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Resumo

Os avancos na Aprendizagem por Reforco (AR) permitiram a automatizacao de tarefas
complexas, impulsionados em grande parte pelos algoritmos de aprendizagem profunda
que utilizam redes neuronais para estimar a funcao de politica. O sucesso crescente da
AR deve-se principalmente ao engenho e aos esforcos de engenharia de especialistas que
conceberam e otimizaram algoritmos de aprendizagem por refor¢o que maximizam os da-
dos de exploracao para estimar funcoes de politica poderosas, obtendo resultados sem
precedentes numa vasta pandplia de tarefas. Apesar dos notaveis sucessos alcancados,
os métodos de AR enfrentam frequentemente ineficiéncias no uso de dados de treino, e
requerem extensivas interacoes de tentativa e erro com o ambiente. Cada tentativa fal-
hada coloca em causa a seguranca do agente bem como a de todos os elementos ao seu
redor. Este desafio levou ao surgimento da Aprendizagem por Demonstracao (AD), que
propoe colecionar os dados de interacao antes do uso do robd sobre a forma de um con-
junto de dados de demonstracao. A politica pode ser estimada usando este conjunto de
dados, ndo requererendo que o agente interaja com o ambiente, mitigando preocupacoes
de seguranca.

No entanto, os métodos de AD enfrentam desafios proprios, como a dependéncia da
qualidade do conjunto de dados de demonstracao que restringem a qualidade da polit-
ica devido a incompletude ou inadequacdo do conjunto nos dados. Contudo, a criacao
de um conjunto de dados de demonstracao com qualidade para aprender cada tarefa é
um processo dificil. Caso o conjunto de dados nao esteja completo existira um desvio da
distribuicao representada pelo conjunto de dados para a distribuicao real da tarefa. Se
a politica estimada nao for capaz de generalizar através do treino do conjunto de dados,
quando o agente encontrar um dado fora da distribuicao, ird provavelmente falhar a in-
teracao.

Nesta tese, visamos abordar essas lacunas e avancar no campo da AD. Em primeiro
lugar, descrevemos os conceitos fundacionais, metodologias e algoritmos utilizados nos
métodos propostos nesta tese. Depois conduzimos um estudo abrangente do estado da
arte em métodos de AD. Neste estudo identificAmos as véarias escolhas que envolvem a
criacao do conjunto de dados de demonstracao, seguido da categorizacao dos diferentes
métodos existentes. Neste estudo foram também listadas as vantagens e desvantagens
de métodos de AD, bem como as suas areas de aplicacao. Finalmente o estudo concluiu
com a identificacdo dos problemas em aberto no ramo de AD. De seguida, proposemos
o método CLfD, que utiliza Aprendizagem Contrastiva para criar representacoes invari-
antes em relacdo ao ponto de vista da camara usando videos de demonstracao sincroniz-
ados e capturados por camaras em diferentes posicoes. Neste método mostramos que
estas representagoes podem ser utilizadas como funcdo de recompensa usando Aprend-
izagem por Reforco Inverso, para estimar uma politica robusta as variacoes da posi¢ao
da camara e concluimos que pode ser usado para generalizar outras caracteristicas. Adi-
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cionalmente, propomosemos o método DEFENDER, que junta as qualidades de AD e AR.
Especificamente, pode ser aplicado a qualquer algoritmo de AR e melhora a seguranca dos
agentes durante o treino. O método usa um conjunto de dados com demonstracées bem
sucedidas e falhadas. Antes de cada interacao, o método compara a trajetéria do agente
com as demonstracoes, caso a trajetoria se enquadre melhor com demonstracgdes falha-
das, a trajetoria é terminada evitando uma potencial interacao catastrofica. Depois pro-
pomosemos o método HDT, que melhora o estado-da-arte de modelos de sequéncia em
AD. Mostramos que o estado-da-arte requer especificacao precisa de um hyper-parametro
cujo valor ndo é trivial e depende da tarefa, para que a politica tenha um bom desempenho.
O método proposto propoe uma arquitetura hierarquica que remove a necessidade desta
especificacdo e melhora o desempenho sobre o estado-da-arte em diversas tarefas. Pos-
teriormente utilizamos a arquitetura Mamba para melhorar o método HDT, bem como o
estado-da-arte de modelos de sequéncia em AD. Esta substituicio nao s6 melhora o desem-
penho dos modelos, como reduz o tempo de inferéncia. Por fim, propomosemos o método
MDLT que aplica modelos de sequéncia para aprender uma politica de danga usando AD.
O MDLT prop6e modelar a aprendizagem da politica como a traducao de linguagem mu-
sical para linguagem de danca usando um modelo sequéncial. Neste método, a politica
estimada demonstra capacidade de generalizacao para musicas do mesmo género musical
em que foi treinada, bem como a capacidade para aprender diversos géneros musicais em
simultaneo. Propomosemos duas variantes deste método: utilizando Transformers ou
Mamba.

Os resultados obtidos pelos métodos propostos mostram que é possivel melhorar os
métodos de AD nos respetivos problemas em que cada um foi aplicado. Todos os méto-
dos propostos foram avaliados em diversos conjuntos de dados e quando comparados com
os métodos estado-da-arte dos respetivos problemas, todos mostraram melhorar o desem-
penho das politicas estimadas, a seguranca durante o treino no caso do DEFENDER e a
robustez da politica no caso do método CLfD.

Palavras-chave

Aprendizagem por Demonstracdo, Aprendizagem por Imitacdo, Aprendizagem por Re-
forco, Robotica, Funcao de Politica, Clonagem de Comportamento, Aprendizagem por
Reforco Inverso
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Resumo Alargado

Os avancos na Aprendizagem por Reforco (AR) permitiram a automatizacao de tarefas
complexas, impulsionados em grande parte pelos algoritmos de aprendizagem profunda
que utilizam redes neuronais para estimar a funcao de politica. O sucesso crescente de
AR deve-se principalmente ao engenho e aos esforcos de engenharia de especialistas que
conceberam e otimizaram algoritmos de aprendizagem por reforco que maximizam os da-
dos de exploracao para estimar funcoes de politica poderosas, obtendo resultados sem
precedentes numa vasta pandplia de tarefas. Apesar dos notéaveis sucessos alcancados,
os métodos de AR frequentemente enfrentam ineficiéncias no uso de dados de treino, e
requerem extensivas interagoes de tentativa e erro com o ambiente. Cada tentativa fal-
hada coloca em causa a seguranca do agente bem como a de todos os elementos ao seu
redor. Este desafio levou ao surgimento da Aprendizagem por Demonstracao (AD), que
propoe colecionar os dados de interacao antes do uso do robo sobre a forma de um con-
junto de dados de demonstragdo. A politica pode ser estimada usando este conjunto de
dados, nao requererendo que o agente interaja com o ambiente, mitigando preocupacoes
de seguranca.

No entanto, os métodos de AD enfrentam desafios proprios, como a dependéncia da
qualidade do conjunto de dados de demonstracao que restringem a qualidade da polit-
ica devido a incompletude ou inadequacao do conjunto nos dados. Contudo, a criacao
de um conjunto de dados de demonstracao com qualidade para aprender cada tarefa é
um processo dificil. Caso o conjunto de dados nao esteja completo existira um desvio da
distribuicao representada pelo conjunto de dados para a distribuicao real da tarefa. Se
a politica estimada nao for capaz de generalizar através do treino do conjunto de dados,
quando o agente encontrar um dado fora da distribuicao, ira provavelmente falhar a in-
teracio.

O primeiro capitulo descreve conceitos fundacionais, metodologias e algoritmos util-
izados nos métodos propostos nesta tese. Comeca pela explicacao das arquiteturas de
modelos sequenciais: os Transformers e os SSSMs. Depois descreve o algoritmo DTW,
um algoritmo para analise e comparacao de sequéncias. Posteriormente, sdo explicados
os algoritmos estado-da-arte de AR: DDPG, TD3 e SAC. Finalmente, o algoritmo estado-
da-arte de processamento sequencial com AD é descrito, o DT.

No segundo capitulo efetuamos uma revisao extensiva do estado-da-arte de métodos
de AD. A aprendizagem por demonstracao reduz a sobrecarga de programacao ao ensinar
ao agente uma tarefa através de demonstracées. O paradigma pode ser dividido em duas
fases. A primeira fase consiste na recolha e construcao do conjunto de dados de demon-
stracdo. A segunda fase consiste em extrair o comportamento representado no conjunto
de dados e treinar um agente. O principal desafio na AD é a generalizacao para cenarios
nao representados pelo conjunto de dados de demonstracao. A imitagao direta através do
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clonagem de comportamento aprende esta distribuicao. Se o agente visitar casos fora da
distribuicao, nao sabera o que fazer. Foram estudados diferentes formas de mitigar este
desafio. Em seguida, foram explorados métodos para refinar o comportamento. Estes vao
desde interacoes de tentativa e erro com o ambiente usando aprendizagem por reforco,
transferindo a habilidade de uma tarefa para outra usando aprendizagem de transferén-
cia, questionando ativamente o professor, ou usando algoritmos evolutivos para otimizar
o comportamento. Foram listadas as principais aplicacoes de AD, bem como as vantagens
e desvantagens do paradigma. AD é uma area recente com um futuro promissor, e as prin-
cipais areas em aberto para pesquisa foram identificadas.

O terceiro capitulo apresenta dois métodos para combinar AR com AD de forma a com-
bater dois problemas de politicas em AR. O primeiro método proposto é o CLfD. Este
algoritmo utiliza aprendizagem contrastiva para obter representacdes de estado invari-
antes a pontos de vista a partir de demonstracoes em video nao rotuladas capturadas a
partir de multiplos pontos de vista. Utiliza-se a aprendizagem contrastiva para realgar
a informacao relevante para a tarefa, suprimindo a informacao irrelevante nas caracter-
isticas. As representacoes sao obtidas contrastando frames semanticamente alinhadas de
diferentes pontos de vista. O alinhamento semantico é garantido pela sincronizacao das
demonstracoes em video. Demonstra-se que estas representacoes sao aplicaveis para im-
itar tarefas roboticas. O método proposto é validado nos conjuntos de dados publicamente
disponiveis Multi-View Pouring e Pick and Place, sendo comparado com os baselines TCN
e CMC. Estudamos cuidadosamente diferentes backbones para os codificadores e mostra-
mos os efeitos de diferentes escolhas. Demonstramos que o nosso algoritmo pode alinhar
corretamente frames entre dois pontos de vista e com menos iteracoes de treino do que as
baselines, sendo também mais leve computacionalmente. Também cridmos um conjunto
de dados de aprendizagem por demonstracao que pode ser usado para explorar outras
abordagens e compara-las com a nossa proposta. Por ultimo, mostramos que as repres-
entacdes contém informagao que pode ser utilizada para fins de classificagio e fornecemos
uma funcao de recompensa dentro de um algoritmo de aprendizagem por reforco para
aprender uma tarefa de manipulacdo. O método proposto neste capitulo propde uma
solucao para um dos problemas em aberto em AD: o problema do contexto, especifica-
mente, o problema das politicas apenas funcionarem se forem executadas no mesmo con-
texto em que foram treinadas. No mesmo capitulo, propomos o método DEFENDER,
que junta as qualidades de AD e AR. Especificamente, pode ser aplicado a qualquer al-
goritmo de AR e melhora a seguranca dos agentes durante o treino. O método usa um
conjunto de dados com demonstra¢des bem sucedidas e falhadas. Antes de cada inter-
acao, o método compara a trajetéria do agente com as demonstracoes, caso a trajetoria
se enquadre melhor com demonstracoes falhadas, a trajetoria é terminada evitando uma
potencial interacao catastrofica. A comparacao de trajetorias € realizada usando Dynamic
Time Warping (DTW). Foram realizados estudos para determinar as estratégias de com-
paracao de trajetorias apropriadas de um grupo de 576 estratégias. O DEFENDER foi ap-
licado aos algoritmos SAC e TD3. De seguida comparamos o desempenho das politicas e o
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racio de colisao das politicas com e sem 0 DEFENDER. Os resultados obtidos demonstram
uma melhoria significativa de seguranca dos agentes durante o treino acompanhadas de
ligeiras melhorias no desempenho. Embora exista espago para melhorar, devido ao facto
das estratégias de comparacao poderem ser sobre-protetivas, este trabalho demonstra o
potencial de usar demonstracoes para aumentar a seguranca de algoritmos de AR.

