles when de-
veloping longitudinal relationships in social environments. Due to the prerequi-
sites of understanding affective cues and behavior generation, social robots lever-
age insights from psychology and social sciences into engineering to ensure such
robots can understand and respond appropriately to human expression of emo-
tions [111]. It has been shown that social robots that are empathetic toward hu-
mans are considered friendly in interaction [73]. The facial expressions on social
robots have been shown [40] to enhance recognition of expressions of emotion
and improve the perception of warmth and attractiveness without creating un-
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canny valley effects. Apart from the ability to understand human affective cues
andbehavior generation, the physical aspect of social robots impacts the human’s
cognitive load [134].

In HHI, there is parallel empathy and a reactive empathy. Some researchers
have tried tomodel parallel and reactive empathy in virtual agents and robots [15,
92]. For normal emotion intensity, the type of empathetic reaction, parallel or re-
active is determined by the type of emotion [15]. For example, positive emotions
i.e. happiness and surprise are responded with parallel empathy towards the user
and negative emotions i.e. anger, fear, sadness and disgust are responded with
reactive empathy towards the user.

Research related to empathy in social robots is written in Chapters 5 and 6.

2.6 Generative Adversarial Networks

Generative Adversarial Networks (GANs), introduced by Goodfellow et al. [51],
have emerged as a transformative framework in generative modeling. GANs con-
sist of two competing neural networks: a generator that generates synthetic data
and a discriminator that evaluates its authenticity. This training paradigm has
spurred significant advancements across various domains, including image syn-
thesis and Natural Language Processing (NLP). It has proven remarkably effec-
tive in producing high-fidelity images and videos. Beyond the visual domain, re-
cent work has applied GANs to speech synthesis, music generation, and even
protein design, illustrating the versatility ofGANs. WhileGANs have shown im-
mense success in generating realistic data, especially in computer vision, their ap-
plication to natural language processing (NLP), however, presents unique chal-
lenges due to the discrete nature of text, making gradient-based updates non-
trivial. Over the years, researchers have proposed various approaches to adapt
GANs for NLP tasks, including text generation, style transfer, etc. Previous
works rely on REINFORCE [35] or using Gumbel-Softmax [120] to allow for
backpropagation through discreteNLP tokens. Recently, Transformer networks
were used in an adversarial manner, however, these approaches were used for the
generation of images [64, 66].

13
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Research related to GANs is written in Chapters 3.

2.7 Reinforcement Learning in NLP

In Reinforcement Learning (RL), an agent gets a positive or a negative reward
when it takes certain actions in an environment. The goal is to maximize the re-
ward by learning the kind of actionswould give positive rewards to the agent. RL
has become a prominent framework in natural language processing (NLP) for
tasks that require sequential decision-making, optimization over long horizons,
or the incorporation of human feedback.

Large Language Models (LLMs) that are trained on web-scale data use Re-
inforcement Learning with Human Feedback (RLHF) [125]. Humans provide
explicit feedback on how they find the response of the agent. LLMs are then
trained using Proximate Policy Optimization (PPO) and reward the agent posi-
tively if they find the response useful or negatively if the response is not useful.
The training is done in a three step procedure. First, an LLM is trained or fine-
tuned. This is followed by the fine-tuning of a rewardmodel. Finally, the trained
or fine-tuned model is trained using PPOwhere the rewards come from the fine-
tuned reward model.

Research related to reinforcement learning is provided in Chapter 6.

2.8 Embodied Question Answering

Embodied Question Answering (EQA) extends the capabilities of Visual Ques-
tionAnswering (VQA) by introducing an embodied agent that actively navigates
its environment to gather information and answer questions. In contrast to static
VQA, EQA emphasizes active perception and decision-makingwithin a dynamic
context. Das et al. [36] formally introduced the EQA task, defining it as one
where an agent starts in anunknownenvironment, receives aquestion (e.g., “What
color is the car in the garage?”), and must physically explore its surroundings to
provide the answer. This task inherently requires the integration of visual per-
ception, navigation, and language understanding within a single system.

14



22

2.8. EMBODIEDQUESTIONANSWERING

One key challenge in EQA is effective environment representation. Initial
works reliedongrid-basedorpixel-basedmap representations, but recent advances
have introduced semantic mapping techniques that allow agents to reason about
objects and their relationships [28]. Semanticmaps enable hierarchical planning,
allowing agents to navigate more efficiently by focusing on task-relevant areas of
the environment.

Another critical aspect of EQA is question grounding, where agents must in-
terpret natural language queries into actionable goals. Early approaches utilized
pre-defined templates for question understanding, but more sophisticatedmeth-
ods now leverage transformers and large language models to dynamically parse
complex queries [121]. These systems can handle nuanced instructions that in-
volve multi-step reasoning or conditional logic.

Interactive Question Answering (IQA), a related subfield, further expands on
EQA by introducing physical interaction as part of the reasoning process. Gor-
don et al. [52] demonstrated IQA tasks where agents manipulate objects to un-
cover hidden information (e.g., opening a cabinet to identify its contents). This
line of research highlights the importance of combining physical and cognitive
skills for embodied agents.

Research related to EQA is presented in Chapter 7.
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3
Vision and Language Model to Improve
Navigation in an Indoor Environment

In the last decade, remarkable results in Natural Language Processing, Com-
puter Vision, and Robotics have been witnessed [21]. More recently, in-
creasing interest has been devoted to research at the intersection of these

three domains [2, 22, 72]. In line with this trend, this chapter focuses on the
Vision-and-LanguageNavigation (VLN) task. When performingVLN, an agent
or a robot can perceive the 360° view of the environment and receive human in-
structions such as “Go to the living room and bring me the remote on the table”.
The agent has to follow the instructions and navigate in an unknown environ-
ment to reach the specified goal and stop there.

The development of VLN agents has significant implications for real-world
applications, including assistive robots, autonomous vehicles, etc. These agents
have the potential to operate in diverse environments, where they could assist in-

ThisChapter is related to the publication “N.Rawal et al., AIGeN:AnAdversarial Approach
for Instruction Generation in VLN, CVPRW 2024” [5]. See the list of publications on page 93
for more details.
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…

Speaker	Model

Decoder

Go to the living room and bring …

Encoder

Instruction

Real/Fake

Unlabeled Image Sequences Navigation

Figure 3.1: AIGeN is a novel GAN-like model for generating instructions given a sequence of
images. Synthetic instructions can be used as training data for a VLN model to improve its navi-
gation performance.

dividuals by guiding them through complex spaces, searching for specific objects,
or helping with everyday tasks based on spoken or written instructions. The
key challenges in VLN lie in integrating language comprehension with spatial
awareness and decision making in real-time. Agents must recognize objects, un-
derstand spatial relationships, and interpret linguistic cues within the context of
their environment.

It is not easy to find large datasets forVLN that are labeled. Human-generated
instructions needed for training VLN architectures are difficult, costly, and time
consuming to obtain. The resulting lack of annotated training data is one of
the key factors in making VLN a challenging task. Recent work [31, 46, 53,
141] has focused on generating instructions at a lower cost by employing meth-
ods for the generation of synthetic instruction. For example, Guhur et al. [53]
and Chen et al. [31] showed that generating synthetic instructions and augment-
ing the data, improves the navigation performance of the agent. Nevertheless,
Guhur et al. [53] used image-caption pairs from the web on a prohibitive total
number of 140K environments. Instead, Chen et al. [31] generated synthetic in-
structions using trajectories sampled onHM3Ddataset [109]which is composed
of 900 environments; the approach proposed in this chapter aims at improving
the quality of the generation of such instructions.

In this chapter, AIGeN, a novel computational model that can generate syn-
thetic instructions for unlabeled navigation paths, is proposed (see Figure 5.1
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for an overview). The proposed model combines a multimodal Generative Pre-
TrainedTransformer (GPT) [23] andBidirectionalEncoderRepresentations from
Transformers (BERT) [39] in an adversarial manner to generate high-quality in-
structions. In particular, the model consists of a Transformer decoder (GPT-
2) that generates sentences describing the agent’s path, using a sequence of im-
ages from the environment and the associated object detections extracted using
Mask2Former [33]. The BERT-like encoder instead serves as a discriminator and
is trained to distinguish between real and fake instructions for a given sequence
of images. This is the first approach that combines Transformer networks and a
GAN-like training procedure to generate synthetic navigation instructions.

Using this approach, the training data ofREVERIE andR2Rdatasets are aug-
mented using 217K Habitat-Matterport 3D Dataset (HM3D) trajectories and
it is shown that AIGeN-generated instructions help to improve the results of a
VLN model achieving state-of-the-art performance. Furthermore, the quality
of the proposed method is validated by evaluating the generated instructions us-
ing image description metrics [124] and comparing the downstream navigation
performance of different model configurations, showing that producing well-
formed synthetic instructions is beneficial for the training of a navigation agent.

In summary, the contributions of this work are as follows. A novel computa-
tional model, AIGeN, was proposed. This model learns to generate synthetic in-
structions for a given sequence of images in an adversarial manner. By generating
instructions for 217K unlabeled trajectories in the HM3D dataset, an improve-
ment in the performance of an off-the-shelf VLNmethod is shown.

3.1 ProposedMethod

AIGeN is used to describe an agent’s trajectory in natural language and is com-
posed of an instruction generator (visually depicted in Fig. 3.2) and an instruc-
tion discriminator. Both models are trained simultaneously using an adversarial
approach, which aims to improve the performance of the generator and the qual-
ity of the generated instructions. The general model is shown in Fig. 5.2.
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3.1.1 Instruction Generator

The generator is a language model that is responsible for describing the actions
needed to reach the target location. The proposed model uses a pre-trained lan-
guage model that is fine-tuned conditioning on visual inputs to achieve multi-
modal capabilities similar toAlayrac et al. [10]. However, insteadof just using the
GPT-2 decoder for instruction generation, it is used in combination with BERT
in a GAN-like manner to generate better-quality instructions that are more di-
verse.

The overall approach takes the images from the environment the agent has
to traverse and feeds them into a pre-trained ResNet-152 [57] encoder to obtain
image features. Next, when generating instructions for Habitat-Matterport 3D
(HM3D) environments, all objects in the given sequence of images are extracted
using Mask2Former [33] trained on ADE20K to enrich the visual features with
object names. This input is fed into the decoder along with the first BOS token
using the concatenation of visual features and object names as a prompt for the
language model. The GPT-2 decoder is trained to predict subsequent language
tokens to generate a complete language instruction that describes the actions of
the agent until the last image. Differently from [10], AIGeN flattens the tokens
of both images and text before feeding them to theGPT-2 decoder. Furthermore,
to effectively segregate visual information from textual information, position and
segment embeddings are used in addition to tokens, as shown in Fig. 3.2. For-
mally,

y = GPT
([

v0, .., vt
Images

, otgt, o0.., on,
Objects

BOS, i1, .., im,
Instruction

EOS
])

(3.1)

where (v0, ..., vt) denotes the set of visual features for images of the trajectory, otgt
indicates the target object label, (o0, ..., on) denote the names of the objects in the
last image, BOS and EOS are begin of string and end of string tokens respectively.
Consequently, (i1, ..., im) denotes the tokens that correspond to the instruction.

The result of the generation is defined starting from the output of the decoder
following the BOS, autoregressively generating the instructions token by token
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and allowing backpropagation through the sampled tokens using the Gumbel-
Softmax [120] trick.

3.1.2 Instruction Discriminator

The inputs of the BERT encoder are image features, tokens of the names of ob-
jects in the images, and an instruction. Similarly to the inputs for the GPT-2 de-
coder, the images are first fed into a pre-trained ResNet-152 [57] visual encoder
to obtain image features. Then, a fully connected layer followed by a sigmoid
function is used to process the results of the BERToutput. The output is simply
real or fake; real if the given instruction matches the given sequence of images,
and fake otherwise. Finally, binary cross-entropy loss is used to minimize the
error between the actual output as real or the generated output as fake. A well-
trained discriminator should classify ground-truth instructions as real and gen-
erated instructions as fake. Like the decoder, the BERT input employs position
embeddings and segment embeddings in addition to token embeddings.

3.1.3 Adversarial Training

Theproposedmethod, shown inFig. 5.2, follows an adversarial training approach,
where the generatorG is trained to fool the discriminatorD, while the discrimina-
tor is taught to distinguish between real and fake instructions. The generator is
trained to generate instructions as close to ground-truth instructions as possible
byminimizing the cross-entropy loss between the generated instructions and the
ground-truth instructions. The generator loss is defined as:

LG = − log(D(IG, xxx)), (3.2)

where IG ∈ G(xxx) is the generated instruction and xxx is the sequence of images
belonging to the trajectory.
The discriminator has to discriminate between ground-truth instructions as real
instructions and generated instructions as fake instructions. Consequently, the
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discriminator loss is:

LD = − log(1−D(IG, xxx))− log(D(IR, xxx)), (3.3)

where IR ∈ R(xxx) is the ground-truth instruction. Training is performed simul-
taneously on both the generator and the discriminator.

AIGeN-Llama [3] extends AIGeN by leveraging Llama’s dual capabilities as
both generator and discriminator, enabling adversarial training for high-quality
instruction generation was also proposed.

3.2 Experimental Setup

3.2.1 Datasets

Experimental results are presented using themodel proposed in Section 3.1 using
two VLN datasets as a reference, REVERIE [103] and R2R [13]. Both datasets
consist of navigation sequences composed of 360° images that are collected on
the nodes of navigation graphs on Matterport3D environments [27] and each
navigation sequence is associated with three ground-truth textual instructions.
The main difference between the two datasets is that REVERIE instructions in-
clude interactions with specific target objects that the model is required to iden-
tify, whereas R2R instructions only specify the trajectory to be followed. In this
study, only the frontal view of 360° images, with a field of view of 60° is consid-
ered.