O quarto capitulo apresenta dois métodos sequenciais para melhorar o algoritmo estado-
da-arte: o primeiro usando a arquitetura Transformer e o segundo usando a arquitetura
Mamba baseada nos SSSMs. O primerio método é o HDT, um algoritmo de clonagem
de comportamento hierarquico que melhora o desempenho dos modelos sequénciais em
AD. Mostramos empiricamente que o método sequencial estado-da-arte depende da es-
pecificacao de um hiper-parametro para definir a sequéncia de retornos que condiciona
o modelo. A definicao do valor deste hyper-parametro determina o desempenho do mod-
elo, depende da tarefa e nao € trivial de definir. Propomos uma arquitetura hierarquica
com dois modelos sequénciais. O mecanismo de alto nivel guia o controlador de baixo
nivel através da tarefa selecionando sub-objetivos para este tltimo alcancar. Ao substituir
a sequéncia de retornos pelo método de selecdo de sub-objetivos, alcancamos um mod-
elo totalmente independente da tarefa. Validdmos o nosso método em varias tarefas dos
benchmarks OpenAl Gym, D4RL e RoboMimic. O nosso método supera os baselines em
vinte e trés de trinta e uma configuracoes de horizontes e frequéncias de recompensa vari-
ados, sem conhecimento prévio da tarefa, mostrando as vantagens da abordagem do mod-
elo hierarquico para aprendizagem a partir de demonstracoes usando um modelo de se-
quéncia. Avaliamos também o método numa tarefa de alcance no robo fisico UR3, onde o
HDT superou os baselines em numero de posicoes alcancadas. O método proposto neste
capitulo melhorou o estado-da-arte de modelos sequénciais em AD, ndo s6 em termos de
desempenho mas removendo a necessidade de configuracoes especificas para cada tarefa.
No mesmo capitulo utilizamos a arquitetura Mamba para melhorar o método HDT, bem
como o antigo estado-da-arte de modelos sequénciais em AD. Os métodos propostos com
a arquitetura Mamba foram comparados com os métodos anteriores baseados em Trans-
formers em varias tarefas e treinados com diversos conjuntos de dados. Os resultados
das experiéncias mostram que esta subsituicao de arquitetura nao s6 melhora o desem-
penho de ambos os modelos, como também reduz o tempo de inferéncia. Adicionalmente,
os modelos com arquitetura Mamba reduzem a complexidade da arquitetura pois nao
requerem tantos elementos como os Transformers.

O quinto capitulo propde uma nova abordagem de AD aplicada a aprendizagem de
danca. Propomos o método MDLT, que modela a aprendizagem de politica de danca como
a traducdo de linguagem mausical para linguagem de danca. Para atingir este objetivo pro-
pomos utilizar dois modelos: um modelo Transformer, e um modelo Mamba. Devido
aos resultados destas arquiteturas em problemas de traducao de linguagem. O método
foi aplicado ao brago robdtico UR3 presente no laboratorio. Para isso foram extraidas as
caracteristicas musicais e as correspondentes poses de braco de um conjunto de dados
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de coreografias. Os modelos foram treinado usando dois conjuntos de coreografias. Adi-
cionalmente, os modelos foram avaliados em coreografias de diversos géneros musicais
e também no conjunto de coreografias completo. O método foi avaliado usando como
métricas o erro das poses geradas com as esperadas bem como a Fréchet Inception Dis-
tance (FID). Os resultados mostram um FID de 0.51% e um erro de pose médio de 25 graus
quando treinado em todos os géneros musicais. Adicionalmente, o erro diminui para uma
média de 17.8 graus quando treinado num tnico género musical. Embora o modelo néo
consiga extrapolar de forma perfeita para coreografias novas, demonstra claras indicagoes
de aprender a linguagem de danca e a respetiva traducao a partir da masica. Mais, é ainda
notavel quando se considera que, devido as caracteristicas artisticas de danca, para uma
unica musica existem diversas coreografias aceitaveis. O método proposto neste capitulo
serve o objetivo de aplicar AD a problemas incomuns.

Por 1ltimo, os principais resultados deste trabalho de investigacio sao resumidos no
capitulo sete. Além disso, sdo também apontados, com base no trabalho desenvolvido e
nas contribuicoes desta tese, aqueles que acreditamos ser os passos futuros mais interess-
antes para a area de AD.
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Abstract

With the fast improvement of machine learning, Reinforcement Learning (RL) has been
used to automate human tasks in different areas. However, training such agents is difficult
and restricted to expert users. Moreover, it is mostly limited to simulation environments
due to the high cost and safety concerns of interactions in the real world. Demonstra-
tion Learning is a paradigm in which an agent learns to perform a task by imitating the
behavior of an expert shown in demonstrations. It is a relatively recent area in machine
learning, but it is gaining significant traction due to having tremendous potential for learn-
ing complex behaviors from demonstrations. Learning from demonstration accelerates
the learning process by improving sample efficiency, while also reducing the effort of the
programmer. Due to learning without interacting with the environment, demonstration
learning can allow the automation of a wide range of real world applications such as ro-
botics and healthcare.

Demonstration learning methods still struggle with a plethora of problems. The estim-
ated policy is reliant on the coverage of the data set which can be difficult to collect. Direct
imitation through behavior cloning learns the distribution of the data set. However, this
is often not enough and the methods may struggle to generalize to unseen scenarios. If
the agent visits out-of-distribution cases, not only will it not know what to do, but the con-
sequences in the real world can be catastrophic. Because of this, offline RL methods try
to specifically reduce the distributional shift.

In this thesis, we focused on proposing novel methods to tackle some of the open prob-
lems in demonstration learning. We start by introducing the fundamental concepts, meth-
odologies, and algorithms that underpin the proposed methods in this thesis. Then, we
provide a comprehensive study of the state-of-the-art of Demonstration Learning meth-
ods. This study allowed us to understand existing methods and expose the open problems
which motivate this thesis. We then developed five methods that push improve upon the
state-of-the-art and solve different problems. The first method proposes to tackle the
context problem, where policies are restricted to the context in which they were trained.
We propose a method to learn context-invariant image representations with contrastive
learning, by making use of a multi-view demonstration data set. We show that these rep-
resentations can be used in lieu of the original images to learn a policy with standard rein-
forcement learning algorithms. This work also contributed with benchmark environment
and a demonstration data set. Next, we tackled the potential of combining reinforcement
learning with demonstration learning to cover the weaknesses of both paradigms. Spe-
cifically, we developed a method to improve the safety of reinforcement learning agents
during their learning process. The proposed method makes use of a demonstration data
set with safe and unsafe trajectories. Before each interaction, the method evaluates the
trajectory and stops it if deems it unsafe. The method was used to augment state-of-the-
art reinforcement learning methods, and it reduced the crash rate significantly which also
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resulted in a slight increase in performance. In the following work, we acknowledged the
significant strides made in sequence modelling and their impact in a plethora of machine
learning problems. We noticed that these methods had recently been applied to demon-
stration learning. However, the state-of-the-art method was reliant on task knowledge
and user interaction to perform. We proposed a hierarchical method which identifies im-
portant states in each demonstration, and uses them to guide the sequence model. The
result is a method that is task and user independent but also achieves better performance
than the previous state-of-the-art. Next, we made use of the novel Mamba architecture
to improve upon the previous sequence modelling method. By replacing the Transformer
architecture with the Mamba, we proposed two methods that reduce the complexity, and
inference time while also improving the performance. Finally, we apply demonstration
learning to under-explored applications. Specifically, we apply demonstration learning to
teach an agent to dance to music. We describe the insight of modelling the task of learn-
ing to dance as a translation task, where the agent learns to translate from the language of
music to the language of dance. We used the previous experience resulted from the two se-
quence modelling methods to propose two variants: using the Transformer or the Mamba
architectures. The method modifies the standard sequence modelling architecture to pro-
cess sequences of audio features and translate them to dance poses. Results show that the
method can translate diverse and unseen music to high-quality dance motions coherent
within the genre.

Results obtained by the proposed methods advance the state-of-the-art in Demonstra-
tion Learning and provide solutions to open problems in the field. All the proposed meth-

ods were evaluated against state-of-the-art baselines and evaluated on several tasks and
diverse data sets, improving the performance and tackling their respective problems.

Keywords

Demonstration Learning, Imitation Learning, Learning from Demonstrations, Offline Re-
inforcement Learning, Machine Learning, Deep Learning, Behavior Cloning
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Chapter 1

Introduction

The evolution of Machine Learning (ML) algorithms continuously increases the num-
ber of tasks being automated. One of many ML paradigms, Reinforcement Learning (RL),
provides the estimation of a function which allows the agent to perform the desired task
from learning through trial and error interactions with the environment. This paradigm al-
lows for the estimation of policy functions that can perform complex behaviors that would
otherwise be difficult for a programmer to define. However, the trial and error nature of
the paradigm makes it unsuitable for real world applications where the errors can have
serious consequences. Furthermore, RL is extremely data inefficient requiring large num-
bers of interactions which only scales with the complexity of the task and exacerbates the
aforementioned safety problem.

In recent years, a new machine learning paradigm was created to tackle the disadvant-
ages of RL. Demonstration Learning (DL) allows the agent to learn from interaction data
without the agent having to interact with the system. Here, an expert demonstrator first
performs the task. The interactions of the demonstrator with the environment are recor-
ded in the form of a data set for the agent to learn from. Since the agent does not interact
with the environment during policy learning, the paradigm is safer than RL.

DL can be structured as a three-step pipeline, starting with the creation of the demon-
stration data set, followed by function estimation using the data set, and the estimated
function can be further optimized to make up for the suboptimal data set. There are many
design choices in the data set creation process, from choosing the demonstrator, to the
demonstration technique, to the data representation. Although the most common applic-
ation of DL is to learn the policy function, DL can also be employed to learn the reward
function with Inverse Reinforcement Learning (IRL) or the transition function with model
learning. The main disadvantage of DL is its reliance on the quality and coverage of the
demonstration data set. Because the state and action spaces of real-world applications are
often large, the creation of a complete data set is unfeasible. Hence, DL methods either
accept the limited performance or try to generalize beyond the data set. In the first case,
methods try to avoid out-of-distribution states, keeping the agent safe. These methods
specifically try to reduce the distributional shift between the distribution of the data set
and the estimated function. On the contrary, methods that try to generalize beyond the
data set often employ RL using the starting DL function as a safer start than a random
function.
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DL expands from the RL paradigm commonly defined as a Markov Decision Process
(MDP), formulated by the tuple < S, A, P, Ag, R, A > [8]. S is the set of the possible envir-
onment states, s € S, and A, denotes the initial state distribution. At each state, the agent
can choose an action a € A from the set of possible actions. Acting transitions the agent to
anew state of the environment, this transition is computed by the state transition function
P(si+1 | s¢,ar) : Sx A — S. Thepolicy 7 : S — Ais afunction that selects an action given
a state of the environment. The correct selection of the action for any given state is what
allows the agent to perform the task. After interacting with the environment, the agent
receives a reward r; = R(sq, at, $¢+1), which indicates the quality of the interaction. In RL,
the policy is optimized to maximize the expected future rewards E[> ;7 AR(s¢, at, St41))5
where ) is the discount factor.

In DL, the agent has access to a data set of N demonstrations Dy, = {7,7 € [0, N[}.
Each demonstration is the sequence of transitions performed by the demonstrator r; =
(st,at, se41,t € [0, L[), where L is the length of the sequence. The policy is estimated from
the behaviors shown in the demonstration data set. The simplest form of DL is through
Behavior Cloning (BC). In BC the agent is encouraged to directly imitate the demon-
strator, by selecting the actions the demonstrator took for every single state in the data
set. A common approach is to maximize the likelihood of actions in the demonstration,

max E (s o)~p logm(a | s).

Even though RL, and more recently DL research is very active and state-of-the-art meth-
ods perform well in specific settings, there are still significant limitations and unsolved
issues that prevent their use in general settings:

« DL methods are reliant on the quality and coverage of the demonstration data set.
There is still a limited number of benchmark data sets and environments to train
and evaluate DL methods.

« Because of the difficulty of creating a data set that covers the entire state and action
spaces, DL methods try to generalize past the demonstrated behaviors to unseen

scenarios.

« In cases where generalization is not possible, methods try to prevent the agent from
visiting out-of-distribution states to avoid catastrophic consequences, and try to spe-
cifically reduce the distributional shift.

 Context is the task specific and agnostic information in which a policy relies on to
work. RL usually trains policies under one context as it is difficult to create multiple
task environments. Additionally, in DL the demonstration data set also tends to
cover a single context. Hence, if the context information ever changes, the policy will
likely under-perform or stop working altogether. Training multi-context policies
remains an open and under-studied problem.

2
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« Both DL and RL have advantages and disadvantages. Combining the best of both
worlds to obtain quality policies can lead to better results than the limitation to one
paradigm, however this is still an open problem.

« DL methods, like most ML paradigms, relies on the careful specification of hyper-
parameter values. However, their ideal values are hard to estimate and are usually
updated by trial and error.

« ML research has focused on sequence models which revolutionized many applica-
tions particularly in NLP. Due to the sequential nature of an MDP they have recently
been applied to RL and DL. Given the impact of these models on other ML areas,
the potential for RL and DL applications remains an open question.

« DL has tremendous potential for estimating quality policies from pre-existing data
sets. However, the range of applications to which DL methods have been applied is
limited.

« All the previous issues compound to the larger issue which is the difficulty of training
and/or deploying DL policies to real-world scenarios and restricting both DL and RL
to simulation environments.

These are the open problems which are tackled by the proposed methods in this thesis.
However, there are more open problems in DL than the listed ones, these are identified
in the state-of-the-art review in Chapter 3. These include multi-agent DL, which aims
to train co-operative policies from demonstration data sets, and multi-goal DL where the
agent must adapt its policy to changes to the task’s objective. All the research in DL tries to
culminate into a general learning framework, which can be applied to learn a policy for any
task in general settings. This is because the overall idea behind DL is to reduce complexity
and programming knowledge and improve the practicality of policy training, eventually
culminating into policy learning from simple and easy to perform demonstrations.

The general objective of this thesis is to study the state-of-the-art of DL and develop
novel methods that improve it by solving or mitigating the aforementioned open problems.
The objectives and expected results for this thesis are the following;:

« Extensive study of the state-of-the-art in DL:

Study of the pipeline: Generating the demonstration dataset, training the policy,
and further optimization.

Analysis of the available demonstration techniques for generating the data set.

— Comparison of DL with other machine learning paradigms and consequent un-
derstanding of its advantages and limitations.

— Study of its main applications and identify the open problems in DL.

« Creation of a task environment and respective multi-view demonstration data set to
mitigate the limited supply of such benchmarks.

3
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» Development and evaluation of a DL algorithm that generates a context-invariant
policy, without requiring extra data samples or user interaction.

« Design and develop new methods to augment RL with DL to improve the safety of
RL agents during policy learning.

« Development of several sequence modelling DL methods that improve the state-
of-the-art in performance and inference time, but also remove the need for hyper-
parameter specification which relies on user interaction and task knowledge.

« Extend the use of DL to novel under-researched applications, thus extending the
reach of the paradigm and further proving its potential.

1.1 Main Contributions

The subsequent paragraphs offer a concise overview detailing the primary contribu-
tions achieved during the development of this thesis and its associated research endeavors,
aimed at advancing the state-of-the-art in DL.

The first contribution of this thesis is an extensive review of the state-of-the-art in DL.
This review includes a study of DL methods, its phases, the different design choices in
each phase, and the respective challenges. Then the main applications, advantages and
disadvantages of the paradigm are described. The review concludes with the identification
of the open problems in the field. The resulting study is presented in chapter 3.

The next three contributions are a novel method for training context-independent policies,
the CL{D, a DL simulation environment for pick-and-place task, and a multi-view demon-
stration data set. The CLfD methods trains an encoder using contrastive learning and a
multi-view demonstration data set to convert observations into view-invariant represent-
ations. We show that these representations contain information to re-align the multi-view
frames of an unseen video and that they can be used in lieu of image observations to train
a view-point invariant RL policy using any off-the-shelf algorithm. This work can be ex-
panded to learn a policy invariant to other task-specific information by augmenting the
demonstration data set. This work has been published in the International Conference on
Robotic Computing (IRC) 2022 [9]. These contributions are included in chapter 4.

The fifth contribution of this work proposes to combine RL with DL to improve the
safety of RL agents during policy learning. This method makes use of a demonstration
data set with successful and unsuccessful demonstrations. We propose to use the DTW
method to compare the current trajectory with the demonstrations. If the current traject-
ory aligns better with the unsuccessful demonstrations, the episode is terminated early to
prevent the agent from crashing. We validate the approach by augmenting two state-of-
the-art RL methods with our method. DEFENDER significantly increases the safety of the
agent while maintaining or improving the performance of the standalone algorithm. This

4
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work was published in the European Symposium on Artificial Neural Networks (ESANN)
2023 [10].

The sixth contribution of this thesis is the improvement of the state-of-the-art sequence
modelling methods in DL. The novel method HDT, formulates sequence modelling as a
hierarchical problem where the high-level model defines sub-goals for the low-level model
to reach. We propose a method to identify the sub-goals from the demonstration data set
before training. This sub-goal sequence replaces the need for a sequence of returns, which
the previous state-of-the-art relies on to perform. We perform ablations that show that
the state-of-the-art relies on the careful definition of the sequence of returns, which is
non-trivial and is task-specific. The HDT not only removes the need for task-knowledge
and user interaction, but it also improves the performance across a wide range of tasks
and demonstration data sets. This work was published in the International Conference
on Intelligent Robots and Systems (IROS) 2023 [11]

The seventh and eight contribution of this work expanded upon the previous HDT method
and further improved the state-of-the-art sequence modelling methods in DL. The Trans-
former architecture of DT and HDT was replaced with the Mamba architecture resulting
in the novel methods DM and HDM, respectively. This change in architecture reduced the
complexity of the models as well as the inference time. Furthermore, the Mamba archi-
tecture removes the reliance of DM on the sequence of returns to perform, making it task
and user independent without the need for the hierarchical framework. The hierarchical
framework of HDM also contributes with a further increase in performance, resulting in
the state-of-the-art sequence modelling in DL to date. This work is currently under review
at a conference [12].

The final contributions of this work are the creation of a method with two variants for
music-to-dance generation. We provide the insight of treating music to dance generation
as a language translation task and propose two sequence modelling methods, a Trans-
former and a Mamba variant. We describe the pipeline for converting dance poses present
in standard music to dance data sets to robot joint angles and synchronizing the poses with
the music features. The method then trains the sequence model to learn the mapping from
the language of music to the language of dance. We validate this approach on two music
to dance data sets and show that despite the difficulty of generalization to unseen choreo-
graphies due to the inherent human creativity, the models are able to achieve low errors
on unseen music and dance pairs. This work is currently under review at a journal [13].

All the contributions of this research have been made publicly available, and the code is
available on GitHub to help fellow scholars, and to promote continuous advances. During
this work, six methods were developed, with MDLT providing two variants. Additionally,
a task environment and demonstration data set were created for CLfD, which are also
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distributed within the GitHub repository 1 2345 6,

1.2 Thesis Outline

The remainder of this thesis document is organized as follows: Chapter 2 introduces
the fundamental concepts, methodologies, and algorithms that are used by the proposed
methods in this thesis. Chapter 3 provides an extensive review of the state-of-the-art of
DL. Chapter 4 presents two methods to tackle problems of policy learning with RL. The
first method CLfD proposes a solution to the context problem by using contrastive learn-
ing to obtain viewpoint-invariant state representations from demonstrations, and then
use these representations in lieu of the observations to train a view-point invariant RL
policy. The second method proposes to improve the safety of policy learning methods
by combining the benefits of both RL and DL paradigms. We proposed the method DE-
FENDER that can be integrated with standalone RL algorithm and improves the safety
of the agents during learning, by comparing the current trajectory with safe and unsafe
demonstrations, and terminating it if it aligns better with unsafe demonstrations. The pro-
posed method significantly improves the safety of the agent, while maintaining or improv-
ing performance. Chapter 5 presents two sequence modelling methods. The first method,
HDT, improves upon the state-of-the-art DL sequence modelling, the DT. By employing a
hierarchical model, we replace the user specified sequence of DT, making the model user
and task independent while also improving the performance across a variety of tasks and
data sets. Then, we expand upon the previous sequence modelling method, by replacing
the Transformer with the Mamba architecture, resulting in two models: HDM and DM.
This substitution simplifies the methods, removes the need for user interaction, reduces
the inference time and further improves performance across many tasks and data sets.
Chapter 6 applies DL to new applications. Specifically, we propose to model the task of
learning to dance as a translation task from the language of audio to the language of dance.
We propose two variants of the method, one using the Transformer, and the second using
the Mamba architecture. The method is evaluated on varied data sets and is able to gener-
alize to unseen music and dance pairs, while remaining coherent within the music genre.
Lastly, chapter 7 serves as a summary to the developed work, drawing the conclusions of
this thesis, and describing potential avenues for future exploration.

'https://github.com/meowatthemoon/CLED
*https://github.com/meowatthemoon/hdt
Shttps://github.com/meowatthemoon/HierarchicalDecisionMamba
“https://github.com/meowatthemoon/DecisionMamba
Shttps://github.com/meowatthemoon/DEFENDER
®https://github.com/meowatthemoon/MDLT
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Chapter 2
Background

2.1 Introduction

In this chapter, we introduce and elaborate on the fundamental concepts, methodolo-
gies, and algorithms that underpin the proposed methods in this thesis. By establishing
a solid understanding of these fundamentals, we aim to provide the necessary context for
methods discussed in subsequent chapters.

We begin with an exploration of the sequence modelling architectures used in this thesis:
the Transformers, and the Structured State Space Model (SSSM)s. Each of these concepts
is used throughout the thesis, and understanding their core principles is crucial for com-
prehending the methods in which they are used.

Then, we delve into pre-existing algorithms that are used by our proposed methods. We
start with the Dynamic Time Warping (DTW), an algorithm for time series analysis and
pattern recognition. Next, we examine state-of-the-art RL algorithms: Deep Determin-
istic Policy Gradient (DDPG), Soft Actor Critic (SAC) and Twin-Delayed Deep Determin-
istic Policy Gradient (TD3). Finally, we discuss the Decision Transformer (DT) algorithm,
the previous state-of-the-art sequence modeling demonstration learning algorithm.

2.2 Transformers

Transformers are a type of sequence modeling architecture that revolutionized many
NLP tasks due to their ability of processing data in parallel and their attention mechanism.
Transformers are encoder-decoder based architectures where the encoder receives the
input data and returns its embedding representation. The decoder receives the output of
the encoder as well as the right-shifted outputs, and then outputs the prediction of the
Transformer model. The Transformer architecture is represented in Fig. 2.1.

The input of the Transformer is a sequence of tokens. The size of the sequence, which
the Transformer is trained to receive, is named the context length. In NLP tasks, the
tokens are words. However, the Transformer can receive a wide variety of data types [14,
15]. In the case of word tokens, the Transformer can not understand word representations.
Therefore, the words have to be converted into numbers. All the words that make up
the vocabulary which the Transformer must understand are assigned an index number.
Then, before passing the words to the Transformer, these are first replaced with their
index numbers.
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Figure 2.1: The standard Transformer architecture. The decoder and encoder blocks can be sequentially
stacked, where the output of the previous block is the input of the next block.

However, forwarding these index numbers directly is impractical. This is because the
Transformer would struggle to differentiate words that are very different but have similar
indexes. Because of this, the inputs first pass through the embedding layer that converts
the indexes into floating point vector representations. During training, the model learns
the mapping of token indexes to embedding, where each dimension in the embedding cap-
tures some linguistic feature about the word in such a way that contributes to the model’s
success.

The next component is the positional encoding. An LSTM processes each embedding
sequentially. This causes them to be very slow. However, because they process the embed-
dings sequentially, they know the order of the embeddings. On the other hand, the Trans-
former processes all the embeddings at once. This makes the model much faster than

8
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LSTMs. However, the downside is that they lose the ordering information. To provide
order information to the Transformer, positional embeddings are created and summed to
each of the token embeddings. The values of the positional embeddings differ between
methods. For instance, the DT forwards the index of the token to an embedding layer to
obtain the positional embedding. The most common approach is to assign the values of
the positional embeddings using the following formulas, alternating for every token in the
sequence:

token,
PE(tokenimges, 2i) = sin <0€”’;‘”) (2.1)
1000

token;
PE(tokeninges, 21 + 1) = cos (1000> (2.2)
d

where token;, ., is the index of the token in the sequence, d is the embedding size, and
i is the dimension inside the embedding vector.

The main component of a Transformer [16] is the multi-head attention-layer which cre-
ates attention scores from input query Q, key K and value V. The attention module repeats
its computations multiple times in parallel, by splitting the inputs passing them through
N-heads.

QK + M

Attention(Q,K,V,M) = softmazx
QK. M) = softmar (T2

)V (2.3)

where D is the number of channels in the attention layer and M is the attention mask.
All head calculations are then combined together to produce a final Attention score. The
mask parameter determines which other elements in the sequence can each element see to
determine the attention score. For example, in translation tasks, the mask of the encoder
is a full attention mask where only the padded elements are hidden from the attention
computation.

In the encoder, the previous embeddings are repeated to form the three inputs of the
attention layer. The output of the attention layer is added with the previous embedding,
through a skip connection, and then the result is normalized across the batch. Then, the
previous output embeddings pass through a linear layer, followed by another addition
with skip connection and batch normalization. The resulting embedding vectors are the
output of the encoder block. The encoder blocks can be stacked one after another, where
the output of an encoder block is the input of the next encoder block. Eventually, the
output of the last encoder block is the input key and value of the multi-head attention
layer of the decoder blocks.



Improving the Robustness of Demonstration Learning

The input of the decoder is the right shifted outputs. These pass through an embed-
ding layer the result is summed with the positional embeddings, which are frequently the
same embeddings used on the encoder’s side. The embeddings are passed to a masked
multi-head attention layer. The difference is that the mask is a causal mask, a upper tri-
angular look-ahead mask. This is such that each element can only look at past elements.
Otherwise, the decoder would be able to see what it should predict during training. The re-
maining elements of the decoder correspond to the same sequence of layers of an encoder
block. The difference is that the key and value inputs of the multi-head attention layer
are the outputs of the encoder, while the queries correspond to the decoder’s embeddings.
The output of the decoder passes through a final linear layer and activation to convert the
embeddings into the output dimensions.