3.2.2 Model Configuration

The training of AIGeN uses a learning rate of 0.0002, a batch size of 6, and
Adam [69] as an optimizer. For the GPT-2 decoder, a medium-sized version is
used with L = 12, d = 768, H = 12, where L is the number of layers, d is the
model dimensionality, andH is the number of attention heads, unless otherwise
stated. The visual features used by the model are extracted using ResNet-152.
For the BERT encoder, a hidden size of 768, 12 layers, and an intermediate size
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Table 3.1: VLN metrics for our approach and competitors on REVERIE Val Unseen. * denotes
finetuning on our computing architecture.

Val Unseen
TL SPL↑ SR↑ OSR↑ RGS↑ RGSPL↑

Seq2Seq [13] 11.1 2.8 4.2 8.1 2.2 1.6
SMNA [86] 9.1 6.4 8.2 11.3 4.5 3.6
RCM [142] 12.0 7.0 9.3 14.2 4.9 3.9
FAST-MATTN [103] 45.3 7.2 14.4 28.2 7.8 4.7
SIA [82] 41.5 16.3 31.5 44.7 22.4 11.6
Airbert [53] 18.7 21.9 27.9 34.5 18.2 14.2
ProbES [80] 18.0 22.8 27.6 33.2 16.8 13.9
VLN!BERT [63] 16.8 24.9 30.7 35.0 18.8 15.3
HAMT [30] 14.1 30.2 33.0 36.8 18.9 17.3
DUET [32] 22.1 33.7 47.0 51.1 32.2 23.0
KERM [79] 21.9 35.4 50.4 55.2 34.5 24.5
AZHP [48] 22.3 36.6 48.3 53.6 34.0 25.8
HM3D-AutoVLN* [31] 24.3 39.4 54.0 60.0 34.6 25.2
DUET + AIGeN 19.5 41.9 54.4 57.7 35.1 26.9

of 3072 are used. Overall, AIGeN has 289Mmodel parameters and is trained for
≈ 36 hours on a single NVIDIA RTX6000 GPU.

3.2.3 Evaluation Criteria

The navigation performance was evaluated using the following navigation met-
rics: trajectory length inmeters (TL); success rate (SR), i.e. the fractionof episodes
inwhich the agent can reach the goal positionwithin 3meters; oracle success rate
(OSR), that is, the success rate using an oracle stop policy; success rate weighted
by path length (SPL); and navigation error (NE). The object grounding ability
of the agents on the REVERIE dataset is evaluated using remote grounding suc-
cess (RGS), which is the ratio of successfully followed instructions, and RGS
weighted by path length (RGSPL).

Instead, to quantitatively evaluate the model on text generation, metrics com-
monly used for image description are used, namely BLEU [101], METEOR [16],
ROUGE [81], CIDEr [136], and SPICE [12]*. All these metrics are obtained
by comparing the predicted instruction with the ground truth instruction in
terms of its n-grams (where an n-gram is a sequence of n consecutive words).

*Image descriptionmetrics are computedusing the codeprovided at the following link: https:
//github.com/tylin/coco-caption

25

https://github.com/tylin/coco-caption
https://github.com/tylin/coco-caption


333

3. VISION AND LANGUAGEMODEL TO IMPROVENAVIGATION

Table 3.2: VLN experiments on the Val Unseen split of R2R dataset.

Val Unseen Test Unseen
TL SPL↑ SR↑ NE↓ TL SPL↑ SR↑ NE↓

Seq2Seq [13] 8.39 - 22 7.81 8.13 18 20 7.85
PRESS [78] 10.36 45 49 5.28 10.77 45 49 5.49
SSM [139] 20.70 45 62 4.32 20.39 46 61 4.57
EnvDrop [126] 10.70 48 52 5.22 11.66 47 51 5.23
PREVALENT [55] 10.19 53 58 4.71 10.51 51 54 5.30
RelGraph [61] 9.99 53 57 4.73 10.29 52 55 4.75
ProbES [80] 11.58 55 61 4.03 12.43 56 62 4.20
Airbert [53] 11.78 56 62 4.01 12.41 57 62 4.13
VLN!BERT [63] 12.01 57 63 3.93 12.35 57 63 4.09
MARVAL [67] 10.15 61 65 4.06 10.22 58 62 4.18
DUET [32] 13.94 60 72 3.31 14.73 59 69 3.65
KERM [79] 13.54 60 72 3.22 14.74 59 70 3.61
HAMT [30] 11.46 61 66 2.29 12.27 60 65 3.93
AZHP [48] 14.05 61 72 3.15 14.95 60 71 3.52
DUET + AIGeN 13.72 63 73 2.92 14.20 61 71 3.33

While all these metrics are commonly used for evaluating cross-modal descrip-
tion, only CIDEr and SPICE have been specifically designed for this task. BLEU,
METEOR, andROUGEhave indeed been proposed to evaluate translation and
summarization. According to recent literature, CIDEr showcases the best align-
ment with human judgment.

3.3 Experimental Results

3.3.1 Results on VLN

The navigation experiments on VLN are performed considering an off-the-shelf
state-of-the-art VLN method fine-tuned with the instructions generated by the
proposed approach. DUET [32] which is based on a dual-scale graph Trans-
former, is adopted to perform long-term action planning and fine-grained cross-
modal understanding by exploiting topological maps built during the episode.
The computationalmodelDUEThas a two-step training, as describedbyChen et
al. [32], that is composed of a pre-training phase on four auxiliary tasks and fine-
tuning of the VLN task. The pre-training phase is performed following [31], and
then fine-tune the pre-trained model by augmenting the REVERIE and R2R
training splitswith the synthetic instructions generatedby theproposed approach.
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Table 3.3: Image description experiments using our model with different size configurations and
without using the detections on REVERIE.

Val Seen
Model BLEU-1 METEOR ROUGE CIDEr SPICE
AIGeN (Medium) 0.487 0.222 0.457 0.869 0.318
AIGeNw/o detect. 0.409 0.188 0.416 0.358 0.196
AIGeN 0.484 0.228 0.465 0.890 0.329

Val Unseen
Model BLEU-1 METEOR ROUGE CIDEr SPICE
AIGeN (Medium) 0.412 0.166 0.378 0.461 0.213
AIGeNw/o detect. 0.357 0.141 0.347 0.132 0.123
AIGeN 0.421 0.179 0.393 0.486 0.228

Table 3.4: Experimental comparison of VLN performance of different configurations of our
model on REVERIE dataset.

Val Unseen
TL SPL↑ SR↑ OSR↑ RGS↑ RGSPL↑

AIGeN (Medium) 20.0 41.2 54.3 60.1 35.1 26.5
AIGeN w/o detect. 23.4 38.9 52.5 59.4 34.6 25.7
AIGeN 19.6 41.9 54.4 57.7 35.1 26.9

Table 3.5: Evaluation of the diversity of synthetic instructions using AIGeN before and after the
GAN fine-tuning compared with the ground truth instructions on REVERIE training split.

%Novel Unigrams Bigrams Div-1 Div-2
Ground truth - 3675 21551 0.019 0.113
AIGeN w/o adv. training 22.7% 2970 15928 0.016 0.086
AIGeN 100.0% 14783 43013 0.072 0.210

AIGeN-generated instructions are produced using 217K randomly sampled tra-
jectories in theHabitat-Matterport 3D (HM3D) [109] dataset, a large-scale data-
set of indoor photorealistic environments. The same paths released by Chen et
al. [31] are used, and a synthetic instruction is generated for each sequence of
observations. The navigation model is pre-trained and fine-tuned for a total of
≈ 32 hours, 12 and 20 respectively, on a single NVIDIA RTX6000 GPU, and
is compared with current state-of-the-art VLNmodels on REVERIE and R2R.

The navigation results on REVERIE in Table 3.1 show that the proposed ap-
proach achieves state-of-the-art performance on SPL and both object grounding
metrics while remaining competitive on the other metrics. In particular, the in-
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struction set gives a boost in generating effective trajectories towards the goal,
which is reflectedbySPLandRGSPL.For example, theproposed approach shows
an improvement of 8.2 and 3.9 on SPL and RGSPL with respect to the baseline
DUET.For fairness of comparison,HM3D-AutoVLNwas retrainedon the com-
puting infrastructure following [31] (denoted HM3D-AutoVLN*). The com-
parison between HM3D-AutoVLN* and the proposed approach highlights the
effectiveness of AIGeN-generated instruction, as the difference between the two
methods in VLN is defined by the quality of the synthetic instructions used to
fine-tune DUET. When running this comparison, the proposed approach out-
performs HM3D-AutoVLN* on the main navigation metrics, and in particular
on the success rate weighted by path length (SPL) shows an improvement of 2.5.

Furthermore, analyzing the experiments on the R2R dataset in Tab. 3.2, the
described method provides state-of-the-art results on SPL and SR for both val-
idation and test unseen splits, proving that the propsed approach can generate
synthetic instructions that are beneficial for multiple VLN datasets. When com-
paring the proposed method with the baseline DUET, the AIGeN-generated in-
structions allow an improvement in the SPL of 3.0 and 2.0, respectively, on the
validation “unseen” and the test “unseen” splits. Overall, these results support
the claim that well-formed synthetic instructions help the agent to learn better
navigation and object localization in a VLN setting.

3.3.2 Ablation Study

The components of the proposed approach are validated by comparing different
configurations of AIGeN on synthetic instructions generation in Table 3.3 and
on navigation in Table 3.4.

Starting from Table 3.3, the first row shows the performance of the generator
that is trained from scratch. As can be seen, training the instruction generation
model from scratch provides amaximumCIDEr of 0.869 on the “seen” split and
0.378 on the “unseen” split, without reaching the results of the overall method.
Following, the proposed model is ablated in terms of input modalities analyzing
the contribution given by the object detections, and comparing it with a model

28



333

3.3. EXPERIMENTAL RESULTS

that is trained using only visual features and textual instructions. All metrics re-
lated to AIGeN without detections, especially CIDEr and SPICE, are consider-
ably lower than themetric values computed for AIGeN. This result confirms the
importance of employing object detections as input features. The speculation is
that when no object words are provided, the model is not able to identify which
object in the scene it has to attend to. Therefore, the target objects in the gen-
erated sentences are often different from those in the ground-truth instructions
even when the landmark is correctly recognized.

Moving on to the navigation experiments inTable 3.4, the performance of the
VLN model is compared on the REVERIE dataset that augments the training
data with the instructions generated by different configurations of the proposed
approach. In this case, AIGeN surpasses its counterparts by an importantmargin
on all the metrics. The improvement in the SPL over theMedium configuration
that is trained from scratch is 0.7, and it becomes 3.0 when considering AIGeN
w/o detections. The ablation study validates the effectiveness of the model com-
ponents in both text generation and downstream vision and language navigation.

3.3.3 Diversity Analysis

To assess the quality of synthetic instructions and measure the diversity of the
generation, in Table 3.5 diversity metrics was computed commonly used for im-
age captioning [124, 140] comparing the diversities of AIGeN-generated instruc-
tions with the ground-truth annotations of the trajectories of REVERIE train-
ing split. The comparison is performed by producing synthetic instruction using
AIGeN before and after the adversarial fine-tuning phase.

Themetrics used for this study are the ratio of the number of novel sentences,
i.e. not contained in the dataset, to the number of ground-truth sentences, the
number of unique words (Unigrams); the number of unique couples of consec-
utive words (Bigrams); Div-1; and Div-2. Div-1 and Div-2 are, respectively, the
ratio of unique unigrams and bigrams to the total number of unigrams.

Looking at the results, it is evident that the fine-tuning phase using an ad-
versarial approach helps to generate instructions that do not retrace the ground-
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(a) GT:Go to the white roomwith 4 basins opposite the lounge pool and turn on the faucet on the left closest to the entrance
AIGeN:Walk to the bathroom with the white sink and turn on the faucet

(b) GT:Go to the hallway with the black chairs on level 2 and sit in the second chair from your right
AIGeN:Go to the dining room and bring me the chair that is nearest to the door

(c) GT:Go to the lounge on level 1 and sit down on the armchair
AIGeN:Go to the dining room and with a lint roller clean the arm chair which is against the wall

(d) GT:Go to the laundry room on the first floor and sort out the cluttered cleaning products on the dryer
AIGeN:Go to the laundry room on level 1 and bring me the clothes on the rack opposite the dryer

Figure 3.4: Sample image sequences from REVERIE Val Unseen split with corresponding
ground-truth instruction and synthetic instructions generated using AIGeN. The images in each
sequence have been reduced to 8 to facilitate the graphical presentation and only the frontal image
of the panoramic observation at each timestep is shown.

truth instruction, with the consequence of improving the diversity of the dataset.
In fact, while the generated instructions without using the GAN-like training
present a small number of novel sentences, AIGeN returns a completely novel
set of instructions. Furthermore, AIGeNwith the adversarial fine-tuning can in-
crease the number of unigrams and bigrams sampled from the word dictionary
even with respect to the ground-truth annotations. This result is also reflected
by the Div-1 and Div-2 metrics that present a significant increase with respect to
the ground-truth instructions.