2.3 Structured State Space Sequence Models

Transformers revolutionized NLP tasks due to their parallelization capabilities and at-
tention mechanism. However, the attention layer calculates attention scores of all input
embeddings with each other. This means that the memory and compute time scale quad-
ratically with the context length, which can be expensive.

Contrarily, SSSMs scale linearly with the context length. SSSMs and Mamba are built
upon the concept of continuous systems that maps a 1-D function z(¢) — y(¢) € R through
ahidden state h(t) € R". This process can be represented as a linear Ordinary Differential
Equation (ODE):

B'(t) = Ah(t) + Bz(t), y(t) =CH(t) (2.4)

where, A € RV*N serves as the evolution parameter, while B € RV*! and C € RV*! act
as the projection parameters.

S4 models adapt continuous systems for deep learning applications through discret-
isation of the true continuous function. They introduce a timescale parameter, A which
determines the precision after the discretisation, and then convert the continuous para-
meters A and B into discrete parameters A and B. There are different ways to perform dis-
cretisation, but the original methods choose to use the Zero-Order Hold (ZOH) method:

A =exp(AA), B = (AA) (exp(AA) —I).AB (2.5)

After the discretisation, the models can be rewritten as:

K (t) = Ah(t) + Bz(t), y(t)=CH(t) (2.6)

10



Improving the Robustness of Demonstration Learning

Lastly, the models compute the output through a global convolution:

K= (CB,CAB,...CA" 'B), y(t)=2+K (2.7)

where K € R” represents a structured convolutional kernel, and K denotes the length of
the input sequence z.

Output Predictions

Act. Function

Linear Layer

/ Linear Layer \

SSM

®

Linear Layer Linear Layer
\= o]

Input

Figure 2.2: The standard Mamba block architecture. The Mamba blocks can be stacked where the output of
one block becomes the input of the next in the sequence.

The Mamba architecture is represented in Fig. 2.2. Like the Transformer model, the
Mamba architecture can be viewed as a sequence of stacked Mamba blocks. The inputs
tokens first pass through a linear layer that is used to increase the dimensionality of the
embeddings, usually doubling the dimensionality. Then the embeddings pass through
the convolutional layer and are activated by a Swish activation function. The result of the
activation is passed to an SSM layer. Finally, Mamba does a gated multiplication of the

11
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output of the SSM with the output original input passed through a linear layer and activ-
ated with Swish. The author’s intuition behind this operation is that the multiplication is
a measure of similarity between the output of the SSM which contains information about
the previous tokens and the embedding of the current token. Lastly, a linear layer reduces
the dimensionality back. The output of the Mamba block becomes the input of the next
block in the sequence. Like in Transformers, the output of the final block can be passed
through a linear layer to convert the embeddings to the desired output dimensionality.

2.4 Dynamic Time Warping

The DTW [17] measures the similarity between two sequences of temporal data. We
will use the DTW over other distance metrics that require the sequences to have the same
length or require padding the sequence to equal the length of the other. Additionally,
one-to-one distance metrics are naive, and require the similar regions on both sequences
to be aligned. Therefore, they fail to compare sequences that are the same but one is
delayed when compared to the other. The naive matching of one-to-one distance metrics
is represented in Fig. 2.3.

‘D(XY) = § Ixi - il

o—q S
e

oO—O0—0——=0

Figure 2.3: Example of a naive distance metric comparing two sequences, where the second is delayed
compared to the first. The distance metric will erroneously output a large distance between the two
sequences.

Contrarily, DTW allows for distortions in time and variations in speed, and does not
require padding, making it particularly useful for comparing sequences with different
lengths, speeds, or underlying shapes. Instead of a one-to-one comparison, the DTW
matches unaligned points, by finding which points in both sequences correspond to each
other. The matching process of the DTW for the example data sequences is represented
in Fig. 2.4.

The DTW algorithm receives two sequences of data x;. and y1.5;, where N and M are
the respective sequence lengths. A cost matrix D € R(V+Dx(M+1) jg initialized to have the

12
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Figure 2.4: Example of DTW matching unaligned points in two sequences of data.

values of the first row and first column set to infinity, the first cell of the matrix set to zero,
and the remaining values unfilled. Formally, Do.y 0 = 0o, Do o.p = 00, and Dy g = 0. The
initialization of the cost matrix for the example data sequences is represented in Fig. 2.5.

6 o
5 o
4 ©
3 0
2 ©
1 Y
0 0 L o © L © 0 o
0 1 2 3 4 5 6 7 j

Figure 2.5: Initialization of DTW’s cost matrix.

The rest of the matrix is obtained iteratively, row by row i : N and column by column j :
M. Where the value of the cell at row i and column j is obtained by the following formula:
D; ; = d(x;,y;) +min(D;—1 j, Di—1 -1, D; j—1). The iterative process is represented in Fig.
2.6.

Finally, the alignment cost is determined by the value of the last cell, Dy ;. This value
represents how much the two sequences differ from one another. The lower the alignment

13
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4 © 2 2 25 3 1.5 0.5 1.5

Figure 2.6: Cost matrix filled fully using the cost formula iteratively.

cost, the similar the sequences. Additionally, DTW allows to align the points of the two
sequences. This alignment is done using the cost matrix by tracing the lowest cost path
from Dy s to Dy . The alignment path for the previous example is shown in Fig. 2.7.

According to Fig. 2.7, the cell {3, 5} is part of the path. Therefore, the third point of the
first sequence is matched to the fifth point of the second sequence.

In practice we use FastDTW [18], an approximation to DTW with reduced time and
memory costs. The algorithm finds the optimal warping path which minimizes the cu-
mulative distance between corresponding points on the two sequences. We will use the
alignment cost of the path to measure the similarity between two demonstrations.

2.5 Deep Deterministic Policy Gradient

DDPG interleaves learning an approximation to the optimal state-action value function
Q*(s,a) and the optimal policy 7*. It is an off-policy algorithm, which means it stores
previous transitions which were performed by a different policy, and stores them in a
replay buffer B = {(s;, a;, ri, s}, d;),i € B}, where s;, a;, 14, s}, d; are the initial state, action,
reward, new state and d; indicates whether state s/ is a terminal state. The transitions in
the replay buffer are then used to update the state-action value function which is then
used to update the policy.

The Bellman equation defining the optimal action-value function is:
Q"(5,) = Bgyplr(s,a) +ymaxQ (s, )] (2.8)

14
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4 © 2 2 25 3 1.5 1.5
3 L 2 2 2 25 1.5 15
2 © 2 2 1.5 25 35 5.5

Figure 2.7: Alignment path of the two sequences obtained by tracing the lowest cost path from the last cell
to the initial cell of the matrix.

The approximation to the optimal state-action value function is done through a neural
network with parameters ¢. The parameters of this neural network are updated using a
batch of transitions in the replay buffer using mean-squared Bellman error (MSBE) as
the loss function which determines how close the current function is to the optimal state-
action function:

L((Z)a B) = E(s,a,r,s’,d)wB[(Qqﬁ(Sv a) - (’I“ =+ 7(1 - d) HZE}X Q¢(S/, a/)))Q] (29)

The loss function is used to update the parameters of the state-action value function,
however, the Bellman term on the loss function depends on the same parameters that
are being optimized. This causes the optimization to be unstable. To reduce this issue,
the DDPG algorithm uses a second network, called the target network whose parameters
btarger are similar to ¢ but are time-delayed. In practice, the target network is a partial
copy of the main network on iteration. This process is called Exponential Moving Average
(EMA): dtarget < pPtarget + (1 — p)d, where p is a hyper-parameter with a value between
0 and 1 which determines the portion of the main network to be copied over to the target.

Computing the maximum over actions in the target is a challenge in continuous action
spaces. DDPG deals with this issue using a target policy network to compute an action
which approximately maximizes Qy,,,,.,- Assuming the policy network 7 has parameters
¢, the target policy network y,,, ., is obtained using the EMA of the parameters of the
policy network. With these changes, the loss function for the estimation of the state-action

15
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value function is:

L(¢7 B) = E(s,a,r,s’,d)wB {(be(S? CL) - (T + 7(1 - d) II%;}X Q¢ta7’get (S/? TOtarget (S/))))2] (2-10)

The estimated state-action value function is used to estimate the policy. The goal of the
policy is to select the action for the current state that maximizes the state-action value
function. Hence, the parameters of the policy are updated through gradient ascent using
the output of the state-action value function, when using the state batch sampled from the
replay buffer and the action selected by the current policy for these states:

max By p[Qy(s, m(s))]  (2.11)

Lastly, to perform exploration, DDPG adds the Ornstein-Uhlenbeck noise [19] to the
action sampled by the policy. The known problem with the DDPG algorithm is that the
state-action value function in DDPG often overestimates its values. This then enables
the policy to wrongly exploit the state-action values, which causes the policy learning to
wrongly converge to a local minimum.

2.6 Twin-Delayed Deep Deterministic Policy Gradient

The TD3 algorithm improves upon the DDPG algorithm in regards to state-action value
overestimation, which leads to policy failure, with three key changes. Firstly, the TD3
algorithm learns two state-action value functions instead of a single one. Then, the al-
gorithm uses the lowest output of the two value functions in the Bellman error loss func-
tions. This is a conservative selection of the prediction of the true state-action value, which
reduces the overestimation. Formally, both state-action value functions are updated using
the same target, calculated using the minimum of both outputs:

L(¢i=12, B) = Egsarsa~nl(Qs,(s,0) = (r +7(1 = d) min Qo e, (' d(s)))?  (2.12)

Secondly, the TD3 algorithm updates the policy in the same way as the DDPG by se-
lecting one of the state-action value functions. However, in the TD3 algorithm, the policy
is updated less frequently than the state-action value functions. The original TD3 paper
updates the policy for every two state-action value function updates. The idea is to obtain
a more accurate prediction of the state-action values before updating the policy.

Lastly, the TD3 algorithm adds noise to the target action, to prevent the policy from
exploiting the state-action value functions. Specifically, the target actions are changed
to: d/(s") = clip(Tiarget(s’) + €, arow, @High), Where € is a noise sampled from a normal
distribution e ~ N (7, o), and clip is a function that keeps the noisy action within the action
range of the environment [ar.ow, @ figh)-
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2.7 Soft Actor Critic

Both the DDPG and TD3 algorithms optimize a deterministic policy, that is, the output
of the policy function is an action. Contrarily, SAC is algorithm that optimizes a stochastic
policy. In this case the output of the policy function is the mean and standard deviations
of a distribution. The main feature of the SAC algorithm is entropy regularization, which
measures the randomness in the policy. The policy is trained to maximize a trade-off
between expected return and entropy. Similarly to the exploration-exploitation trade-off,
increasing the entropy results in more exploration, prevents the policy from converging
to a local minimum and can also accelerate learning later on.

The entropy H of a distribution P is computed by:

H(P) = E,.p[—log(P(x))] (2.13)

In the SAC algorithm, the agent gets an additional reward proportional to the estimated
entropy of the policy at the time:

m* = argmax Erer>  '(R(st,ar) + aH(n(s1)))]  (2.14)
t=0

where « is a hyper-parameter that controls the importance of the entropy in the optim-
ization. There are SAC implementations that keep this hyper-parameter to a fixed value
while others vary it during training.

Similarly to TD3, SAC learns a policy and two state-action value functions simultan-
eously. These state-action value functions are named the critics. The loss function for
updating the state-action value functions is similar to TD3, where the minimum output
of the functions is used as the prediction for the value of state-action pair. However, this
loss function is augmented with entropy contribution:

L(éiil,?? B) = E(s,a,r,s’,d)wB[(Qq% (87 a) - Z/(Ta 8/7 d))z] (2'15)

where y is the target state-action value defined by:

y(r,s',d) =r+~(1—d) JrgnQ Qd,j’mget(s', d(s') — alogmg(a' | s') (2.16)
and the new action is sampled from the policy o’ ~ my(s’).

The policy is updated in a similar way to the previous algorithms, where the differences
are the added entropy component, the state-action value is obtained using the minimum
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of both functions instead of selecting one like in TD3, and the next action is obtained from
the current policy:

m(?xESNB[mini:LgQ@(s,a’) —alogm(d' | s)] (2.17)

2.8 Decision Transformer

The DT formulates RL as a sequence objective problem and applies the Transformer
architecture because of their success in a wide range of applications. Specifically, the DT
employs the GPT 2 [20] architecture. Instead of processing a single state observation, the
policy selects the next action, based on a sequence of states, actions and returns-to-go
(RTG): (rtg1, s1,a1,...,7tgn, Sn,an). During training, the RTG are the remaining cumu-
lative return obtained in the trajectory after time step ¢: rtg; = ZtT,:t ry. However, dur-
ing deployment, the full trajectory is not known before execution to determine the initial
value of the sequence. Instead, this initial value of desired returns must be specified by
the user, which is task-specific and affects the performance [11]. We performed ablation
studies in Sec. 5.2.5, and the results show that the DT relies on the sequence returns-to-go
to learn and that the value of the desired accumulated returns impacts the performance
of the agent. However, determining a good value for the desired accumulated returns is
done through trial and error. The DT sets the value to the maximum accumulated rewards
found in the data set. The results in Sec. 5.2.5 show that this is not optimal, because in
some tasks, setting a lower value resulted in increased performance. Additionally, in tasks
with sparse rewards, where the environment returns a reward of zero, the value of returns-
to-go is not changed for concurrent transitions. The DT struggles to learn the task when
the value of returns-to-go is static.

The DT also requires a causal mask, which is a binary vector with as many elements as
the length of the sequence. Each element in the mask determines if the corresponding
tokens should be hidden from the Transformer to produce the output. Additionally, the
Transformers require information about the relative position of the tokens in the sequence.
For the DT, the positional encoding is done by creating a sequence of time steps, passing
this sequence through an embedding layer and summing the result to each of the three
token sequences. The DT is trained using the L2 loss, in a similar manner to BC, to predict
the demonstrator’s action:

L(St:41» Ot:t4 K TG0k ) = |04k — To (St K5 Gt K -1, TG+ 1)||  (2.18)

2.9 Conclusions

In this chapter, we have introduced and elaborated on the fundamental concepts, meth-
odologies, and algorithms that form the foundation of the proposed methods in this thesis.
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By establishing a solid understanding of these fundamentals, we have aimed to provide
the necessary context for the advanced methods discussed in the subsequent chapters.
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Chapter 3

Related Work

3.1 Introduction

The demand for intelligent systems that mimic human behavior increases. Future direc-
tions in Artificial Intelligence (AI) focus on replacing humans with machines that replicate
the desired behavior more consistently. Notable examples include self-driving vehicles
[21] and surgical robots [22]. This progress is driven by continuous advancements in the
area of Al, with increasingly complex problems being solved each year.

Emulating human behavior implies replicating a sequence of actions that a human would
take in various situations. The human behavior can be recorded in the form of demonstra-
tion data sets, which are then used to train models to replicate the behavior by selecting the
appropriate action based on the current state of the agent and the environment. Solving
this problem entails learning the correct mapping between states and actions. This map-
ping is known in computer science as a policy, a function that selects an action based on the
current state. Traditional programming approaches specify the action for every possible
state. Moreover, such algorithms do not scale well to high-dimensional environments or
continuous action spaces, because specifying the ideal action for all possible state condi-
tions is tedious and computationally impractical. Additionally, these approaches require
expertise in the specific area as well as programming knowledge, making them costly.

Because of this, ML techniques offer a solution to automatically learn policies from data,
with RL being a common method. In RL, the agent learns the policy through trial-and-
error interactions with the environment. After each interaction, the agent receives feed-
back and adjusts its policy accordingly. The agent often learns super-human policies [23],
often achieving the task’s goals by performing actions that would be impossible or unlikely
for a human. While this behavior can be advantageous for maximizing performance, it can
be disadvantageous if the goal is for the agent to behave naturally. A clear drawback of re-
inforcement learning approaches is their need for a large number of interactions. Because
the agent learns from failure and attempts random actions, the learning process can be
unsafe in real-world environments, posing risks to the agent and its surroundings. This
limitation hinders the application of RL in fields like robotics and healthcare. Addition-
ally, RL is highly data-inefficient, requiring many interactions to converge due to the need
for exploration. Despite the significant progress and potential of deep RL, its applications
remain largely confined to video games and simulations.
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For these reasons, DL is an appealing alternative to RL. In [24], the authors proposed
an off-policy RL algorithm that can learn to play Atari games from image data. Two years
later, AlphaGo [25] trained the first computer agent capable of beating a professional Go
player. In such cases, the agent has access to a data set of interactions with the environ-
ment performed by an expert teacher. The agent learns the policy from the demonstrated
state-action pairs present in the data set. The goal of DL is to learn complex policies, akin
to RL, but from recorded data, similar to supervised learning. By providing examples of
successful actions, the need for the agent to try incorrect actions during an exploration
phase is avoided. Consequently, the agent remains safe during the learning process be-
cause it does not have to interact with the environment directly. Additionally, demonstra-
tions ensure that the agent learns the desired behavior exhibited in the data set, allowing
it to avoid local minimum and converge faster than with RL.

The primary disadvantage of DL is that the agent is entirely dependent on the demon-
strations for learning. The demonstrations must cover the state and action spaces for the
agent to learn the task effectively. Depending on the task, this coverage can be difficult
and expensive due to the size of both spaces. Demonstration learning methods attempt to
generalize to unseen states. Although demonstration learning methods attempt to gener-
alize to unseen states, the data is not identically distributed (i.i.d.), making generalization
challenging. If the agent encounters states outside the distribution of the data set, it is
likely to fail, with potentially serious consequences in real-world applications. Therefore,
the demonstration learning methods try to mitigate the distributional shift between the
learned distribution and the data set’s distribution, which is still an open problem. Ad-
ditionally, recording demonstrations performed by a human requires capturing the state-
action pairs, showcasing good behavior, and covering various scenarios. Demonstrations
can suffer from sensor noise, inaccuracies, or inconsistencies in the demonstrator’s ac-
tions. Consequently, DL approaches avoid directly copying the demonstrated behavior
and instead attempt to generalize to non-demonstrated trajectories.

The use of demonstration data sets is a key differentiator among DL methods. Utilizing
demonstrations reduces the programming overhead, making these methods accessible to
non-experts. As a result, interest in this area has grown exponentially due to its signi-
ficant potential. Once a policy is learned from demonstrations, it can be further refined
through online interactions via RL, with the advantage that the initial policy is safer than
a randomly initialized RL policy. In [23], an agent is pre-trained on demonstration data
such that the convergence and its online interactions are safer. Later, [26] proposed an
algorithm to learn solely from demonstrations, causing the field to gain traction. Demon-
stration learning is not limited to policy learning, the demonstrations can be used to learn
a dynamics model, which allows the agent to collect new transitions and learn through
online RL without having to interact with the environment. Alternatively, IRL can utilize
demonstrations to learn a reward function, which is often challenging to design in high-
dimensional RL applications.
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The paradigm of teaching robots through demonstrations emerged in the 1980s and has
since been considered the future of robotics [27, 28]. Over the years, this approach has
been used to teach a wide range of tasks to various types of robots. Applications include
aerial and ground navigation [29], video games [23], and controlling different kinds of
robots, from manipulators [30] to humanoids [31]. The advent of deep learning has ex-
ponentially increased research interest in this area over the past two decades, leading to
a significant rise in publications.

This rapid growth has resulted in numerous surveys on the topic. Early surveys re-
viewed the initial history of the paradigm and early attempts to teach robots from demon-
strations. One such survey provided an overview of demonstration learning and defined
the problem using four core questions for the field: how, what, when, and whom to imit-
ate [32]. In a subsequent survey [1], the authors discussed various design choices and pro-
posed a categorization for the field. Later, [33] focused on reviewing artificial intelligence
methods used to estimate policies. Another survey [34] reviewed recent research and de-
velopment, with a focus on demonstrating behaviors to assembly robots and extracting
manipulation features. [35] provided a comprehensive review of inverse reinforcement
learning. In [36], the authors gave an overview of various machine-learning methods,
highlighting their advantages and disadvantages. Following this, [37] and [38] reviewed
offline reinforcement learning methods. The timeline of these published surveys is rep-
resented in Fig. 3.1.

Despite the surveys mentioned above aiming to standardize terminology, the terms
used in recent publications remain diverse. Terms such as DL, Learning from Demonstra-
tions, Imitation Learning, BC, and Offline RL are commonly used to describe the same
paradigm. For consistency, this chapter will use the term "DL” to refer to this paradigm.

This chapter provides an overview of the steps required to learn from demonstrations
and the various methods employed by researchers at each step. The reviewed literature
encompasses a wide range of applications. The chapter explains each step in a general
manner, making it applicable to most tasks.

The following sections are organized as follows: Section 3.2 presents a formal definition
of the DL problem. Section 3.3 discusses methods for collecting demonstration data and
creating data sets. Section 3.4 explains the learning methods available from the demon-
stration data. In Section 3.6, we present the benchmarks available to evaluate DL. methods.
Section 3.7 lists the main applications of DL, followed by a discussion of the advantages
and disadvantages of the paradigm in Section 3.8. Finally, Section 3.9 explores future
research directions in DL, concluding with a summary in Section 3.10.
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—>» 1996 - Schaal Learning from demonstration

—» 1999 Schaal - Future Prospects

—>» 2009 Argall et. al. - Survey of Demonstration Learning

—>» 2017 Hussein et. al. - Survey of Demonstration Learning
2018 Zhu et. al. - Survey for Robotic Assembly

2019 Fang et. al. - Survey for Robotic Manipulation

2020 Levine et. al. - Survey of Offline RL

(_
(_
<— [ —» 2020 Ravichandar et. al. - Survey of Demonstration Learning for Robots
(_

2021 Arora et. al. - Survey of Inverse RL

2022 Prudencio et. al. - Survey of Offline RL <€—

—> 2024 André Correia, Luis A. Alexandre - A Survey of DL

Figure 3.1: Timeline of surveys. General DL surveys are presented on the right side, while surveys specific to
a sub-area or application are presented on the left side.
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3.2 Problem Definition

This section explains the DL problem and several relevant concepts. The overall se-
quence of steps in DL is illustrated in figure 3.2. The first step involves creating the demon-
stration data set, which requires selecting the demonstrator, the demonstration technique,
and the data representation. The demonstrations can be generated by the agent itself us-
ing teleoperation, kinesthetic, or shadowing demonstration techniques. These techniques
are categorized as direct demonstrations because the agent itself performs them. Alternat-
ively, a teacher, either a human or a robot not acting as the agent, can perform the demon-
strations. These are known as indirect demonstrations, as the learning agent does not per-
form them. In these techniques, demonstrations are recorded via observations or sensors
on the teacher, with the captured information mapped to a format the learning agent can
use.

Next, the agent learns through DL using the demonstration data set. The learning meth-
ods can be categorized by their objective, most commonly to learn a policy function. How-
ever, DL can also be used to learn a reward function through IRL or a dynamics model,
both of which can then be applied in standard RL applications. Additionally, DL can be
used to learn a generator, or a discriminator through Generative Adversarial Imitation
Learning (GAIL), a sequence model, and seamlessly integrated with apprenticeship learn-

ing.

Subsequently, the learned model can be further enhanced using optimization techniques
such as online interactions with RL and active learning. The evaluation of DL methods is
usually quantitative, though some applications may require qualitative assessment. Each
of these steps is discussed in more detail in their respective sections.

An agent is an entity that autonomously interacts within an environment toward achiev-
ing or optimizing a goal [39]. It receives information from the environment through its
sensors and interacts with the environment using its actuators, based on its policy.

DL is a mixture of supervised learning and RL. In supervised learning, the agent re-
ceives the labeled training data and learns an approximation to the function that produced
the data. In RL, the agent must collect interaction data to learn from, by interacting with
the environment through trial and error. In DL, the training data is a set of environment
interactions collected beforehand by a teacher executing a task. The goal of DL is to learn
a task from demonstrated examples performed by an expert demonstrator and recorded
in a data set.

DL expands from the RL paradigm commonly defined as an MDP, formulated by the
tuple < S, A, P, Ay, R, A\ > [8]. An MDP is a mathematical formulation that enables the
creation of theoretical statements and proofs in RL, where S is the set of the possible
environment states, s € S, and A denotes the initial state distribution. At each state, the
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agent can choose an action a € A from the set of possible actions. Acting changes the state
of the environment. The mapping between states through the actions is defined by the
state transition function P(s;41 | s¢,a¢) : S x A — S. The Markov property determines
that the transition function completely defines the dynamics of the environment. That
is, the probability of state s;.1, only depends on the current state s; and selected action
a;, regardless of past transitions. The policy 7 : S — A is a function that selects an
action given a state of the environment. A more common definition is to formulate the
policy as a probability distribution 7(a; | s;), where the policy returns the probability
of taking action a; given the agent is at the current state s;. The correct selection of the
action for any given state is what allows the agent to perform the task. After interacting
with the environment, the agent receives a reward r, = R(s;, a¢, st+1), which indicates
the quality of the interaction. In RL, the policy is optimized to maximize the expected
future rewards E[Y ;" AR(s¢, ar, s¢+1)]. A trajectory is a sequence of H + 1 states and H
actions and rewards 7 = (s, ag, ro, ---, S ), where H is the episode’s horizon, which may be
infinite in the case of non-episodic environments. With these definitions, the probability
density function for a given trajectory 7 under the policy 7 is p(7) = Ay(s0) Hfi_ol m(ay |
st)P(st+1 | st,at). Lastly, A is the discount factor.