3.3.4 Qualitative Analysis

Finally, Fig. 3.4 and 3.5 show examples of sequences of input images with cor-
responding ground-truth instructions (if available) and generated instructions
using AIGeN.
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(e) AIGeN:Go to the office on level 1 and clean the desk

(f) AIGeN:Go to the kitchen and turn off the light closest to the entrance

(g) AIGeN:Go to the laundry room and clean the mirror above the sink

Figure 3.5: Sample image sequences fromHM3Dwith corresponding synthetic instructions gen-
erated using AIGeN. The images in each sequence have been reduced to 8 to facilitate graphical
presentation, and only the frontal image of the panoramic observation is shown at each timestep.

In Fig. 3.4 all four samples have been taken from the “unseen” validation split
of REVERIE, so that AIGeN has never seen these environments during train-
ing. Two positive samples are provided in (a) and (b), as well as two negative ones
in (c) and (d). For both (a) and (b), the generated instruction is similar to the
ground-truth instruction and matches the given sequence of images. In fact, the
landmarks, the bathroom in (a) and the dining room in the hallway in (b) are cor-
rectly recognized. Furthermore, both synthetic instructions refer to the correct
target object, respectively, “faucet” and “chair”. In the case of (c) instead, the
generated instruction and the ground-truth instruction identify the wrong land-
mark, with the lounge that is recognized as a dining roomby the proposedmodel.
However, the target object “armchair” is still correctly recognized. Finally, in the
case of (d), the generated instruction and the ground-truth one refer to different
target objects. While the correct target objects are the “cluttered cleaning prod-
ucts” on the dryer, AIGeN refers to the “clothes on the rack” as the target objects.
However, the model correctly identified the laundry room.

Moving on to Fig. 3.5, three qualitative samples using the HM3D dataset tra-
jectories are presented. As HM3D is unlabeled, in this case, there is no ground
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truth annotation available, and only the instructions generated by AIGeN are
provided. The first example (e) correctly identified the office and the target object
“desk” in the final observation of the sequence. In the second trajectory shown in
(f), the target object (“light”) in the kitchen is correctly recognized. Finally, in the
third trajectory (g), the kitchen is identified as a laundry room, and the correct
target object “window” is misidentified as a “mirror”.

These results demonstrate that even when the visual quality of the environ-
ment is low due to 3D reconstruction, AIGeN is capable of generating valuable
instructions for vision-and-languagenavigationproviding correct directions iden-
tifying objects and landmarks.
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Dialogue Generation based on Vision for

Cooperative Navigation

In recent years, the advances in Vision-and-Language research have substan-
tially contributed towards the development of the smart embodied agents
of the future. As also mentioned previously, VLN consists of an agent fol-

lowing human instructionswhile perceiving the environment. However, its stan-
dard definition forces the agent to follow textual instructions that are received
once and only at the beginning of each episode. This formulation restricts the
agent’s freedom to interact with the surrounding environment during the dura-
tion of the navigation. Engaging in dialogue, instead, can help the agent navigate
successfully in unknown environments by asking for help when the trajectory to
the goal location is unclear. The capability to ask questions regarding its current
location and where it should move next is a step towards building an intelligent,
conversational agent that can communicate and interact with a humanwhile per-

This Chapter is related to the publication “N. Rawal et al., UNMuTe: Unifying Navigation
andMultimodal Dialogue-like Text Generation, Submitted to omputer Vision and Image Under-
standing” [4]. See the list of publications on page 93 for more details.
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Should I go to the left, 
into the hall, or up the 

stairs?

Go to the right down the 
hallway and turn left into

the bedroom.

Figure 4.1: A novel computational model is proposed that learns to exchange dialogue during
navigationwhen the agent is unsure of the action it should take in the environment. The proposed
model allows the agent to (a) decide when to ask a question, (b) ask target-driven questions, (c)
answer given questions, and more importantly, (d) navigate toward the goal.

forming intelligent navigation.
Vision and Dialogue Navigation (VDN) [129] consists of continuous com-

munication and interaction between an agent and an oracle while performing
navigation is the most appropriate candidate to achieve this goal. However, in
addition to the navigation that is derived from VLN, in VDN some additional
aspects need to be addressed: (a) selecting when is the appropriate time to ask a
question, (b) decidingwhich question should be asked, and (c) determining how
to answer a given query. In the task of VDN, no instructions are provided at first,
but only the name of a target object; however, the agent can query and interact
with another agent (the oracle) to gather information on how to navigate in an
unseen environment. Nevertheless, most of the previous work in this field does
not tackle the generation of dialogue, but performs the navigation task directly
training the navigation agent with a human-annotated dialogue between a navi-
gator and an oracle describing the path to a target object. This work differs from
these approaches, as the model here is trained to equip a navigation agent with
the ability to generate dialogue.

In this chapter, a novel method, called UNMuTe is proposed (see Fig. 4.1
for an overview). The model consists of two main modules: the first performs
navigation or chooses whether to engage in dialogue, and the second generates
navigation-based dialogue. The navigation part consists of a VLN method [32]
that has been adapted to receive dialogue as input and has been equipped with a
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policy to decide when to generate dialogues. The dialogue part instead consists
of a Generative Pre-trained Transformer (GPT-2) [108] model that is modified
to generate pairs of questions and answers conditioned on the target object and
the current position of the agent. The connection between these two compo-
nents is given by a decision mechanism that regulates the generation of dialogue
and must be based on the confidence of the navigator. When the navigator is
uncertain of which direction it has to take, it should ask the oracle for help. Dif-
ferent dialogue activation policies are compared to study the effect of dialogue
generation on navigation. In the experimental analysis, the effectiveness of the
proposed model is proven using the main datasets on VDN [129], Cooperative
Vision and Dialogue Navigation (CVDN) and Navigation fromDialog History
(NDH), and proving that the proposed approach achieves state-of-the-art navi-
gation results on this task.

4.1 ProposedMethod

UNMuTe (visually depicted in Fig. 4.2 and 4.3) is composed of a navigation
model that predicts the actions of the agent and a dialogue model that, when
triggered, generates question-and-answer pairs that denote the trajectory to the
goal. First, the dialogue model is individually trained so that the model can gen-
erate questions and answers. Next, the navigator model is trained with the help
of the dialoguemodel. Specifically, the navigator model can consult the dialogue
model when it is confused about which action to take. Given the current ob-
servation of the navigator and the target object, the dialogue model generates a
question and an answer conditioned on the trajectory to the target. The naviga-
tor model uses the output of the dialogue model to select its next action, thereby
improving the final navigation performance.
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4.1.1 DialogueModel

The dialogue model, shown in Fig. 4.3, is a single Generative Pre-trained Trans-
former (GPT-2) that generates question-and-answer pairs starting from the tar-
get object and the current observation of the agent. Inspired by [10], the dialogue
model is fine-tuned by conditioning visual inputs to achieve multimodal capa-
bilities using the trajectories and conversations contained in the CVDN dataset.
The actual input of the dialogue model can be split into three components: the
token of the target object label, the image features and textual tokens associated
with the question, and the image features and textual tokens associated with the
answer. Formally,

y = GPT
([

BOS, otgt
Target

, EOS, vt, BOS, q1, .., qn,
Question

EOS, vt, .., vt+k,

BOS, a1, .., am,
Answer

EOS
]) (4.1)

where BOS and EOS are begin of string and end of string tokens respectively, otgt
indicates the target object label, vt the visual features related to the current ob-
servation of the agent, (q1, ..., qn) the actual question tokens. Consequently,
(vt, ..., vt+k) denotes the set of visual features for future images and (a1, ..., am)
the tokens corresponding to the answer.

All the image features used for the dialogue model are extracted using a pre-
trained visual encoder. During training, the dialogue model learns to predict the
subsequent language token of both the question and the answer, starting from
the BOS token. Instead, all the tokens following the image features are ignored.
The generation of the question is influenced only by the current observation of
the agent, while the answer is conditionedwith k additional observations that are
collected along the trajectory to the target. The trajectory to the goal is obtained
usingDijkstra’s algorithmon the navigation graph between the current node and
the target node.

In addition to token embeddings, the proposed dialogue model uses position
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and segment embeddings to effectively segregate information regarding the dif-
ferent components andmodalities of the input. This choice was inspired by Bidi-
rectional Encoder Representations from Transformers (BERT) [39]. The seg-
ment embeddings in the proposed model are learnable. However, the position
embeddings simply range from 0 to the last image, and for word tokens, from
0 to the last word token. During inference, the output of the dialogue model is
generated token-by-token autoregressively, starting with the BOS token until the
EOS token of the generated answer is produced.

4.1.2 NavigatorModel

Thenavigatormodel consists of amodified variant of theDual ScaleGraphTrans-
former (DUET) [32]. DUET keeps track of the visited and observed nodes by
producing a topological map of the environment. At each time step, the map is
updated, storing the visual features associated with newly visited nodes and navi-
gable nodes. Graph Transformers are used to combine a fine-scale encoding over
the local observations and a coarse-scale encoding on the global map.

However, the original architecture of DUET prohibits backtracking bymask-
ing out visited nodes in the action space. Although this implementation holds
when following the shortest trajectory from a certain position to the goal, it fails
when the supervision is performed using human-generated trajectories like in
CVDN, as they could contain backtracks. Therefore, it might be necessary to
revisit the same node multiple times. DUET is modified accordingly to account
for this behavior. Originally, DUET masks all the previously visited nodes to
prevent the agent from revisiting these nodes. The masking of previously visited
nodes is removed and only mask the current node to ensure that the agent does
not remain on the same node.

The prediction of the next location, after this modification, considers an ac-
tion space comprising all the possible navigable nodes in the graph instead of only
the neighboring ones. In addition, the action space includes an additional possi-
bility defined by the stop action. As in CVDN the only available textual input
at the beginning of the episode is the target object, an instruction is mimicked
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including such object by prepending learnable prompt embeddings at the begin-
ning of the input to the model. In the Experimental Results Section 4.3, exper-
iments are conducted with different numbers of prompt embeddings and these
results are compared with those without prompt embeddings.

4.1.3 Dialogue Exchange duringNavigation

As represented in Fig. 4.2, UNMuTe consists of a dialogue model and a naviga-
tion model, where the navigation model can trigger the dialogue model to gener-
ate a pair of questions and answers when the trajectory to the target is not clear.
In this respect, the confidence of the navigator can be quantified as the entropy
H of its action probability distribution, which acquires higher values as the prob-
ability distribution approaches the uniformdistribution. Therefore, the entropy
H of the action probability distribution on the navigable nodes of the environ-
ment is computed at each time step. When the entropyHt exceeds a threshold
value α, the navigator triggers the dialogue model and dialogue generation is ac-
tivated. The conversation returned by the dialogue pair is concatenated to the
input of the navigator to recompute the probability distribution over the action
space, and ifHt+1 ≤ α, the next viewpoint is selected for the navigation.

An empirical analysis of the choice of the entropy threshold is performed and
the use of a learnable parameter α̂ is evaluated as the threshold. To this end, a
binary cross-entropy loss is used to set a threshold value α̂ which is higher than
the entropy in the nodes of the graph where the dataset contains dialogue anno-
tations, and is lower otherwise:

LQA = BCE(q, q̄), s.t. q =
1

1+ e(α̂−Ht)
(4.2)

where q̄ is 1 if a question is asked at time step t, and 0 otherwise. As DUET train-
ing is performed using both teacher forcing, i.e. following the ground truth tra-
jectory, and by sampling the action probability distribution, LQA is calculated
only for the teacher forcing training stage. When actions are sampled, the value
of q in Eq. 4.2 is only used to trigger the dialogue model.
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Table 4.1: Hyperparameters related to the navigator model.

Navigator
num text encoder layers: 9
num coarse-scale encoder layers: 4
num fine-scale encoder layers: 4
num pano layers: 2
max action length: 15
max instruction length: 512
training batch size: 2
learning rate: 10−5

sample weight: 1.0
ml weight: 0.2

Table 4.2: Hyperparameters related to the dialogue model.

Dialogue Model
num layers: 12
model dimensionality: 768
num attention heads: 12
training batch size: 12
learning rate: 10−4

max instruction length: 1024
num imgs used to generate question: 1
num future imgs to generate answer: 20
optimizer: adam

4.2 Experimental Setup

4.2.1 Datasets

The effectiveness of UNMuTe is evaluated on VDN using both CVDN and
NDH datasets. CVDN contains 2050 navigation trajectories performed on a
total of 83 environments of Matterport3D [27], while NDH is composed of
7K navigation episodes obtained by splitting CVDN trajectories in multiple in-
stances. The navigation episodes are performed on navigation graphs where each
node is defined by a 360° RGB observation. Even if the navigation module ex-
ploits the complete panoramic image to compute its output, the dialogue model
uses only frontal crops of 60° to generate the conversation pairs forcing the gen-
erated text to refer to the scene in the direction of the agent.
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4.2.2 Model Configuration

In Tab. 4.1 and Tab. 4.2, the most relevant hyperparameter values used to im-
plement the models composing UNMuTe are shown. For the GPT-2 decoder, a
medium-sized, pre-trained versionwithL= 12, d = 768,H= 12 is used, where L is
the number of layers, d is themodel dimensionality, andH is the number of atten-
tion heads respectively. The resulting dialoguemodel contains 124Mparameters
andwas trained for approximately 6 hours on a single NVIDIARTX6000GPU.
The navigation model (164M parameters) was finetuned for 48 hours each on a
single NVIDIA RTX6000 GPU. The visual features used by UNMuTe are ex-
tracted using ResNet-152model. However, navigation results are also compared
with different image feature extractors such as BLIP, ViT, CLIP etc. in the fol-
lowing section on experimental results.

4.2.3 Evaluation Criteria

The experimental results contained in this section are comparedwith the current
state-of-the-art methods on both CVDN and NDH datasets. While the evalu-
ation using NDH dataset is more popular, interactive experiments on CVDN
are only performed by RMM [113] and SCoA [156]. RMM uses two speaker
models that regularly generate questions and answers, while SCoA uses a model
to predict when to generate dialogue and selects the most appropriate question
among a set of question templates. The main competitor on NDH are instead,
HAMT [30] and VISITRON [122]. HAMT encodes episode history and uses
it as an additional modality with text and images to predict its actions, while VIS-
ITRON trains amultimodal Transformer encoder and an LSTMdecoder to pre-
dict navigation actions and when to exchange dialogue.

The metrics employed for the navigation experiments are goal progress (GP),
i.e. the mean reduction in Euclidean distance between the starting position and
to final position with respect to the target; success rate (SR), i.e. the fraction of
episodes where the agent can reach the goal position within 3 meters; success
rate weighted by path length (SPL); and normalized Dynamic Time Warping
(nDTW) as defined by [65].
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Figure 4.4: Probability distributions of the entropy of the action probability and the temporal
distances between dialogues on the training split of CVDN.

4.3 Experimental Results

4.3.1 CVDN Experiments

The experiments performed on the CVDNdataset are presented in Tab. 4.3 and
showcase the quality of the overall approach in an interactive setting. In fact, dur-
ing the navigation using the episodes of CVDN, themodel has to autonomously
trigger the dialogue model to generate question-and-answer pairs to guide its
movement toward the target.

Different configurationsofUNMuTeare compared, using the learnable thresh-
old presented in Sec. 4.1.3, and a policy that activates at regular time intervals.
The latter is obtained on the basis of the distribution of the training split of
CVDN (shown in Fig. 4.4), by considering the mode of the temporal distance
between ground-truth dialogues. As the mode of the temporal distances distri-
bution is 5.63, question-and-answer pairs are generated every 4, 5, and 6 time
steps during training and evaluation on the CVDN task. Triggering the dialogue
model every 5 time steps achieves a state-of-the-art success rate of 7.73 and SPLof
9.62. State-of-the-art goal progress of 13.35meters is obtained by themodel with
a learnable entropy threshold, thus confirming the effectiveness of this strategy.
UNMuTe is also compared with the current state-of-the-art methods, which,
however, do not evaluate in terms of SPL, SR, and nDTW, but only present GP
results. All configurations of UNMuTe present better results than the competi-
tors, with the best configuration that overcomes SCoA by 2.16 meters in terms
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Table 4.3: Navigation results for our approach and recent methods on the “val unseen” split of
CVDN.

Val Unseen
GP SPL SR nDTW

RMMn=3 + Oracle Stopping [113] 8.9 - - -
SCoA [156] 11.19 - - -
UNMuTe (threshold) 13.35 5.39 7.31 24.81
UNMuTe (4 time steps) 12.68 3.62 5.00 24.44
UNMuTe (5 time steps) 13.13 7.73 9.62 25.76
UNMuTe (6 time steps) 12.31 4.81 5.77 23.65

Table 4.4: Comparison of navigation results with different image feature extractors on CVDN
val unseen.

Val Unseen
GP SPL SR nDTW

UNMuTe (BLIP) 12.05 4.97 6.54 21.67
UNMuTe (ViT-L/16) 12.29 5.99 8.46 24.78
UNMuTe (CLIP ViT-L/14) 12.21 4.78 6.15 23.78
UNMuTe (CLIP RN50) 11.83 4.94 6.15 25.11
UNMuTe (ResNet50) 12.34 6.68 8.08 23.80
UNMuTe (ResNet152) 13.35 5.39 7.31 24.81

Table 4.5: Comparison of navigation results with different numbers of prompt embeddings on
CVDN val unseen.

Val Unseen
GP SPL SR nDTW

UNMuTe (w/o prompts) 11.97 8.12 10.77 25.48
UNMuTe (4 prompts) 13.35 5.39 7.31 24.81
UNMuTe (8 prompts) 11.96 8.49 11.92 23.30

of goal progress.
Experiments using Different Extracted Image Features. In Tab. 4.4, the

most appropriate pre-trained visual encoder is selected for the extraction of the
image features for the dialogue model assessing the results of different models:
ResNet152 [57], ResNet50 [57], CLIP [105], BLIP [74] and ViT-L/16 [42]. In
the case of CLIP, the variants exploiting ViT-L/14 and RN50 as backbones are
considered. Following previous work on Vision-and-Dialog Navigation, models
with better goal progress are prioritized. It was found out that the navigation
results of the agent using image features extracted with ResNet-152 achieved the
best performance. The goal progress for UNMuTe using ResNet152 features is
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Table 4.6: Comparison of navigation results with different constant thresholds on CVDN val
unseen.

Val Unseen
GP SPL SR nDTW

UNMuTe (learnable thr.) 13.35 5.39 7.31 24.81
UNMuTe (thresh=0.9) 12.99 6.99 9.62 24.21
UNMuTe (thresh=1.0) 11.27 5.28 6.92 22.14
UNMuTe (thresh=1.1) 12.03 5.62 7.31 23.45

better than the other configurations by at least 1.01 meters.
Experiments usingDifferent PromptEmbedding Sizes. Anablation study

on the navigation performance ofUNMuTewas performed using different num-
bers of learnable prompt embeddings at the beginning of the instruction used by
the navigator. A model not using learnable prompt embeddings was compared
with models using respectively 4 and 8 learnable prompt embeddings. For all
the navigators considered in this experiment, the questions were asked using the
learnable entropy threshold. As it can be seen in Tab. 4.5, UNMuTe with 4
learnable prompts has the best performance in terms of goal progress (GP) with
an increase of 1.39 meters over UNMuTe with 8 prompt embeddings and 1.38
meters over the model that does not use prompt embeddings.

Experiment usingDifferentConstantThresholds. Experimentswere also
performed considering different constant threshold values in comparison to the
model using the learnable threshold. Considering the action probability distri-
bution of the navigator when the questions are and are not asked in Fig. 4.4 of
the main paper, the threshold is set to 0.9, 1.0, and 1.1 choosing values that sepa-
rate the two distributions. However, looking at the results in Tab 4.6, UNMuTe
with a learnable threshold value performs better than all the baselines using fixed
threshold values with aminimum improvement in terms of goal progress of 0.36
meters.

4.3.2 NDHTask

The navigation experiments of UNMuTe are complemented with experiments
on theNDHtask. NDHconsists of navigation episodes using dialogue instances
as textual input. To this end, the dialogue annotations and the trajectories of
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Table 4.7: Navigation metrics for our approach and competitors on the “val unseen” and “test
unseen” splits of the NDH dataset.

Val Unseen Test Unseen
GP SPL SR GP SPL SR

Seq2Seq [13] 2.10 - - 2.35 16 -
PREVALENT [55] 3.15 - - 2.44 24 -
CMN [157] 2.97 - - 2.95 1 -
HOP [104] 4.41 - - 3.24 - -
HAMT [30] 5.13 - - 5.58 7 -
ScoA [156] 2.91 - - 3.37 15 -
VISITRON [122] 3.25 11 27 3.11 12 -
VISITRON (Best SPL) [122] 2.71 25 33 2.40 25 -
UNMuTe (Planner) 4.98 49 60 4.03 47 56
UNMuTe (Player) 5.88 22 36 5.75 22 35

CVDN are split to form a total of 7K navigation episodes. Before training the
navigationmodel for the task, question-and-answer pairs are generated using the
dialogue model for each trajectory in the training split of NDH. Consequently,
DUET is trained on the resulting double-sized dataset, augmented with synthet-
ically generated dialogues.

As it can be seen from Tab. 4.7, state-of-the-art results are achieved on both
“val unseen” and“test unseen” splits ofNDH. Inparticular,UNMuTe trainedon
the trajectory performed by the human annotator (Player) achieves goal progress
of 5.88 and 5.75 for the “val unseen” and “test unseen” respectively. UNMuTe
trained on the shortest path trajectory (Planner), instead, achieves a SPL and SR
of 49 and 60 on “val unseen” and of 47 and 56 on “test unseen”. The high differ-
ence in the SPLandSRof the agents trainedon theplanner andplayer trajectories
is due to the fact that the agent uses the shortest path annotation in the case of the
planner trajectory. Instead, the player trajectory often includes mistakes and re-
considerations, thus requiring the agent to backtrack to a previously visited node
and lowering the values of SPL. In the table, the first section comprises studies
that employ ground-truth dialogue annotations as instruction. These donot gen-
erate their own dialogues but simply use the dialogue provided in the NDH task
for navigation. The second section, instead, reports methods that generate addi-
tional synthetic dialogues. Overall, UNMuTe achieves top-1 performance on all
metrics of the NDH task.
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Table 4.8: Evaluation in terms of text generation quality.

Val Unseen
BLEU-1 METEOR ROUGE CIDEr SPICE

Questioner 0.201 0.092 0.179 0.181 0.089
Oracle w/o future images 0.214 0.091 0.177 0.111 0.088
Oracle w/o target object 0.228 0.098 0.192 0.145 0.094
Oracle 0.237 0.098 0.200 0.179 0.109

4.3.3 Dialogue Generation

In this section, the capability of the dialogue model to generate proper question-
and-answer pairs is discussed. To this aim, the generated questions and answers
are compared with human annotations using NLP and reference-based descrip-
tion metrics like BLEU [101], ROUGE [81], METEOR [16], CIDEr [136], and
SPICE [12]. Results are reported in Tab. 4.8. Here, the question is asked by the
“navigator” (upper portion of the table) and the answer is given by the “oracle”
(lower part of the table). For calculating different metric scores, the predicted
sentences are compared with the ground-truth ones in terms of their n-grams
(i.e. a sequence of n consecutive words). BLEU, METEOR, and ROUGE are
commonly used for the task of evaluating translation and summarization, while
CIDEr and SPICE have been specifically designed for the task of image descrip-
tion and are also employed in VLN works in which synthetic instructions are
generated [124]. As can be seen, most of the metric values are above 0.20 for
generating an answer close to the ground-truth answer, which outlines the lin-
guistic capabilities of the proposed model. It was further noticed that the metric
values for the “navigator” role are lower than those of the “oracle”, i.e. the model
is better at generating correct answers rather than asking proper questions. This
is because there can be greater diversity in the generation of a question than that
of the answer, which is instead more objective and should match the actions in
the given trajectory.

Future Images for Answer Generation. The contribution given by the in-
corporation of images extracted from the future trajectory (i.e. (vt+1, ..., vt+k)

in Eq. 4.1) is then validated during the generation of answers in the dialogue
model. This is done by comparing UNMuTe with the answers of a dialogue
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model trainedwithout using future images. The results are provided in the lower
part of Tab. 4.8. Comparing the two oracles it was observed that, the oracle that
does not employ future images undergoes a drastic reduction in performance on
the “val unseen” split. In fact, the CIDEr score in “val unseen” decreases from
0.179 to 0.111. Overall, this underlines the effectiveness of employing future
frames as a conditioning signal for the dialogue model.

Target object for Answer Generation. The contribution given by the tar-
get object (i.e. otgt was validated in Eq. 4.1) during the generation of answers in
the dialogue model. For this, UNMuTe was compared with the answers of a di-
alogue model trained without using the target object. The results are provided
in the lower part of Tab. 4.8. It can be observed that, the oracle without the tar-
get object undergoes a reduction in performance on the “val unseen” split. The
CIDEr score in “val unseen” decreases from 0.179 to 0.145. Overall, this shows
that employing the target object as a conditioning signal for the dialogue model
is beneficial for the generation of the answers.

4.3.4 Qualitative Generation Samples

To showcase the quality of the proposed approach, three examples of generated
dialogues are reported in Fig. 4.5. For all three examples, the question and answer
generated by UNMuTe appropriately describe the path that the agent should
take. Noticeably, even if the ground-truth answer annotation of the first sam-
ple contains a mistake (the instruction is asking the agent to turn left rather than
turning right), UNMuTe generates a correct answer, by asking the agent to turn
right towards the living room. The second example consists of a yes-or-no inter-
action where the agent answers affirmatively to go down the long hall. In the
third example, the agent asks a reasonable question onwhether it should go right
or left and the answer is clear and concise: go right, head into the hallway, and
take a right to the stairs. As can be observed, these examples outline the effective-
ness of the dialogue model and its ability to generate appropriate questions and
answers for a given sequence of images.
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GT: Should I go back down this hall?
It wants you to make a left turn and go in that family room.

UNMuTe: Which way from here?
Make a right and go towards the living room.

GT: Lt straight or rt?
Turn right, then all the way down the hallway, there will be a room at the end of the hallway on the right.

UNMuTe: Do I go down the long hallway here?
Yes, go down the long hall to the living room.

GT: Okay. Left, right, center left, or center right?
Take the right narrow doorway and look for more stairs that continue down. Take them all way to the bottom.

UNMuTe: Should I go to the left or right side of the room?
Make a right and head into the hallway and then make a right into the stairs.

Figure 4.5: Sample paths taken from theCVDN“val unseen” split, togetherwith the correspond-
ing ground-truth interactions and generated ones. The number of depicted steps has been artifi-
cially reduced to 6 to facilitate the graphical presentation. Only the frontal image of the panoramic
observation at each timestep is shown.
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Robots with Parallel and Reactive
Empathy for Dialogue Generation

Transformer models have changed the way humans interact with arti-
ficial agents. Recently, the decoder part of the transformer has been
used independently to generate large amounts of text. Large Language

Models (LLMs) such as ChatGPT [107] and Llama [131] have gained popularity
and allowed the general public to interactwith artificial agents in terms of natural
language. Despite this, these models do not understand human emotions, and
it seems that the goal of the models is to assist humans in some way or another.
For example, when ChatGPT was given the following prompt: “I am scared of
talking in front of somany people”, it responded that it was normal to feel scared
when talking in front of a large group. But with a few strategies, one can build
confidence and manage that fear. This is followed by a list of points on how one
can overcome stage fright. Humans do not necessarily always give each other tips

This Chapter is related to the planned publication “N. Rawal et al., MATE: Multimodal
Agents that Talk and Empathesize, Submitted to Proceedings of the International Conference on
Image Analysis and Processing” [8]. See the list of publications on page 93 for more details.