In some settings, we do not have access to the full state information of the environ-
ment and have to work with observations o; € O. This formulation is named Partially-
Observable Markov Decision Process (POMDP), defined by the tuple < S, A, O, P, Ag, E, R, A >,
where O is the set of observations and E(o; | s;) is the function that maps states to obser-
vations. To overcome the limitations of learning from observations, methods combine
consecutive past observations to supply the policy with time-varying information, such as
velocity and direction.

One of the main reasons behind the success of ML methods is the usage of large data
sets. However, in RL the data set is collected during training and can be expensive and
unsafe to collect in the real-world.

In DL, the agent has access to a data set of N demonstrations D¢, = {7, € {0, ..., N—
1}}. Each demonstration is the sequence of visited states and the respective actions chosen
by the expert demonstrator 7; = (s, at, S¢+1,t € {0, ..., L — 1}), where L is the length of the
sequence. The policy is estimated from the behaviors shown in the demonstration data set.
The agent learns by increasingly better imitating the behavior of the teacher represented
in the demonstrations. Therefore, the behavior of the agent should converge to a working
and intended behavior.

BC is the family of methods where the policy is trained to output the demonstrated ac-
tion for a given state. Hence, the problem becomes a classification problem for discrete
action spaces or a regression problem for continuous action spaces. However, the quality
of the learned behavior is limited to the ones present in the demonstrations. Because of
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this, demonstrations can be used to formulate a reward function. This family of methods
is called IRL. Here, the agent is rewarded for how similar the action is to the one in the
data set for a given state. Alternatively, the demonstrations can include the environment
rewards in addition to the states and actions: 7; = (s, as, ¢, S¢+1,t € {0, ..., L — 1}). This
family of methods is named offline RL because the agent has access to the interaction
data in an offline manner. Here the ideal policy 7* is estimated by maximizing the expec-
ted accumulated reward for all trajectories 7: 7* = argmax, E.., ()[R;], where R, =
Zf; 61 vtrs is the discounted accumulated reward of trajectory 7 with IV transitions. Most
methods estimate a state-value function to optimize the policy: V7™ (s;) = E;, (|s,)[1+],
which maps a state to the expected return when starting from that state. Similarly, an
action-value function Q™ (s, a;), maps state-action pairs to the expected return starting
from state s;, and using action ay.

Under offline RL, the goal is to use the data sets to generalize instead of naive imitation
learning by finding the good parts of the demonstrated behavior. Even if the data set has
bad behaviors, finding the good parts would result in an improvement over the demon-
strations. Though distinguishing bad from good behaviors is difficult, offline RL accounts
for long-term consequences of immediate actions through the value-function, unlike BC.

In the following section, we will delve into the process of creating a demonstration data
set, exploring each step and the various options available. We will begin by discussing
the selection of the demonstrator, followed by an examination of different demonstration
techniques and data representation methods. Additionally, we will address the primary
limitations that affect demonstration data sets, their potential consequences, and possible
solutions.

3.3 Demonstration Data Set

The initial step in DL is creating the demonstration data set. This data set comprises a
series of demonstrations, each represented as a sequence of state-action pairs. As stated
previously, the data set can include extra information such as the environment’s rewards
for each interaction. The developer has a plethora of design options for the system. This
section outlines the various choices for designing the demonstration data set, discussing
their impacts on the final design, and comparing their advantages and disadvantages.

The first step is selecting the demonstrator. The next step involves choosing the demon-
stration technique, which depends on the type of demonstrator chosen. Afterward, defin-
ing how the data will be stored is crucial. The data must be usable by the learning agent,
ideally mapping directly to state-action pairs usable by the learner. However, this direct
mapping is not always feasible, and conversion mechanisms may be required. For ex-
ample, learning from images requires the extraction of features, which may be manually-
designed or learned. The demonstrated images are captured from the point of view of
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Teacher Record Mapping | Demonstration | Embodiment Mapping Learning
Demonstrating 4 Data Set 4 Agent

Figure 3.3: Record and Embodiment Mapping as per [1].

the teacher and may not be directly usable by the learning agent. Challenges that arise
from the differences between the contexts of the demonstrator and the learner are named
correspondence issues by [40]. All these steps are explored in the following sections.

3.3.1 Choosing the Demonstrator

The demonstrator is the agent responsible for demonstrating the task. Two choices
have to be made regarding the demonstrator: selecting who controls the demonstration
and who executes the demonstration. The task can be demonstrated by either a human
or a robot different from the learning agent, who controls the demonstration. However,
through shadowing or teleoperation, a human can control the learning agent, allowing
it to execute the task. The demonstration techniques will be explored in the following
sections. In these cases, a human teacher controls the demonstration, while the learning
agent executes the demonstration.

The choice of the demonstrator is critical to the success of the system, as it influences the
algorithms that can be used. If the learning agent performs the demonstrations itself, for
example, through teleoperation, the learner’s state-action spaces will automatically align
with those in the data set. However, if a different agent executes the demonstrations, the
state and action spaces in the demonstrations will likely need to be mapped to the learner’s
corresponding spaces.

3.3.2 Demonstrator and Learner Matching

This subsection addresses the alignment of state-action pairs from the teacher, as rep-
resented in the demonstration data set, with the learner’s state-action pairs, enabling the
learner to perform the task. In [1], the authors defined two types of mappings: record
mapping and embodiment mapping. While these terms are not widely used in the literat-
ure, we adopt them here to help classify the different demonstration techniques.

Record mapping corresponds to the mapping between the teacher’s demonstrated state-
action pairs and the recorded state-action pairs in the data set, denoted as (s,ccorded; @recorded) =
MR (Steachers Ateacher)- Embodiment mapping corresponds to the mapping between the
state-action pairs recorded in the data set and the state-action pairs performed by the
learning agent, denoted as (sqgent; Gagent) = ME(Srecorded; Grecorded)- These mappings are
represented in figure 3.3. Each mapping corresponds to applying a conversion function to
the input to produce the output. Importantly, neither mapping alters the information in
the demonstration data set. Instead, they change the data from the context of the teacher
to the context of the agent.
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Ideally, the data is recorded by the learning agent, eliminating the need for any map-
ping. In such cases, these mappings are equivalent to using the identity function I(s, a).
However, there are scenarios where the demonstrator’s setting cannot be directly recor-
ded or directly applied to the learner. In these instances, one or both conversion mappings
must be created. For any given problem, each additional mapping introduces a potential
source of errors. Consequently, the more mappings that are applied, the more challenging
it becomes to accurately translate and reproduce the teacher’s original behavior.

As an example, consider a human teacher demonstrating a task to a robot using their
own body. A camera records these demonstrations as a series of images. An implicit re-
cord mapping is applied to convert the raw data captured by the camera into these images,
as the images do not fully capture the entire environment. Additionally, the specific ac-
tions performed by the teacher between frames are unknown to the robot. The robot can
not infer what action was taken by the teacher to transition from one frame to the next.
Therefore, an embodiment mapping is necessary to generate the state-action pairs that
the robot can use to understand and replicate the demonstrated task.

3.3.3 Choosing the Demonstration Technique

In this section, we explore various techniques for acquiring demonstrations. Accord-
ing to [1], demonstration techniques are categorized into two groups: demonstration and
imitation, based on their need for embodiment mapping. However, we adopt a simpler
categorization proposed in [41], which divides demonstration techniques into indirect and
direct demonstrations. In direct demonstration techniques, the learning agent itself per-
forms the demonstration. Conversely, in indirect demonstration techniques, an external
agent demonstrates the task.

In the direct category, no embodiment mapping is needed because the demonstration
is performed directly by the target agent. Conversely, indirect techniques require embod-
iment mapping since the demonstration is not performed on the learning agent. Further-
more, within each category, approaches are grouped based on whether they require record
mapping. This categorization is presented in Table 3.1.

The demonstration techniques involve choosing how the demonstration data is provided
to the learner. The most common approach is to have the data available beforehand, al-
lowing the learner to derive a policy from a pre-existing data set. Alternatively, the data
can become available incrementally during training, leading to ongoing policy updates.
These incremental approaches are typically used to refine the policy based on its perform-
ance during training. For instance, in [42], the agent displays its confidence score for the
selected action in a given state. The teacher can then choose to intervene and demonstrate
the correct action or accept the agent’s action.
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Table 3.1: Categorization of the demonstration techniques.

Direct Indirect
Teleoperation Kinesthetic Shadowing Observation Sensors on Teacher
Mapping No No Record Embodiment and Record Embodiment
Demonstrator Learner Learner Learner Not the learner Not the learner
Data recorded | Learner’s internal state | Learner’s internal state | Learner’s internal state Visual Sensor

[43] discusses techniques that enable a robot to refine its existing model, focusing primar-
ily on interactive and active learning approaches. Interactive task learning, proposed in
[44], involves the agent actively learning a task through natural interactions with a hu-
man instructor. The concept of modeling verbal and non-verbal cues used by the teacher
during the teaching process to enhance learning is explored in [45]. Additionally, the idea
of asking for help during the learning process is examined in [46], where a data-driven
method was developed to estimate the human’s beliefs after receiving a request and to
create better requests that guide people toward providing useful help. We provide a cat-
egorization of the available demonstration techniques in Table 3.1.

3.3.4 Direct Demonstration

Direct demonstration consists of techniques where the embodiment mapping is unne-
cessary because the learning agent performs the demonstrations. Hence, there is no need
to convert the state-action pairs from the demonstrator’s space to the learner’s space, as
they are inherently the same. However, record mapping may still be required if the state-
action pairs performed by the demonstrator cannot be directly recorded in the data set.

3.3.4.1 Teleoperation

Teleoperation is the most direct method for transferring the teacher’s behavior to the
learner. In this setting, the human teacher operates the learning agent or an agent struc-
turally identical to the learner. This agent can be a physical or simulated robot or a simu-
lated agent, such as characters in video games. The state-action pairs of the demonstration
are recorded directly from the learning agent’s sensors. Because the agent performing the
task is structurally identical to the learner, and the state-action pairs are extracted directly
from the agent’s sensors, neither embodiment mapping nor record mapping is required.

The main advantage of teleoperation is that it can be easily used in simulation environ-
ments and video games, unlike the other approaches. Additionally, teleoperation simpli-
fies data collection, facilitating the development of new methods and benchmarks. How-
ever, a significant downside is that it requires the agent to be manually controllable, which
limits its applicability to certain problems. This control can be executed through various
interfaces, such as joysticks, graphical user interfaces, or virtual-reality interfaces. An-
other disadvantage is that not all users possess the necessary skills to teleoperate the agent
effectively without extensive training. This need for technical proficiency undermines one
of the key advantages of DL, which is its accessibility to a broader range of users.
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Demonstrations using teleoperation have been applied to a wide variety of applications.
For example, in [47] and [29], data from a robot helicopter flight, controlled with a joy-
stick, was recorded and used to train an autonomous agent through RL. For manipulation
tasks, [48] demonstrated how a robotic arm could be trained to change rolls on a paper
roll holder from demonstrations. In [29], a humanoid robot was teleoperated using Vir-
tual Reality technology, which translated the operator’s arm and hand motions into those
of the robot to generate demonstration data and develop a manipulation policy. Teleop-
eration has also been used in simulated environments. For instance, in [49], used teleop-
eration to transfer human skills in Robosoccer to a robot through DL. Additionally, [50]
involved teleoperating a PR2 robot to touch a red cube on a table to create demonstra-
tion data, which was then used to train the robot to associate movements with labels and
perform a sequence of trajectories based on this labeled data.

3.3.4.2 Kinesthetic

Kinesthetic teaching serves as an alternative to teleoperation when an external mech-
anism for controlling the agent is not available. In this approach, the teacher physically
manipulates the agent by moving its joints through the correct positions that enable the
agent to perform the task. Alternatively, the teacher can provide instructions through
speech, where the robot is told specifically what to do. Similar to teleoperation, demon-
stration data in kinesthetic teaching is captured directly from the agent’s sensors, so there
is no need for any mapping. However, the quality of the demonstrations heavily relies
on the capabilities of the human teacher. Even with expert demonstrators, the data ob-
tained through kinesthetic teaching often requires post-processing techniques to refine
the demonstrations.

The applications of kinesthetic demonstrations are similar to those of teleoperation.
However, kinesthetic demonstrations are generally restricted to physical agents and are
primarily used for manipulation tasks. For example, a learning method for collaborative
and assistive robots based on imitation learning through kinesthetic demonstrations was
applied to a robotic arm in various assistive scenarios [51]. To extract features from each
state for kinesthetic teaching, a system that captures desired behaviors in the joint space
was developed in [52]. Additionally, [53] explores how kinesthetic teaching can be used
to capture demonstrations for modeling reward functions in manipulation tasks.