51



555

5. ROBOTSWITH PARALLEL ANDREACTIVE EMPATHY

MATE, I am feeling really 
low today!

I am here for you, Katy. Would 
you like to talk about it?

Figure 5.1: MATE, a multimodal agent that talks and empathesize is proposed. MATE takes the
human’s facial expressions and text as an input and responds back to the human in an empathetic
manner. The empathetic output given by the robot consists of the textual response as well as a
facial expression.

to improve something. Just a small encouragement saying “You can do this. I
believe in you” might be sufficient in this case.

As social robots are getting increasingly popular in a plethora of domains, it is
crucial for these robots to understand human emotions and respond to humans
in an empathetic manner. Deep learning algorithms are already quite good at
recognizing human facial expressions and even being able to classify human emo-
tions coming from a multi-modal input signal that combines modalities such
as facial image, body gestures, text, audio, and physiological signals [1]. When
these deep learning algorithms are plugged into robots, the robots are capable of
recognizing human emotions. Some of these robots can even express emotions
through facial expressions or gestures [110, 148].

In Human-Human Interaction (HHI), there is parallel empathy and reactive
empathy [37]. Parallel empathy is when a human responds to another human
with the same facial expression, such as a human smiles when smiling at [18, 58,
123]. Reactive empathy iswhen a human generates an emotion in response to the
emotion of another human being. Robots should also be capable of responding
to thehumanwithbothparallel and reactive empathydependingon the situation.
For example, a robot could be happy when the human shares a happy news or it
could be sad when the human is angry at it.
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In this study, a computational model is proposed that responds to human em-
pathy by considering a multimodal input of the person’s facial expressions and
the text content of what the person says (see Figure 5.1 for an overview). The
proposed computational model is based on a transformer encoder-decoder struc-
ture. The encoder part of the transformer takes the person’s facial expressions,
the textual prompt, and the target emotion as input. The embeddings that are
the output from the transformer encoder are then fed into the decoder part as
input. The decoder part of the transformer is fine-tuned on Llama3 [44] model
that returns the textual response to a given input prompt. To evaluate the fine-
tuned model, responses are recorded for 17 prompts with varying emotions. A
survey is conducted in which the responses generated by the model are rated as
appropriate and empathetic on a five-point likert scale. The responses are also
compared with those generated by ChatGPT. Finally, the results are validated
using a statistical test. The responses generated by MATE are rated more appro-
priate and empathetic compared to those generated byChatGPT. The results are
also statistically significant.

The contributions of this work are as follows. A new empathetic dialogue
dataset is created that contains dialogues between two people, where the second
person responds to the first person using parallel or reactive empathy. A novel
computational model MATE is proposed. MATE is based on a transformer ar-
chitecture for generating empathetic textual responses. The responses generated
by MATE are shown to be both appropriate and empathetic by conducting a
survey where participants see videos of the robot responding to various prompts.

5.1 ProposedMethod

MATE is a multimodal agent that talks and empathizes. It is based on a trans-
former encoder-decoder structure. The facial image, the input text that contains
what the person says, and a target emotion are used as input and converted to em-
beddingsusing a transformer encoder. These embeddings are used as prompts for
the transformer decoder part, which is a pre-trained Llama3 [44]model. Llama3
is fine-tuned to output the dialogue response for the given input prompt.
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5.1. PROPOSEDMETHOD

5.1.1 Creating the Empathetic-HRI Dataset

To create the Empathetic-HRI dataset, ChatGPT is prompted as follows: “Cre-
ate a two line dialogue between twopeople[SITUATION] such that person 1 feels
[EMOTION 1] and person 2 gives a [EMOTION 2] response”. For the list of sit-
uations considered, see Tab. 6.2. For the combinations of [EMOTION 1] and
[EMOTION 2], the positive emotions are responded with parallel empathy and
the negative emotions are responded with reactive empathy. Tab. 5.2 shows the
possible combinations of [EMOTION 1] and [EMOTION 2]. The language
data is paired with images from the KDEF dataset [85], showing various facial
expressions to make the dataset multimodal. In the end, the Empathetic-HRI
dataset has 2800 dialogues, showing various emotions.

5.1.2 TransformerModelArchitectureforEmpatheticRe-
sponse Generation

The proposed model comprises of a transformer encoder and decoder structure.
First, the image v is fed toResNet-152 [57]pre-trainedonVGG-FaceDataset [25]
to extract the facial features. These facial features are then passed through a lin-
ear layer and converted to embeddings. The current emotion Eh of the person
(eg. ”happy”) is coverted into a global vector using Glove42B tokens [102]. This
global vector is also passed through a linear layer and converted into embeddings.
Similarly, the emotion with which the agent should reply Ea (the emotion cor-
responding to EMOTION 2 in the dataset) is also coverted into a global vector
usingGlove42B tokens which is then passed through a linear layer and converted
into embeddings. For tokenizing thewords of the human T , Llama3 tokenizer is
used which are also converted into embeddings. The four kinds of embeddings
for faces, emotion of the person, emotion of the agent, as well as the words of
the person are concatenated and sent as input to the transformer encoder model.
Formally,

y = Encoder
([

v
Image

, Eh
Human Emotion

, Er
Agent Emotion

, T
Human Text

])
(5.1)
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Table 5.1: The situations and the number of the corresponding dialogues that were considered for
building the Empathetic-HRI dataset.

SITUATION No. of dialogues
None 700
At work 200
In school 200
While travelling 200
In a hospital 200
At a ski resort 100
In a coffee shop 100
At the gym 100
At a party 100
In a restaurant 100
At a park 100
At the beach 100
At a concert 100
At a wedding 100
At a supermarket 100
At a museum 100
At a sports event 100
At a movie theater 100

where v denotes the set of visual features for the facial expression image, Eh indi-
cates the ground truth emotion label of the human, Ea indicates the emotion of
the agent, T denote the human text input tokens.

The embeddings that are an output of the transformer encoder are then fed
into the transformer decoder model (i.e. Llama3) as prompt embeddings. The
prompt embeddings that are fed into the Llama3 decoder are concatenated with
the embeddings of the language input. Formally,

y = Llama3
([

Pv
Image

, Ph
Human Emotion

, Pa
Agent Emotion

, T
Human Text

, BOS, i1, .., im,
Instruction

EOS
])

(5.2)
where Pv denotes the prompt embeddings of visual features, Ph indicates the
prompt embeddings of the human emotion label, Pa indicates the prompt em-
beddings of the agent emotion label, T denote the human text input tokens, BOS
and EOS are begin of string and end of string tokens respectively. Consequently,
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Table 5.2: To build the Empathetic-HRI dataset, ChatGPT is prompted to “Create a two line
dialogue between two people [SITUATION] such that person 1 feels [EMOTION 1] and person
2 gives a [EMOTION 2] response”. The combinations of EMOTION 1 and EMOTION 2 are listed
below.

EMOTION 1 Empathy Type EMOTION 2
happy parallel happy
surprise parallel surprise
sad parallel sad
sad reactive neutral
angry reactive sad
angry reactive neutral
neutral parallel neutral
neutral reactive happy
fearful reactive neutral
disgusted reactive neutral

(i1, ..., im) denotes the tokens that correspond to the response.
TheLlama3decoder is fine-tuned to respond to a givenquery and facial expres-

sion in a supervisedmanner. The goal is to reduce the cross-entropy loss between
the predicted responses and the ground truth responses. Specifically,

ln = −
C∑

c=1
yn,c log

exp(xn,c)
ΣC
i=1 exp(xn,i)

L =

∑N
n=1 ln
N ,

(5.3)

where x is the input, y is the target,C is the number of tokens in the dictionary,
andN spans the minibatch dimension.

During the testing phase, first the facial expression of the person is recognized
using FIXR [89] that is trained on three different datasets[95, 50, 77]. Depend-
ing upon the recognized facial expression, the emotion of the agent is decided
using Table 5.2. If there is more than one possibility of reacting with an emo-
tion for a given human emotion, eg. when the human emotion is detected as sad,
the agent’s emotion is chosen between sad and neutral, where sad is a parallel
emotion type while neutral is a reactive emotion type. Similarly to the method
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MATE:
Yeah, I noticed. Maybe we should clean up before 
someone else comes in.

Ugh, the kitchen is just 
so messy right now.

ChatGPT:
It sounds like a good time for a quick clean-up session! 
Here's a simple plan:
1. Declutter: Remove any items that don't belong in the 
kitchen.
2. Dishes: Load the dishwasher or wash dishes by hand.
3. Wipe Surfaces: Clean counters and tables with a 
suitable cleaner.
4. Sweep/Vacuum: Get crumbs and debris off the floor.
5. Organize: Put items back where they belong.
A little music or a timer can make it more enjoyable. 
You'll feel better once it's tidy!

Figure 5.3: A qualitative sample where the prompt consist of a disgusted emotion. The sample
compares the response of MATE with that of ChatGPT-4o for a given human facial expression
and input prompt.

during fine-tuning of the model, first the embeddings for the four inputs, i.e. fa-
cial features of the human, recognized facial expression, agent’s emotion, and the
words that the human says are extracted. These are then concatenated and sent
as an input to the transformer encoder. After getting the embeddings from the
transformer encoder model, these become an input for the transformer decoder
model i.e. Llama3, followed by the embeddings of the language input tokens.
Llama3 predicts the output response token-by-token until it reaches the EoS to-
ken. Fig. 5.2 shows the proposed model architecture for generating empathetic
responses.

5.2 Experimental Evaluation

AdamW optimizer with a learning rate 0.2e− 5 is used to fine-tune the model.

5.2.1 Qualitative Results

In Fig. 5.3, an example of a face image from the FACES dataset [45] is presented
along with its corresponding input text that is fed into the proposed model and
compared to the response given by ChatGPT-4o. The example is of disgusted
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Table 5.3: Sample inputs of the proposed model and their corresponding outputs are provided
below.

Human Input Agent MATE
afraid I heard some strange,

unusual noise in the
streets last night. It was
a bit scary.

neutral It’s probably just the
sound of the city. We
live in a busy area. Noth-
ing to worry about.

angry I can’t believe my boss
ignored all my sugges-
tions in the meeting to-
day, like my ideas don’t
matter.

neutral I understand how that
feels. I’ve been there
before, and it hurts to
feel that your hard work
isn’t valued.

happy I finally booked my
dream vacation to New
Zealand for next month.
I’ve been wanting to go
there for years.

happy That’s amazing! I’ve
heard it’s absolutely
stunning. You’re going
to have the time of your
life.

neutral I finished the report ear-
lier than I thought. Can
you help me check it?

neutral Sure, let’s take a look to-
gether.

sad I didn’t get the job I was
hoping for even though
I really thought I had a
good chance this time

sad The news hit me like
a punch in the gut. I
know how much you
wanted this, and I’m so
sorry you didn’t get it.

emotion, where the human exclaims that the kitchen is so messy. The algorithm
correctly recognizes the human emotion as disgust and responded with a neutral
emotion that it noticed and that they should clean up before someone else came
in. On the other hand, ChatGPT gave a long list of tips on how to clean up a
space.

In addition to this qualitative sample, more qualitative samples of afraid, an-
gry, happy, neutral, and sad expressions are presented in Tab. 5.3. All these sam-
ples are also accompanied by their corresponding facial images, but in the table,
the images are omitted to save space. As can be seen in the table, all the responses
given byMATE are appropriate and empathetic.
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5.2.2 Results of the survey

For this study, the responses to certain prompts and face images in the FACES
dataset [45] are obtained using MATE. To compare the responses of the model
with those by ChatGPT-4o, the agent’s responses are recorded for 17 different
prompts with varying emotions, and an anonymized survey is conducted asking
human participants to rate whether the responses given by the agent are appro-
priate and empathetic. If the responses are not empathetic, human participants
could write in free text how they would respond to the given query.

The survey that was created consisted of the 17 qualitative examples. Each
qualitative example consisted of a human image, the language text that the hu-
man said and responses given myMATE as well as by ChatGPT-4o. The survey
was answered by 20 human participants. Of these, 14 were men and six were
women. The survey data was collected anonymously, and each participant had
to answer mainly two questions for every qualitative example. The first question
was whether they agreed that the response given by the robot was appropriate.
This question had to be answered on five-point Likert scale where one meant
strongly disagree and fivemeant strongly agree that the response givenwas appro-
priate. The second question if the response given by the robot was empathetic.
This question also had to be answered on five-point Likert scale where onemeant
strongly disagree and fivemeant strongly agree that the response given was empa-
thetic. However, if the human participant said that the responses given by both
the models were not empathetic, they had free space to write in text how they
would have responded to the given input prompt.

To analyze the survey results of the participants, the paired-samples T-test is
conducted. For the first questions where the participants had to select to what
extent they agreed the responses givenbyChatGPTandMATEwere appropriate,
the t-value of MATE− ChatGPT was 2.683 and the p-value was 0.015. As the
p-value was less than 0.05, the results are statistically significant. Figure 5.4(a)
show the comparison plot of the two models.

For the second question of the survey where the participants had to select to
what degree they agreed that the responses given by ChatGPT and MATE were
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(a)

(b)

Figure 5.4: Comparison of responses generated by MATE and those generated by ChatGPT
using the paired-samples T-test. The appropriateness of the responses is measured in (a), and the
empathetic nature of the responses is measured in (b).

empathetic, the t-value of MATE − ChatGPT was 2.847 and the p-value was
0.010. As the p-value was less than 0.05, the results are statistically significant.
Figure 5.4(b) show the comparison plot of the two models.

5.3 Limitations of the Current Study

When the dataset is created using ChatGPT, it is always assumed that there is
no mismatch between the facial expression and the generated dialogue. How-
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ever, in real-life scenarios, it could be that the human’s facial expression does not
match the content of what is being said by them. In this case where there is a
mismatch between facial expression and the content of what is being said, the
LLM agent should be able to say something like “Congratulations on your pro-
motion! That’s a fantastic accomplishment. You seem a bit down, though. Is
everything okay?”. The current textual data that is collected using ChatGPT-
4o is generated using the prompt “Create a two line dialogue between two peo-
ple [SITUATION] such that person 1 feels [EMOTION 1] and person 2 gives a
[EMOTION 2] response”. To account for the contradiction in the facial image
and the textual prompt, ChatGPTwould have to be prompted differently or use
themultimodal features of ChatGPT and also send the facial image as input. Ad-
ditional data would have to be collected and the current dataset would have to be
expanded to account for this behavior.

Currently, the emotions of humans are recognized only by considering their
facial expressions. Previous research has shown that considering a multimodal
signal for human emotion recognition is more accurate than relying on a single
signal. It would be better to recognize the emotions through amultimodal signal
consisting of facial expressions and speech and adapt the robot’s response accord-
ing to the recognized emotion.
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Using Implicit Rewards with Human
Emotions for Empathetic Dialogue

The previous chapter introduced that Large Language Models (LLMs)
like ChaptGPT are often prone to giving long and neutral answers.
Although simply plugging in ChatGPT into a robotmight help it con-

verse intelligently, itwould fail tomake an emotional connectionwith thehuman.
As social robots such as Nao, Pepper, Furhat, etc. are increasingly being used in
different domains such as education, healthcare centers, etc., these robots must
be empathetic[6]. Using this as motivation, this chapter introduces yet another
computational model that can engage in an empathetic dialogue with a human.

The computational model proposed in the previous chapter was based on a
transformer encoder-decoder structure. In this chapter, the computationalmodel
is based solely on the decoder part of the transformer. Themodel is called Emma,
anEmpatheticMultimodalAgent. Figure 5.1 shows an overview of the proposed

This Chapter is related to the publication “N. Rawal et al., Multimodal Dialogue for Em-
pathetic Human-Robot Interaction, Submitted to International Conference on Social Robotics”
[7]. See the list of publications on page 93 for more details.
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Congratulations. I 
am happy for you.

!

Automatic Speech 
Recognition I got a promotion today.

Emma
Facial Features

Natural Language 
Generation (NAOqi)

Congratulations. I am happy for you.

Visual 
Encoder

FER Module

Emotion

Figure 6.1: A computational model is proposed that responds empathetically to humans, taking
their emotions into account. Themodel is fine-tuned onLlama2usingmultimodal data consisting
of varying facial expressions corresponding to their dialogues. The fine-tuned model is trained
using reinforcement learning to respond in a manner to make the human feel positive.

computational model. To compensate for the need of having large-scale train-
ing data, an approach that is trending in the literature is followed where the lan-
guage dataset is created using one LLM and another LLM is fine-tuned to make
it multimodal [83]. The model is trained in a three-step procedure. First, Llama
2[132] is fine-tuned on the empathetic dialogue dataset that is created to gener-
ate emotional responses using ChatGPT. Llama2[132] is made multimodal so
that it can take into account both human facial expressions and what they are
saying. This is achieved by concatenating tokens from facial features with those
of the text. Next, a reward model is trained based on the change in the person’s
emotion after receiving a response from the agent. If the person’s emotion be-
comes positive, the reward is positive, and the reward is negative otherwise. This
is a novel component where the reward comes implicitly from the person’s emo-
tional response what is being said by the agent. Finally, the fine-tuned model
is trained using Proximal Policy Optimization (PPO) [119] so that the agent re-
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sponds to humans in an empatheticmanner tomake the human feel positive. For
example, when the human says, “I am tired of this. I can’t take it anymore”, the
agent responds “Don’t worry, you’ll get through it”. The study is validated by
conducting a survey and experiments in a Human-Robot Interaction (HRI) sce-
nario using the robot Pepper. The responses given by the model are shown to be
more empathetic and human-like compared to themultimodalmodelChatGPT-
4o [98]. The results of the HRI experiment also show that the responses given
by the model are both appropriate and empathetic. This proves the effectiveness
of the proposed method. In summary, the contributions of this study are as fol-
lows. First, a dataset is built consisting of 5600 emotional dialogues with their
corresponding facial expressions, by combining the textual dialogue generated
by ChatGPT-3.5 Turbo with appropriate images of facial expressions. Second,
Llama-2 is fine-tuned in amultimodal manner using the dataset that was created.
The multimodality is achieved by concatenating the facial feature tokens with
that of the text ofwhat is said by the human. The fine-tunedmodel that is trained
using RL can engage in an empathetic multimodal dialogue with the human. Fi-
nally, a survey is conducted in which the responses generated by the model are
comparedwith those ofChatGPT. In addition, anHRI is performed experiment
with a Pepper robot and evaluated the model by surveying the participants.

6.1 ProposedMethod

In this work, a novel, empathetic, multimodal agent (Emma) is proposed that
can respond appropriately to a person considering their emotions. The contribu-
tions are threefold. First, the dialogue dataset is built using ChatGPT and these
dialogues are paired with appropriate facial expressions from the KDEF dataset
[85]. Next, Llama2 is trained using the dataset that was created in a multimodal
manner by concatenating the image features with the textual dialogue as input.
This model is then trained using Reinforcement Learning (PPO) where the re-
ward comes from the human’s emotional response to the agent. Finally, a survey
is conducted to compare the proposed model with ChatGPT and performed an
HRI study with the Pepper robot.
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6.1.1 Creating the dataset

A dataset is created with 5600 dialogues using ChatGPT-3.5 turbo and these dia-
logues are paired with appropriate facial expression images from the KDEF data-
set [85]. The prompt that is used for ChatGPT-3.5 Turbo is as follows: “Create
a three-line dialogue between two people [SITUATION] such that the expression
of the first person changes from [EMOTION 1] to [EMOTION 2] and what the
second person saysmakes the first person feel [EMOTION 2]”. Here, SITUATION
stands for the categories as shown inTable 6.2. For[EMOTION 1] and[EMOTION
2], the 20 combinations that are considered are shown in Table 6.1. The emo-
tions in Table 6.1 consist of the seven basic emotions i.e. sad, happy, angry, afraid,
neutral, surprise and disgust. For extremely negative emotions like anger and dis-
gust, the change in the first person’s emotion is considered to be positive if it can
change from anger or disgust to neutral. The KDEF dataset consists of facial ex-
pressions of 70 people, of which 35 were female and 35 were male. The facial ex-
pression images of these 70 peoplewere repeated in different situations presented
in Table 6.2, to make the dataset diverse and to allow the agent to appropriately
respond to a wide range of prompts. The dataset will be released upon the final
publication.

6.1.2 Finetuning Llama2

The model follows a three-step training procedure. First, Llama2 is fine-tuned
on the empathetic dialogue datasetD. The datasetD consists of a facial expres-
sion image I , input of human text T and ground truth response y. The Llama2
model takes the image of facial expression I and human text as input T to gen-
erate empathetic responses. The image I is fed to ResNet-152 [57] pre-trained
on VGG-Face Dataset [25] to extract the facial features. These facial features
are then passed through a linear layer and converted to embeddings. The image
embeddings are concatenated with the token embeddings of the language part
to make Llama2 multimodal. The ground truth facial expression label E is also
prepended as aword to the language part. This concatenation of the embeddings
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Table 6.1: ChatGPT-3.5 turbowas prompted to “Create a three-line dialogue between twopeople
such that the expressionof the first person changes from[EMOTION 1] to[EMOTION 2] andwhat
the second person saysmakes the first person feel [EMOTION 2]” to build the empathetic dialogue
dataset. The following combinations of EMOTION 1 and EMOTION 2were considered.

Emotion 1 Emotion 2 Change in Emotions
sad happy positive
happy sad negative
sad angry negative
angry neutral positive
sad neutral positive
neutral sad negative
neutral angry negative
neutral happy positive
sad surprise positive
surprise sad negative
neutral afraid negative
afraid neutral positive
neutral disgust negative
disgust neutral positive
happy neutral negative
surprise happy positive
happy angry negative
angry happy positive
happy happy positive
sad sad negative

is sent to the Llama2 model as input. Formally,

y = Llama2
([

v
Image

, E
Emotion

, T
Human Text

, BOS, i1, .., im,
Instruction

EOS
])

(6.1)

where v denotes the set of visual features for the facial expression image, E indi-
cates the ground truth emotion label,T denote thehuman text input tokens, BOS
and EOS are begin of string and end of string tokens respectively. Consequently,
(i1, ..., im) denotes the tokens that correspond to the response.

Llama2 is then fine-tuned to generate the response given in the dataset for
a given query and facial expression in a supervised manner. For fine-tuning the
model, the goal is to reduce the cross-entropy loss between thepredicted responses
and the ground-truth responses. The loss is backpropagated, and the weights of
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Table 6.2: The list of situations and their corresponding number of dialogues that were consid-
ered for building the empathetic dialogue dataset.

Situation No. of Dialogues
None 1400
At work 400
In school 400
At a ski resort 200
While travelling 400
In a hospital 400
In a coffee shop 200
At the gym 200
At a party 200
In a restaurant 200
At a park 200
At the beach 200
At a concert 200
At a wedding 200
At a supermarket 200
At a museum 200
At a sports event 200
At a movie theater 200

the decoder model are updated during fine-tuning. For testing, the weights of
the decoder remain fixed, and the responses are predicted in forward passes for a
given facial expression and a textual prompt until it reaches the EoS token.

The reward model is designed to evaluate the quality of responses generated
by the LLM by assessing their emotional impact on the human user. It predicts
a reward score based on the human emotional response to the LLM’s output.
The reward is based on the change in the user’s emotion before and after the
response. If the human feels positive compared to before, it gets a reward r of+1.
Otherwise, it gets a reward r of −1. As a second step, the reward model is fine-
tuned to be able to output the reward based on the emotion the human would
feel as a result of what the agent said. The column that contains the ”change in
emotion” in Tab. 6.1 is used to indicate the ground-truth positive reward or the
negative reward during the finetuning of the reward model which is a model for
sequence classification. Mean squared error is used to minimize the difference
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between the predicted reward and the ground-truth reward. Formally,

y = OpenLlama
([

v
Image

, E
Emotion

, T
Human Text

, R
Response

, r
Reward

])
(6.2)

where v denotes the set of visual features for the facial expression image, E indi-
cates the ground truth emotion label, T denote the human text input tokens,R
is the agent response. Consequently, r is the reward to the agent’s response.

As the final step, the fine-tuned Llama2 model and the trained reward model
are used to output the reward to the generated response and use Proximal Policy
Optimization (PPO) to update the Llama2 model. The PPO objective is given
as follows:

L(θ) = Êt

[
min

(
πθ(at|st)
πold(at|st)

Ât, clip
(

πθ(at|st)
πold(at|st)

, 1− ε, 1+ ε
)
Ât

)]
(6.3)

where πθ(at|st)
πold(at|st) is the ratio of the new policy’s probability over the old policy’s

probability, ε is a hyperparameter that determines howmuch the new policy can
deviate from the old policy and Ât is the advantage based on the value function.

PPO maximizes the reward while ensuring that the updated policy does not
deviate too far from the current policy. This means that the proposed model
implicitly learns to generate responses that make the human feel positive. Figure
5.2 shows the overall training procedure of the model.

6.1.3 HRI experiment

The robot and a camera with inbuilt microphone were connected to a computer.
The camera is placed diagonally on the table between the robot and the human.
When a human speaks, themicrophone captures the audio input. This speech in-
put is thenprocessedusingWhisper [106], a robust speech-to-textmodel, to accu-
rately convert spoken language into textual data. At the same time, the human’s
facial expression is captured by the camera and the facial features are extracted us-
ing ResNet-152 [57] pre-trained onVGG-FaceDataset [25]. The human’s facial
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expression is recognized using the FER Module. FIXR [89] is employed as the
FER module. FIXR is trained on a diverse range of in-the-wild datasets, includ-
ing AffectNet [95], the CelebA dataset [50], and the Reliable Facial Expression
Recognition Dataset [77]. To enhance its robustness, the dark experience replay
approach [24] is integrated into the model.

The facial features, resulting text and recognized emotion is fed into the pro-
posedmodel as input. Themodel outputs the text which is spoken by the Pepper
robot.

6.2 Experimental Results

For the first step of training, i.e., to fine-tune the Llama2 model in a supervised
manner, the AdamW [84] optimizer with a learning rate of 0.2e−4 is used. The
training batch size is three. The model is fine-tuned using LoRA. For finetun-
ing of the reward model, the AdamW optimizer is used with a learning rate of
0.2e − 5. Finally, for PPO, Adam Optimizer is used with a learning rate of
0.2e − 7. The total time taken to fine-tune the model is 44 hours on a single
NVIDIA RTX6000 GPU.