3.3.4.3 Shadowing

Demonstrations performed through shadowing are performed by the learning agent.
Since the demonstration data is captured through the agent’s sensors, there is no need for
embodiment mapping. However, the agent performs the task by copying the movements
of the teacher through some form of tracking. There is a record mapping that converts the
actions performed by the teacher to the actions of the learning agent.
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Shadowing has been effectively applied to both humanoid robots and navigation tasks.
In [54], a humanoid robot learns to imitate a human demonstrator’s arm gestures and is
tested on a turn-taking gesture game. For navigation, a mobile robot learns routes demon-
strated by a teacher in [55].

3.3.5 Indirect Demonstration

Indirect demonstration encompasses techniques where an embodiment mapping is ne-
cessary. The demonstration data is not captured directly from the learning agent’s sensors
because a different agent demonstrates the task. Hence, the agent can not directly apply
the state-action pairs in the demonstration data set.

3.3.5.1 Observation

In indirect demonstration by observation, a teacher performs the task while sensors
external to the learner capture the demonstrations. These sensors are often cameras or
a camera system, and they may be complemented by additional sensors on the teacher.
During this process, the learning agent remains a passive observer. The main advantage
of this technique is its straightforward data collection process. However, it requires both
record mapping and embodiment mapping to transform the captured data into usable
state-action pairs for the agent. Since only image representations of the teacher’s actions
are recorded rather than the actual state-action pairs, record mapping is needed to convert
these images into state-action pairs. Additionally, because the learning agent does not
perform the task, embodiment mapping is necessary to translate the demonstration data
into a format that the agent can use for learning. This is often accomplished through ML
techniques, such as feature extraction or automated conversion from the teacher’s context
to the learner’s context.

While indirect demonstration by observation is the simplest method for task demon-
stration, it necessitates both record mapping and embodiment mapping, making it less
favorable compared to other techniques when they are viable options. This approach is
particularly effective in settings with high degrees of freedom, where other demonstra-
tion techniques might be difficult to perform. However, it comes with challenges such as
camera-related issues such as occlusions, blurriness, and noise-that can affect data quality
and require extra post-processing steps.

DL through observation is the most versatile and widely applicable demonstration tech-
nique. It has been employed in various applications, such as teaching a robot to perform
assembly tasks from demonstrations in [56], learning house chores in both real-world and
simulated environments as explored in [57], and manipulating a piece of cloth to create
different shapes in [30]. Early works teach a robotic arm to balance a pole using demon-
strations [58]. In [59], a robot demonstrates a task and transfers its skill through DL to
a different robot. Moreover, DL from observation is frequently combined with other in-
formation sources beyond just camera data. For instance, [60] demonstrates how a robot
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learns to grasp objects by integrating visual observations with data from a force-sensing
glove.

3.3.5.2 Sensors on Teacher

Sensors on a teacher is a demonstration technique where the demonstrations are recor-
ded from sensors on the teacher such as wearable devices [61]. In this approach, record
mapping is not required because the data is captured directly from the teacher’s sensors.
However, because the learning agent did not perform the task, the recorded data can not
be directly used by the agent. This means that an embodiment mapping is required to con-
vert the teacher’s state-action pairs to the context of the learning agent. Because of this
requirement, these approaches are used when the learning agent can not be controlled to
perform the task itself. Otherwise, teleoperation, kinesthetic, or shadowing techniques
should be preferred. Human teachers are commonly used to demonstrate a task using
their own bodies to train a humanoid robot. The advantage of using sensors on a teacher
over passive observation lies in the precision of the data collection. Sensors provide de-
tailed and accurate data about the teacher’s actions, whereas passive observation requires
indirect methods to infer and map the teacher’s actions for the learner.

In [31], the data from sensors placed on a human is used to derive joint angles for a
humanoid robot, enabling it to learn and perform reaching and drawing movements with
one arm as well as tennis swings. This approach has also been applied in [62] to teach a
biped robot to replicate human-like walking patterns. Additionally, [63] describes the use
of a custom glove to capture hand position and tactile information for recording demon-
stration data performed directly by a human. The data was then used to obtain object
model representations and optimize the policy to perform the task.

3.3.6 Data Representation

The demonstration data needs to be recorded in a structured way. The structure is
dependent on what technique was used for recording the demonstration and will determ-
ine which algorithms can be used to train the policy. The state representation is called a
feature vector, which may encompass various types of information, including the agent’s
state, the environment, and individual objects. Due to the high dimensionality of the envir-
onment, it is often impractical to represent it in its entirety, and it may contain redundant
orirrelevant information for the learning task. Hence, the selection of features needs to be
adequate and efficient to convey enough relevant information to estimate a quality policy.
The actions performed by the teacher are also normally included in the demonstrations.
However, some approaches overcome the unavailability of actions in the data set and learn
to infer the action that caused a state transition [64]. Additionally, in scenarios where the
goal is to maximize a reward function, rewards for each state-action transition can also
be part of the data set. Lastly, supplementary information such as episode termination
indicators and safety constraint violations may be included [65, 66].
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3.3.6.1 Raw Features

Raw features are the direct outputs from sensors collected during the demonstration
and stored in the data set without any additional processing. Hence, these features are
used in cases where there is no record mapping. However, the features may inherit noise
from the sensors and may need to be pre-processed. If these features capture all the ne-
cessary information for the task, they can be used directly for training without further
processing.

Such features can be easily obtained in virtual environments such as simulators or video
games. For example, in [23], the agent learns to play a series of Atari games using state-
action observations that are direct screenshots from the game. However, in the real-world,
these features are often not readily available and typically require additional sensors to be
collected.

3.3.6.2 Manually Designed Features

Manually designed features are extracted using custom-designed functions tailored to
the specific problem at hand. These functions transform raw sensor data from the demon-
stration into a more efficient structure for training the agent. These functions filter out
irrelevant and redundant information, often reducing dimensionality and focusing on the
most useful features for the learning task.

In [67], a robot is trained to imitate human movement from observations. The authors
define key points on the human demonstrator’s body, and the agent learns to detect mo-
tions by identifying changes in the key points’ locations. In [68], object positions are
tracked and used as features of the demonstrations. For video games, [69] obtains screen-
shots of the Mario Bros game and divides them into binary cells, each signifying if the
respective cell contains objects.

3.3.6.3 Extracted Features

Extracted features are obtained from a learned function designed to process raw sensor
data from demonstrations and identify relevant information for learning. Unlike manu-
ally crafted features created by experts through careful problem analysis, these functions
are generated automatically through a model specifically trained for feature extraction.
Typically implemented as neural networks, these models function as black boxes, extract-
ing features in ways that are not explicitly understood by the programmer. Automatic
feature extraction models are particularly useful when task-specific features can not be
identified through expert evaluation. Therefore, they offer the advantage of minimizing
the need for task-specific knowledge and have broader applicability, as they can be trained
to extract features for a variety of tasks. Consequently, they allow for the creation of a more
streamlined DL pipeline.
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In [70], deep learning techniques are employed to automatically extract features for
training an agent to play a set of Atari games. Similarly, [71] demonstrates the use of fea-
tures automatically extracted from observations to train a robot for various manipulation
tasks. In [72], an encoder is utilized to extract features from state observations. Here,
the encoder is trained simultaneously with the policy in an off-policy manner, improving
sample efficiency.

3.3.6.4 Time as a Feature

In this approach, demonstrations consist of time-action pairs. Such features can be
applied to tasks where it can be assumed that the environment’s state depends solely on
time. Hence the agent can learn the ideal action for a specific time interval, and its be-
havior will always be optimal. It is assumed that there is a time loop synchronized with
a fixed sequence of environmental states. The overhead of designing such features and
algorithms is reduced tremendously. Furthermore, the efficiency of such policies will be
high while the aforementioned time synchronization requirements remain the same. The
main restriction of such features is their applicability, since rarely does the state of the
environment depend solely on time.

Other limitations of time-based policies include issues with robustness and task depend-
ency. Because these policies rely heavily on a fixed time structure, they are highly sensitive
to changes in the environment that can disrupt time synchronization. Additionally, time-
action pairs are typically specific to a particular task, making it challenging to adapt or
scale these policies for similar tasks. To address these limitations, [3, 73] explore meth-
ods for synchronizing different demonstration sequences. In their approach, frames from
various demonstration sequences with the same time index are expected to exhibit similar
behavior, representing the same point in the task. The model is then trained to extract fea-
tures from these frames, aiming to generate consistent features for frames with the same
timestamp while differentiating between features from frames at different timestamps.

3.3.7 Data set Limitations

The performance of the policy is directly dependent on the quality of the information
provided by the demonstration data set. In this section, we explore how various limita-
tions of the data set can affect the agent’s performance and outline important properties
to consider when designing or utilizing a demonstration data set.

3.3.7.1 Incomplete Data

The demonstration data set represents only a subset of the full MDP’s distribution. The
larger the distribution sample, the easier it is to generalize and tackle the curse of di-
mensionality problem. It also reduces the likelihood of encountering out-of-distribution
states and dealing with the problem of distributional shift. However, collecting real-world
demonstrations that adequately cover the entire MDP is often challenging and sometimes
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impossible, particularly in continuous state and action spaces. If certain states are miss-
ing from the demonstrations, the learner can not estimate the optimal actions for those
states during policy estimation. This section presents the ways DL approaches tackle miss-
ing data points in the data set. Human-generated demonstrations often produce narrow
distributions, which can exacerbate issues related to out-of-distribution states. To mit-
igate these challenges, it is crucial to manage distributional shifts by ensuring that the
agent does not venture beyond the data set’s distribution. Additionally, another common
issue is the non-inclusion or sparsity of reward signals in the data set. Creating a compre-
hensive reward function is often difficult, especially in complex state and action spaces.
Consequently, it is sometimes easier to work with sparse or even absent rewards, though
this approach can make the learning problem significantly more difficult.

The simplest idea to deal with limited data is to obtain new demonstrations. In such
approaches, as the learner interacts with the system, it may encounter novel states and
request a demonstration from the teacher for that given state. For instance, [74] proposes
a confident execution approach, which focuses on learning relevant parts of the task where
the agent identifies the need to request demonstrations. In this approach, the agent must
decide between requesting a demonstration and executing actions autonomously. As the
agent learns the task, it increases its autonomy, reducing both the teacher’s training time
and workload. In an alternative approach, [42] addresses this problem by having the
agent provide the teacher with a confidence score for its chosen action. The teacher can
then decide whether to intervene and provide a demonstration or to accept the agent’s
action [75, 66].

The previous approach requires additional overhead to identify missing states in the
data set and demands extra commitment from the teacher during the learning process.
The alternative approach corresponds to generalizing using the available data. One way
to generalize is to create new data from the existing set. Data augmentation is often used
in ML to enlarge the data set and improve generalization to unseen data. Such techniques
can be applied to state representations to generate unseen data points. In [76, 77], differ-
ent data augmentation schemes are compared and applied to off-the-shelf RL algorithms.
However, naively applying data augmentation to RL can cause new problems. The au-
thors of [78] identify pitfalls for naively applying transformations to RL algorithms and
then teach how to properly use them. Additionally, [79] addresses the instability problem
in RL by estimating the Q-values from an ensemble of agents. Another approach is to per-
form stitching, which involves combining portions of different unsuccessful trajectories
to solve a task.

Another approach is to use transfer learning methods and learn from data of other tasks.
In [80], it is shown that in certain conditions, the challenge of learning from few demon-
strations for a given task can be mitigated by using demonstrations of other, related tasks.
Even when rewards for the host task are either unusable or unavailable, they can be set to
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zero to ensure that the learning process remains effective. Furthermore, performance can
be enhanced through the application of re-weighting methods to adjust the significance
of transitions from these other tasks.

Alternatively, to generate new data without additional effort from the teacher, the learner
can directly interact with the environment. In such approaches, the learner is pre-trained
on the available demonstration data and is then fine-tuned with RL to collect further data.
Since the agent starts with a solid foundation from pre-training, it is more competent and
safer during exploration compared to an agent trained from scratch through RL alone.
However, this method requires careful balancing between exploring new data and exploit-
ing existing data for effective policy estimation. Additionally, it requires creating an ex-
ploration policy and a reward function that gives feedback based on the agent’s actions in
various states.

In [23], the agent is pre-trained on demonstration data before interacting with the en-
vironment. Then, the agent’s policy is updated using both the demonstration data and the
exploration data. In [81], a different approach is proposed where two policies are learned
simultaneously. The primary policy executes the task, while a secondary policy enforces
constraints to prevent the primary policy from taking actions that could lead to harmful
outcomes. Another approach is created in [82], where a second agent is trained to make
the learning of the main agent as difficult as possible. This adversarial setup creates more
difficult conditions for the main agent during training, resulting in a policy that is more
robust and resilient to various challenges.