6.2.1 Qualitative Samples

In this section, some responses are provided as qualitative samples evaluated on
the FACES dataset [45]. The figure 6.3 shows a sample prompt and correspond-
ing response to fear emotion. The lady in the picture says she has stage-fright
and cannot speak in front of all the people. In response to this prompt and facial
expression, while ChatGPT gave a long response covering several tips on how to
overcome nervousness before speaking in public, Emma replied that it would be
there to help her.

Five other qualitative examples are provided covering various emotions such
as angry, disgust, happy, neutral and sad in Tables 6.3 and 6.4. If the lengths of
responses for all these emotional input prompts are considered, it can be clearly
seen that the lengths of responses given byChatGPT aremuch longer than those
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Emma:

Don’t worry, I’ll be there to help you.

I have stage-fright! I 
cannot give a speech in 
front of all these people.

ChatGPT:
It’s okay to feel nervous before speaking in public! Here 
are a few tips that might help:
1. Practice: Rehearse your speech multiple times to 
build confidence.
2. Focus on Breathing: Take deep breaths to calm your 
nerves.
3. Start Small: Try speaking in front of a mirror or a small 
group first.
4. Visualize Success: Picture yourself delivering the 
speech successfully.
5. Engage the Audience: Make eye contact and interact 
with the audience to make it feel more personal.
Remember, it's natural to feel this way, and you've got 
this!

Figure 6.3: A qualitative sample where the prompt consist of a fearful emotion is provided.

given by Emma. Therefore, the responses given by ChatGPT are hardly conver-
sational and not the kind that humans usually use.

6.2.2 Survey Results

To evaluate the performance of themodel, a survey is conductedwith 17 prompts
and their corresponding responses, with varying emotions. For each prompt,
two corresponding responses are gathered; the first response is generated by the
proposed model, and the other response is generated by ChatGPT-4o. For each
prompt-response pair, participants are asked to rate on a five-point Likert scale
[96] towhat degree they agree that the responses are appropriate, empathetic, and
human-like. The responses ranged from strongly disagree (1) to strongly agree
(5). There was also an option to respond in free text if both responses were not
empathetic, according to the participants.

The survey results containing 17 prompts and their corresponding responses
generated by Emma and those generated by ChatGPT were compared using the
paired-samples T-test. 20 participants took the survey of which 15 were men and
five were women. For the first question, participants were asked to rate if they
agreed that the responses generated by Emma and those generated by ChatGPT
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Table 6.3: Sample inputs prompts and their corresponding outputs for emotions happy and
neutral using ChatGPT and Emma are provided below.

Human Prompt ChatGPT Emma
happy I got a gold

medal for getting
the first place
in mathematics
olympiad.

Congratulations on win-
ning the gold medal in the
mathematics olympiad!
That’s an incredible
achievement. You must be
very proud of your hard
work and dedication. Keep
up the great work!

Oh, that’s great!
Congratulations
on your victory.

neutral I am not good at
cooking.

That’s okay! Cooking is
a skill that takes practice.
Here are some tips that
might help you improve:
1. Start Simple: Begin with
easy recipes that have a few
ingredients.
2. Follow Recipes: Pay
close attention to instruc-
tions and measurements.
3. Learn Basic Skills: Prac-
tice chopping, sautéing,
and boiling.
4. Use Fresh Ingredients:
Fresh ingredients can
improve the flavor of your
dishes.
5. Taste as You Go: Adjust
seasonings as needed.
6. Ask for Help: Don’t
hesitate to ask friends or
family for advice.
Would you like some sim-
ple recipe ideas to get you
started?

Well, maybe you
can try making
something sim-
ple like grilled
cheese.
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were appropriate. Figure 6.4(a) shows the comparison plot of the two models,
Emma and ChatGPT, for this question. The t-value of Emma−ChatGPT was
1.992, and the p-value was 0.061. The results given by the proposed model were
found to be appropriate compared to ChatGPT. As the p-value was 0.061(>
0.05), the results are close to significance.

For the second question, participants were asked if they agreed that the re-
sponses generatedbyEmmaandChatGPTwere empathetic. Figure 6.4(b) shows
the comparison plot of the two models, Emma and ChatGPT, for this question.
The t-value of Emma − ChatGPT was 2.099, and the p-value was 0.049. The
results provided by the proposed model were found to be empathetic compared
to ChatGPT, and the results were statistically significant as the p-value was less
than 0.05.

In the third question, participants were asked if they agreed that a human or
friend was likely to give the same response as the robot. Figure 6.4(c) shows the
comparison plot of the twomodels, Emma andChatGPT, for this question. The
t-value of Emma− ChatGPT was 8.048, and the p-value was< 0.001. The re-
sults given by the proposed model were found to be more human-like compared
to ChatGPT, and they were statistically significant.

6.2.3 HRI Experiment Evaluation

Pepper robot was used to carry out an HRI experiment. The experiment proce-
dure was as follows.

• First, the participants sat on the chair that was diagonally in line with the
robot and the camera that was on top of the table. The camera also had an
inbuilt microphone and could listen to the participants.

• In the HRI experiment, the robot starts with a greeting “Hi” and asks the
human to share the happiest moment of their life first.

• When a human speaks, the speech is converted to text usingWhisper [106].
Next, the converted text is fed to the proposed model as input. After lis-
tening to the human response, the robot speaks the output of the model.
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Table 6.4: Sample inputs prompts and their corresponding outputs for emotions angry, disgust
and sad using ChatGPT and Emma are provided below.

Human Prompt ChatGPT Emma
angry I am sick and

tired of this job.
I can’t take it
anymore.

I’m sorry to hear that you’re
feeling this way. It’s impor-
tant to prioritize your men-
tal health and well-being.
Consider reaching out to
someone you trust or a
mental health professional
for support. Reflecting on
what changes you’d like to
see or exploring new op-
portunities might also help.
You deserve to feel good
about your work.

I understand
how you feel,
but remember
why you started
this journey for a
reason.

disgust There is so much
filth in this room.
I can’t stand it.

It looks like the person
in the image is showing a
strong reaction, possibly
disgust. If you’re in a situ-
ation with a messy room,
maybe consider tidying up
bit by bit to make it more
comfortable. Would you
like some organization tips?

I heard they
found a way to
clean it all up.

sad I can’t believe I
worked so hard
for the physics
exam, and yet I
failed.

I’m sorry to hear that. It
can be really tough when
you put in so much ef-
fort and don’t get the result
you hoped for. Remember
that setbacks are part of the
learning process, and there
are always opportunities to
improve. If you need some-
one to talk to or strategies to
help in the future, I’m here
to help.

Oh, well, don’t
worry, I can help
you study for the
next one.
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Table 6.5: The appropriateness of the answers given by the model is measured. Here, the Likert
scale (1) indicates that the participants strongly disagree that the responses are appropriate, and the
Likert scale (5) indicates that the participants strongly agree that the responses are appropriate.

Likert Scale Values 1 2 3 4 5
H0 (same as chance) 6 6 6 6 6
Observations 0 2 5 16 7

Table 6.6: Whether the responses given by the model are empathetic or not is measured. Here,
the Likert scale (1) indicates that the participants strongly disagree that the responses are empa-
thetic and the Likert scale (5) indicates that the participants strongly agree that the responses are
empathetic.

Likert Scale Values 1 2 3 4 5
H0 (same as chance) 6 6 6 6 6
Observations 0 2 8 13 7

• Next, the robot asks the human to share something that makes them feel
sad.

• After listening to what the human has to say, the robot responds in the
same manner as before.

• Finally, the HRI experiment is concluded.

Thereafter, a short survey was conducted, and the participants were asked if
the robot communicated appropriately with them and if the robot response was
empathetic. Thesequestionsweremeasuredon aLikert scale of one tofive,where
one is ”strongly disagree” and five is ”strongly agree”. In the end, the participants
were asked to answer in detail what they thought of the experiment overall.

The results of the HRI experiment survey are as follows. The survey was
conducted with a total of 30 participants, of whom 23% were female and 77%
were male. The majority of the participants were students aged between 26 and
35 years, with limited or no prior experience with robots. In the first question,
the participants were asked whether the robot responded appropriately to them.
Then aChi-squared test was performed using the contingency tables provided in
Tab.6.5 and Tab.6.6 as the basis for the analysis.
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The null hypothesis (H0) assumed that the evaluations were distributed by
chance. Tomeasure the appropriateness of the robot’s responses, theChi-squared
statistic was calculated as 12.713, with a p-value of less than 0.013. Since the p-
value was below the threshold of 0.05, the results were statistically significant.
Similarly, to evaluate whether the participants perceived the robot’s responses as
empathetic, the Chi-squared statistic was found to be 10.941, with a p-value of
less than 0.027. Again, the results were statistically significant as the p-value was
below 0.05.

Thesefindings indicate that the responses generatedby theproposed approach
were both appropriate and empathetic. Overall, the results demonstrate that par-
ticipants were able to interact with the Pepper robot effectively and receive ap-
propriate responses using the Emma model.
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7

Towards a Generalized Navigation Agent
in a Continuous Environment

Embodied tasks span a wide variety of activities, each requiring agents to
perceive, reason, and act within an environment. Navigation tasks, such
as Object Goal navigation (ObjectNav) [19], involve exploring spaces to

reach specific locations or find objects, emphasizing spatial awareness and path
planning. Instruction following tasks require agents to interpret and execute nat-
ural language commands, often involving multi-step reasoning, such as “Turn
left, go to the table, and pick up the red book”. Embodied Question Answering
(EQA) tasks push agents to gather information from their environment to re-
spond to queries like, “What is the color of the chair in the living room?”. In this
chapter, a generalized navigation agent is proposed that can navigate, generate in-
structions for trajectories, and perform embodied question and answering. This
chapter is a work in progress. The results of the experiments are not presented.
However, the proposed methodology is presented here.

Previous works have tried to model a generalized embodied agent in a discrete
environment [55, 104, 153]. Pre-training approaches for vision-and-language
navigation (VLN) that aims to create a generic agent have been proposed. The ar-

79



777
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Object Localization

Vision and Language 
Navigation

Trajectory 
Summarization

Embodied Question 
Answering

Figure 7.1: A generalized agent is proposed that can navigate, perform object localization, trjec-
tory summarization and embodied question answering

chitectures proposed previously are based on transformermodels and involve pre-
training and fine-tuning [55, 104]. In one of these works, the transformermodel
is pre-trained on instruction-trajectory pair and then the model is fine-tuned on
R2R, RxR, REVERIE andNDHdatasets [104]. Finally, one of the most recent
works fine-tune LLMs to build a generalized embodied agent [153]. Inspired by
this, in this chapter, a generalized embodied agent is proposed that fine-tunes the
Vision and Languagemodel. A difference between prior works and the proposed
method in this chapter is that all previousworks have tried tomodel a generalized
agent in a discrete environment. This is the first work to attempt to model a gen-
eralized navigation agent in a continuous environment. While agents operate on
predefined nodes in graphical spaces in the discrete environment, real-world sce-
narios often involve a continuous environment with dynamic and unstructured
layouts. The transition from discrete to continuous environments introduces
significant challenges as the action space is larger in continuous environments
compared to discrete environments.

One of the previous works discretizes a continuous action space for the Vision
andLanguageNavigation (VLN) task in a continuous environment by iteratively
predicting waypoints until a target location is reached [62]. The work presented
in this chapter builds upon thiswork and extends theVLNtask in continuous en-
vironment to a generalized agent that can, in addition to navigation, summarize
trajectories and perform EQA.

80



777

7.1. PROPOSEDMETHOD

7.1 ProposedMethod

In this work, a Vision and Language model is fine-tuned to build a generalized
agent that can navigate (both using low-level and high-level instructions), sum-
marize trajectories, and perform EQA, in a continuous environment. The fol-
lowing subsections provide the proposed methodology in detail.

7.1.1 Visual Encoder

For any arbitrary point in the open space of an environment, its RGB and depth
panoramas are captured. These images are processed by visual encoders to gen-
erate a sequence of RGB and depth features denoted vRGB and vD, respectively.
Two ResNet-50 [57] models are utilized for encoding RGB and depth images:
one pre-trained on ImageNet [115] and the other pre-trained for point-goal nav-
igation [143]. A non-linear layer combines each pair of RGB and depth features
to produce vRGBD.

7.1.2 Waypoint Prediction forNavigation Tasks

Each panorama is broken into 12 single-view images spaced 30 degrees apart. Af-
ter extracting the features of each of the 12 single view images vRGBDi , the Vision
and Language model processes all the 12 representations to model relationships
and infer adjacent waypoints. Since each single-view image is square with a 90-
degree field of view, covering three 30-degree sectors, the self-attention for each
is restricted to include only one neighboring representation on either side. The
feature tokens output by the Vision and Language model, each encapsulating
information from a sector centered on the corresponding image are passed to
a classifier to predict a heatmap with dimensions of 120 angles by 12 distances.
Each angle corresponds to a 3-degree increment, while distances range from 0.25
meters to 3.00 meters, with 0.25-meter intervals. Applying non-maximum sup-
pression (NMS) to the resulting heatmap yields K neighboring waypoints.
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7.1. PROPOSEDMETHOD

7.1.3 IntegratedMulti-Task Approach

The tasks, Vision andLanguageNavigation,ObjectLocalization,Trajectory Sum-
marization and Embodied Question Answering are used to build a generalized
embodied agent. In the following, the methodology of each task is described in
detail.

Vision and Language Navigation. This task involves guiding the agent to
navigate within a 3D environment following language-based instructions. The
panoramic view is segmented into 12 RGB and depth images, which serve as in-
put to the Vision and Language model, enabling the prediction of waypoints as
described in Section 7.1.2.

Object Localization. It also requires the agent to navigate and localize a tar-
get object according to high-level instructions. The panoramic image is again
split into 12 RGB and depth views, which are provided as input to the Vision
and Language model for waypoint prediction. The waypoints are predicted iter-
atively until the agent reaches the target object and predicts the stop action.

Trajectory Summarization. This task takes a sequence of frontal images as
input and generates the language instruction for the given sequence of images.

Embodied Question Answering. In this task, the agent has to navigate and
answer the question in text. The input of the Vision and Language model is
panoramic image divided into 12 RGB and depth images. The model predicts
the next waypoints iteratively until the agent reaches its target location. Once
the ‘stop’ action is predicted, the question is answered in text by the same Vision
and Language model.
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8
Conclusions and Future Works

This dissertation is positioned at the confluence of three dynamic fields:
ComputerVision,Natural Language Processing (NLP), andRobotics.
By exploring and innovatingwithin this interdisciplinary space, it aims

to bridge the gap between how robots perceive, understand, and interactwith hu-
mans in both physical and cognitive dimensions. The work delves into two core
topics—Vision and Language Navigation (VLN) and multimodal empathetic
dialogue—which together encompass the essence of modern HRI. Below is an
expanded discussion of the contributions, followed by reflections on future di-
rections and concluding remarks.

8.1 Contributions of the Thesis

8.1.1 Vision and LanguageModel to Improve Navigation

A computational model was proposed for the generation of synthetic instruc-
tion, based on the state-of-the-art NLP models GPT-2 and BERT. The model
leverages aGAN-like structure and takes sequences of images as input to generate
instructions for the path traversed by the agent to reach its target location. The
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model has been trained and validated on REVERIE instructions and achieved
high image descriptionmetric resultswhen comparing the generated instructions
with the ground-truth instructions. Subsequently, using synthetic instructions
to augment a VLN dataset, such as REVERIE or R2R, improves the perfor-
mance of a VLN method achieving state-of-the-art performance on both navi-
gation and object grounding metrics.

8.1.2 Dialogue Generation for Cooperative Navigation

A novel computational model that engages in dialogue while navigating is pre-
sented. The proposed architecture consists of a dialogue model and a navigator
model: a fine-tuned GPT-2 decoder produces synthetic dialogues, and the nav-
igation is predicted using a modified DUET model. The GPT-2 decoder is a
multimodal text generator trained to generate questions using as input the target
object and the current observation of the agent, while answers include future im-
ages along the trajectory to the goal. The modified DUETmodel is then trained
to navigate using both ground truth annotation and generated dialogues.

Further, an entropy-based “whether-to-ask” policy is learned byminimizing a
binary cross-entropy loss that predicts when it is beneficial to generate new dia-
logues. As a result, UNMuTe learns to navigate more efficiently. We validated
the effectiveness of our approach by performing extensive experiments trigger-
ing the dialogue model under different policies and settings. The final model
achieves state-of-the-art performance on the most common VDN datasets.

8.1.3 Robots with Parallel and Reactive Empathy

An Empathetic-HRI dataset was created by prompting ChatGPT to generate
two-line dialogues between two individuals, where Person 1 feels [EMOTION 1]
and Person 2 provides a [EMOTION 2] response. The dialogues were generated
for various types of situations, such as at work, at school, while traveling, etc. Af-
ter the dataset was created, the proposedmultimodal model was fine-tuned. The
proposedmodel is based on a transformer encoder-decoder structure designed to
generate responses for given prompts by considering both facial expressions and
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the spoken words of the human.
After fine-tuning, the proposed model generated responses for 17 prompts

with different emotions, which were then compared to responses generated by
ChatGPT-4o. A survey was conducted to gather human participants’ opinions
onwhether the responses from the twomodels were appropriate and empathetic.
A paired-samples t-test was conducted, revealing significant results. These results
indicated that the responses generated by ourmodel were bothmore appropriate
and empathetic compared to those from ChatGPT-4o.

8.1.4 Using Implicit Rewards withHuman Emotions

A computational model is proposed that sees the person’s facial expression and
listens to what they are saying to respond to them in an appropriate and empa-
thetic manner. The model is fine-tuned using reinforcement learning (RL) to
respond positively. Qualitative examples based on various emotions were pro-
vided to show the kind of responses generated by the model. To evaluate the
model quantitatively, a survey was conducted with 17 prompts of varying emo-
tions, where we compared the responses generated by our model with those gen-
erated byChatGPT-4o. The responses generated by ourmodel were found to be
both empathetic and human-like, compared to ChatGPT-4o, using the paired-
samples T-test. Moreover, a Human-Robot Interaction (HRI) experiment was
conducted in which the robot asked participants to share the happiest moments
of their lives and something thatmade themfeel sad. After theparticipants shared
these with the robot, the robot responded to them. After the experiment, a sur-
vey was conducted in which the participants were if the responses given by the
robot were appropriate and empathetic on a five-point Likert scale. A chi-square
test was performed to show that the results obtained were statistically significant
and that our computational model responded appropriately and empathetically.

8.1.5 Towards a Generalized Navigation Agent

A generalized navigation agent in a continuous environment is proposed. Be-
sides performingVision andLanguageNavigation, this generalized agent can also
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perform object localization, trajectory summarization and Embodied Question
Answering. The proposed model fine-tunes a Vision and Language model to
perform these tasks. As this chapter is a work in progress, it only presented the
proposed methodology without the experimental results.

8.2 FutureWorks

The research presented in this dissertation opens several promising avenues for
future exploration in Vision and Language Navigation (VLN) and Multimodal
Empathetic Dialogue. By extending the capabilities and addressing the limita-
tions of current models, future work can push the boundaries of human-robot
interaction (HRI) in both physical and cognitive domains. Below are the key
directions for future research:

Real World Deployment. While the experiments detailed in Chapters 3, 4,
and 5 demonstrated promising results in controlled settings, their effectiveness in
real-world environments remains unvalidated. Future research could address this
gap by deploying these models in dynamic, unstructured environments, tackling
challenges such as handling noisy and incomplete inputs, adapting to the vari-
ability and unpredictability of human behavior, and scaling to diverse, large-scale
applications. Real-world deployment would necessitate robust mechanisms for
real-time adaptation, continuous learning from user interactions, and efficient
resource management to ensure responsiveness and reliability. Bridging the gap
between theoretical performance and practical utility will be crucial for these sys-
tems to function effectively in real-world scenarios, such as assistive robotics, pub-
lic spaces, and personalized support settings.

Human-in-the-loop Systems. This represent a promising approach to en-
hance human-robot interaction (HRI) by actively involving humans in the op-
erational loop, enabling dynamic learning and adaptation. Interactive feedback
mechanisms allow systems to incorporate real-time user feedback to refine their
behavior and improve performance. By continuously learning from human in-
puts during interactions, robots can adjust to individual preferences, resolve am-
biguities, and deliver more natural and intuitive responses, fostering a sense of
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collaboration and trust. Especially the work presented in Chapter 4 can be ex-
tended to a human-in-the-loop system, where the agent can ask human a ques-
tion whenever it gets confused regarding where to navigate.

In this manner, collaborative AI frameworks enable robots and humans to
work as partners in solving tasks, with robots leveraging human expertise and
guidance while providing assistance in areas requiring precision, automation, or
efficiency. Such systems not only boost task effectiveness but also allow robots
to learn iteratively from human interactions, making them more adaptable and
capable over time.

Enhancing Trust through Explainability. Future work on building sys-
tems capable of explaining their decisions and actions to users can focus on de-
veloping robust Explainable AI (XAI) frameworks tailored for HRI. Such sys-
tems should provide transparent, user-friendly justifications for their behavior,
bridging the gap between complex machine reasoning and human understand-
ing. This involves creatingmodels that not onlymake accurate decisions but also
generate clear, interpretable explanations in real-time, suitable for diverse users
with varying levels of technical expertise. By integrating natural language explana-
tions with visual or interactive demonstrations, these systems can help users com-
prehend the underlying logic of decisions, especially in critical applications like
healthcare, autonomous navigation, or emotional support. For example, Poppi
et al. introduce methods for autonomous agents to provide interpretable expla-
nations and recount their navigation decisions, enhancing transparency and user
trust in navigation systems [2]. Research can explore how explanations can adapt
dynamically touser preferences and contexts, further enhancing trust and engage-
ment. Ultimately, developing explainable systemswill not only improve user con-
fidence but also foster collaboration, as users will be more likely to guide, correct,
and work alongside systems they can understand.

Cross-Task Integration for a Unified HRI. In this dissertation the two do-
mains of pHRI and cHRI are kept segregated. Future systems could seamlessly
integrate physical tasks (e.g., navigation) with cognitive tasks (e.g., empathetic di-
alogue) to provide holistic interaction experiences. For instance, a robot could
navigate to a user while simultaneously providing emotional support or engag-
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ing in conversation. A computational model to integrate both pHRI and cHRI
tasks could be proposed. For example, this could probably be achieved by using
continual learning [91, 112], where the robot is first taught a cHRI task like mul-
timodal empathetic response generation and then a pHRI task like vision and
language navigation, without making it forget about the task that was learned
previously.

8.3 Final Remarks

This dissertation was completed as part of the European Union’s Horizon 2020
research and innovationprogramunder theMarie Sklodowska-CurieAction “Per-
sonalized Robotics as Service Oriented Applications” (PERSEO), Grant agree-
ment no. 955778, and carried out in Information and Communication Tech-
nologies, at theAImageLab research laboratory of theUniversity ofModena and
Reggio Emilia. The works described in this dissertation also contributed to the
research of the project “Fit for Medical Robotics” (“Fit4MedRob”), funded by
the ItalianMinistry of University and Research.

This dissertation serves as a stepping stone toward the development of human-
centric AI systems. By addressing the dual dimensions of physical and cogni-
tive interaction, it opens new avenues for research and practical applications in
HRI. The work undertaken during this Ph.D. program, including publishing
research papers, presenting findings at conferences, and collaborating with inter-
disciplinary teams, has significantly contributed to advancing the state-of-the-art
in computer vision, NLP, and robotics.

8.4 Ph.D. Activities

The final section presents a list of themain activities carried out during the Ph.D.
program.
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8.4.1 Exchange Periods

15 January - 16 February 2024: PERSEO Secondment at Cognitive Robotics
Lab (CoRoLab), University of Manchester, United Kingdom ;
15 July - 31 October 2024: Research Exchange at Robot Learning Lab, Uni-
versity of Freiburg, Germany;
9 September - 13 September 2024: PERSEO Secondment at Omitech SRL,
Italy.

8.4.2 Conferences andWorkshops Attended

25 November - 27 November 2021: PERSEO First Residential Workshop,
Pisa, Italy;
21 June - 23 June 2022: PERSEO Second Residential Workshop, Barcelona,
Spain;
29August - 2 September 2022: 31st IEEE InternationalConferenceonRobot
&Human Interactive Communication (RO-MAN), 2022, Naples, Italy;
21 February - 23 February 2023: PERSEOThirdResidentialWorkshop,Mod-
ena, Italy;
13March - 16March 2023: ACM/IEEE International Conference onHuman-
Robot Interaction (HRI), 2023, Stockholm, Sweden;
18 September - 20 September 2023: PERSEO Fourth Residential Workshop,
Vienna, Austria;
4March - 6March 2024: PERSEOFifthResidentialWorkshop,Munich,Ger-
many;
30 September - 1 October 2024: 17th International Workshop on Human-
Friendly Robotics (HFR), 2024, Lugano, Switzerland.

8.4.3 Schools

23 March - 25 March 2022: PERSEOWinter School on Ethics and Interdisci-
plinary Research Methods for Personalized Robotics, Amsterdam, Netherlands
(Remote);
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22 August - 26 August 2022: 5th Advanced Online and Onsite Course on
Data Science andMachine Learning, Siena, Italy;
20 September - 22 September 2022: PERSEO Summer School on Service-
Based and Cloud Robotics, Palma deMajorca, Spain.
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Glossary

AI branchof computer science that developsmachines and softwarewithhuman-
like intelligence. 1

BLEU bilingual evaluation understudy. 25, 26, 47

cHRI interact with the humans in a natural and adaptive manner while under-
standing their behavior, intentions and emotions. 2, 3, 89

CIDEr consensus-based image description evaluation. 25, 26, 47, 48

Deep Learning a subfield of machine learning concerned with algorithms in-
spired by the structure and function of the brain called artificial neural
networks. 1

EQA Embodied Question Answering. 7, 79

GANs Generative Adversarial Networks. 7

HRI Human-Robot Interaction. 1, 2, 65, 85, 89

LLMs Large Language Models. 63

METEOR metric for evaluation of translation with explicit ordering. 25, 26,
47

ObjectNav Object Goal navigation. 79

pHRI make physical movements such as those of navigation or manipulation
in a shared Human-Robot environment. 2, 3, 89
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RL area of machine learning concerned with how intelligent agents ought to
take actions in an environment in order to maximize the notion of cumu-
lative reward. Reinforcement learning is one of three basic machine learn-
ing paradigms, alongside supervised learning and unsupervised learning.
4, 7, 65

ROUGE recall oriented understudy of gisting evaluation. 25, 26, 47

SPICE semantic propositional image caption evaluation. 25, 47

SPL success weighted by path length. 25

SR success rate. 25

VDN Vision and Dialogue Navigation. 34

VLN Vision-and-Language Navigation. 2–4, 7

XAI Explainable AI. 89
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