Some methods explore the state space by maximizing the entropy of the visited state
distribution [83, 84]. In [83], a policy is trained to explore the state space while estimat-
ing the representations. The state space is clustered, and the policy is rewarded based on
the distance between the visited states and the nearest cluster, thereby encouraging ex-
ploration of less-visited regions. In [84] a world model is estimated in conjunction with
an exploration policy. Here, the policy is rewarded for maximizing the variance of the pre-
dictions of an ensemble of networks, which promotes exploration by favoring actions that
lead to unpredictable outcomes. In [85, 86], address the challenge of safe exploration by
constraining the policy to ensure that it adheres to pre-defined safety restrictions.

3.3.7.2 Inadequate Data

Most DL approaches assume that the quality of the data in the demonstration data set
is optimal. However, this often is not the case. The demonstrated behavior can be sub-
optimal, which in some cases can be intended if the goal is for the policy’s behavior to
appear human. Additionally, demonstration data can suffer from various issues such as
sensor noise, blurriness, and occlusions. Furthermore, the data may be redundant or
unevenly distributed, which can affect the learning process. To address these challenges,
[87] introduces two algorithms designed to handle demonstration data corrupted by noise.
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These algorithms extract the idea of the expert demonstrator using Instrumental Variable
Regression techniques from econometrics.

Another significant issue is data ambiguity, which occurs when there is inconsistency
in the teacher’s choices, resulting in different actions being selected for the same state
across various demonstrations. This inconsistency means that a single state is mapped to
multiple different actions in the data set.

Additionally, the data may contain unsuccessful demonstrations. When these demon-
strations are appropriately labeled as unsuccessful or provide reward information that the
policy aims to maximize, they can enhance the policy’s robustness by guiding the agent to
avoid certain state-action pairs. For example, if the policy is trained to learn from failed
attempts, it can better understand what actions to avoid in similar situations. However,
if unsuccessful demonstrations are mistakenly treated as successful, as often happens in
BC approaches, they can degrade the quality of the learned policy. In short, the quality of
the learned policy is directly affected by the quality of the data.

Some approaches leverage sub-optimal demonstrations to enhance generalization and
achieve smoother behaviors in the learned policies. For example, [88], demonstrates how
repeated demonstrations are used to encourage such behavior and smooth the policy. In
another approach, [89] explores how data from multiple teachers can be used strategic-
ally to challenge the learning agent, resulting in a more robust policy. Some approaches
identify inadequate demonstrations and choose to remove them from the data set before
training the policy. For instance, [90] presents techniques for diagnosing and address-
ing sources of inadequacy in the demonstration data. Alternatively, [91] adopts a more
nuanced approach by incorporating both successful and failed demonstrations. They sep-
arate the two types of demonstrations into clusters using an adapted version of Gaussian
mixture model (GMM). They then perform regression using the Gaussian components
from the cluster of successful demonstrations to generate improved trajectories for the
learning agent.

Other solutions address inadequate data by seeking additional demonstrations from
the teacher, as discussed in Section 3.3.7.1. Another effective strategy involves using
RL to manage poor-quality data by collecting new interaction data. In this approach,
the learner is first pre-trained on the available demonstration data and then fine-tuned
through exploration-based methods. During this fine-tuning phase, the learner interacts
with the environment and adjusts its policy based on feedback obtained either through a
standard reward function or direct guidance from the teacher. For example, in [92], the
authors propose a method where sub-optimal demonstrations are employed to constrain
an RL algorithm. In contrast, [93] highlights the value of failed demonstrations, propos-
ing a method that leverages these failures to train a policy. Their approach focuses on
teaching the agent to avoid repeating unsuccessful behaviors observed in the failed demon-
strations. In [94], an algorithm is proposed for learning policies from partially observable
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state environments. Alternatively, [95] choose to estimate the quality of demonstrations
by estimating the competence of the demonstrator and filtering the transitions based on
the competence level.

3.4 Learning from Demonstrations

In this section, we explain the different methods available in the literature for using
the demonstration data set. In general, the DL methods learn a policy or a world model.
However, the demonstration data sets have also been used to learn other types of models
which we will discuss.

3.4.1 Learning Problems

DL relies on the data set to learn the models. As discussed in Section 3.3.7, collecting the
perfect data set is unfeasible for most applications, resulting in limitations that affect the
learning method. To counter the limitations of the demonstration data sets, the methods
should aim to generalize to regions outside the demonstrated regions in the data set. How-
ever, if the data set does not contain transitions that correspond to high-value decisions,
such as those with high associated rewards, discovering these regions may be impossible.
[37] argues that this challenge is insurmountable and that methods should assume that
the data set contains sufficient information for developing a suitable model. To address
imperfect demonstrations, methods should filter out poor demonstrations. Moreover, the
method should learn to extract the beneficial parts of the demonstration, avoid the detri-
mental parts, and potentially combine parts from multiple demonstrations. Naive imit-
ation in a self-supervised manner through BC risks copying bad behaviors. Therefore,
methods that filter out poor demonstrations can achieve a better policy than the one rep-
resented by the data set.

Another problem with DL is its inherent paradox. DL combines supervised learning
with the transition data of RL. To improve upon the policy of the data set, the goal is to
answer what are the sequences of actions that generate the maximum reward. However,
supervised learning methods assume that the data is i.i.d. The model should obtain good
performance as long as the data it encounters comes from the same distribution as the
one it was trained on. However, in DL, the goal is often to mimic or improve upon the
behavior observed in the data set.

All these problems could be alleviated by interacting with the environment and test-
ing uncertainties that the method may have. This is why DL is often followed by RL to
refine the policy with online interactions. Pure DL is difficult because the agent can not
collect additional transitions and explore new regions. Technically, any off-policy method
for online RL could be used to learn a model from the demonstration data set. However,
these methods were created with the assumption that the agent could interact with the
environment to correct existing errors. DL estimates a model to perform a task defined
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Figure 3.4: Differences between on-policy RL, off-policy RL, and DL.

by the state-action distribution A;,s;. DL methods estimate the model using the demon-
stration data set which contains a set of transitions. The data set also has an associated
distribution Ay C Avask, Which is a subset of the task’s distribution. However, during
deployment, the agent will likely encounter regions outside the distribution of the data
set, (s,a) ¢ Agemo- The prediction of the model for such regions will result in larger mis-
takes than for in-distribution regions. Furthermore, these mistakes will accumulate and
the agent will continue to diverge from the learned distribution. This snowball effect is
known as the ’distributional shift’. Most policy learning methods in offline RL address the
distributional shift in various ways. Some use BC to restrict the distribution to that of the
dataset, which heavily limits generalization. Others propose to punish the distributional
shift in the training loss by an estimation of uncertainty. Others constrain the agent to
specific regions by making conservative estimates of future rewards for the Bellman up-
date, by learning a lower bound estimation of the true value function. In [69], the authors
proved that even with optimal action labels, the compound errors from distributional shift
accumulate to a quadratic error in the best-case scenario. However, this error would scale
linearly, if the agent was allowed to collect additional transitions. DL methods struggle to
balance generalization and avoiding the distributional shift.

3.4.2 Policy Learning

Policy learning from demonstrations involves learning the correct mapping from states
to actions from the demonstration data set. The teacher demonstrated a policy 7;cqcher
and the demonstrated state-action pairs in the data set are examples of the correct map-
ping. The closer the estimated mapping function is to the original mapping in the data
set, the better the agent will reproduce the teacher’s behavior. The agent can collect ad-
ditional transitions by interacting with the environment with RL, receiving a reward, and
adjusting the policy accordingly. By maintaining a history of past interactions, the agent
can continuously update its policy. This approach is known as off-policy RL because the
policy is updated with data collected by a previous policy. In DL, the agent learns from re-
corded data from the start, through the demonstration data set. The differences between
the three settings are summarized in Fig. 3.4.
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3.4.2.1 Behavior Cloning

BC is the simplest method for deriving a policy from a demonstration data set. In this
approach, the policy is trained to directly imitate the teacher’s actions for all states in
the data set. The problem corresponds to either a classification or regression problem,
for discrete or continuous action spaces, respectively. Formally, the policy is trained to
minimize the error between its predicted action and the ground truth action for all state-
action pairs in the data set:

7y = argming(my(s) — a), (s, @) € Daemo-

Another approach is to maximize the likelihood of actions in the demonstration:

max E(, q)~p logm(als).

However, because BC naively copies the data set, it is more reliant on the quality and
size of the demonstration data set than other alternatives. The data set corresponds to a
sub-set distribution A 4.,,,(s|a) of the real distribution of states over actions for a given
task, A(s|a). BC guarantees the agent’s performance, as long as it only encounters states
present in the demonstration data set. However, no such guarantees exist if the agent
encounters an unseen state. In [95], the authors address the susceptibility of BC to the
quality of demonstrations by estimating the competence of the demonstrator and filtering
the transitions based on the competence level.

3.4.2.2 Offline RL

Sometimes, direct imitation through BC is not adequate to reproduce the desired be-
havior and solve the task due to errors in the demonstration or poor generalization. The
term offline RL is often used interchangeably with DL to describe various methods. In
this context, we use offline RL to refer specifically to methods that apply RL techniques to
a data set of demonstrations.

In offline RL, the agent has access to the rewards attributed by the environment to each
transition. The policy is trained to maximize the expected accumulated reward J(7) =
E[> "2, YR(st, at)], where ~ is the discount factor.

In general, all RL algorithms follow the same basic train loop. The agent observes the
current environment state s € S, then interacts with the environment by selecting an
action from its policy a; ~ 7(s;). This interaction changes the state of the environment
to s¢11, and the agent receives a reward r; = R(s, a¢). This process repeats for multiple
interactions. The agent stores the transitions (s, at, s¢+1,7¢) in its memory and uses them
to update the policy. In offline RL, the memory is provided by the demonstration data set

Ddemo-
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Due to the limitations of BC, some approaches pre-train the agent on demonstration
data and then optimize it to learn the remaining state-action space using online RL [23].
However, online RL is dangerous as some actions can lead the agent to catastrophic states
which are unrecoverable in real-world scenarios. Because of this, some approaches choose
to employ pure offline RL and apply regulators to reduce the impacts of distributional shift
[96] or prevent the agent from going out of distribution [97].

One way to optimize the policy, parameterized by weights 6, for the Bellman objective is
to estimate the gradient: Vy.J(79) = E(s, a, 5,1 1,7)€Ducrmo [ZtH:o ViV log mg(ar | 51)Q (st,ar)],
where Q7 (s, a;) is the state-action value function.

Alternatively, we can use dynamic programming methods by first estimating the state or
state-action value functions, and then using them to optimize the policy. The state value
function V7 (s;) returns the estimated expected accumulated reward that can be obtained
by starting at state s¢: V7(s¢) = B, a0 1) Duomo [2opret V. R (¢, ar))-

The state-action value function QPi(s;,a;) is similar and returns an estimation of the
expected accumulated reward that can be obtained by starting at state s; and performing

. H /_
action ay: QW(‘St? a’t) = E(St,at7$t+ly7’t)€Ddemo [Zt’:t ’Vt tR(Stv at)]'

From these definitions, we can reformulate them into a recursive form: Q™ (s, a;) =

R(Stv at) + 7E5t+1~P(st+1\st,at),at+1~7r(at+1\st+1) [Qﬂ—(st+1v atJrl)]'

The algorithms that estimate the policy based on dynamic programming are mainly split
into two families: Q-learning and Actor-Critic methods.

In Q-learning, the policy is obtained directly by estimating the state-action value func-
tion, and selecting the action that maximizes the expected accumulated reward: 7(a; |
s¢) = argmaxg, Q(s¢, a). The Q-learning objective is defined by Qg (ay, s¢) = R(st, ar) +
VE (s, 1150,00) (MAXa,,; Qo(S¢41,at + 1))

Actor-critic algorithms are a mixture of policy gradients and dynamic programming be-
cause they use a policy, the actor, like policy gradients, but also use a value function, the
critic, like dynamic programming. Actor-critic algorithms learn the state-action value for

the current pOhcy 71—9(815): Qﬂ(stv at) = R(Stv at)"i_’yEsH—lNP(St—o—l|8t,at)7at+1\W(St+1) [QW(SH-D at—i-l)]'

In early research, a set of algorithms were explored to fasten and improve RL. The au-
thors in [98], compared eight RL frameworks, including pre-training with demonstration
data, for performing a task of playing a 2D game. The authors concluded that pre-training
the policy on demonstration data prevents the learner from falling in a local minimum
and increases its scores. Furthermore, the improvements are more noticeable with the
increase in the difficulty of the task. One notable example of the success of pre-training is
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the development of a RL agent capable of playing the game "Go” at a level that rivals the
best human players [25]. In this application, the initial policy’s weights are obtained from
training on demonstration data, which are then refined through exploration using RL. In
[23], the authors tackled the issue of RL being impractical to real-world issues, due to the
risks associated with trial-and-error learning and the potential for severe consequences.
Their approach involved pre-training the policy on demonstration data, which resulted
in higher rewards during the initial learning iterations compared to standard RL meth-
ods. This demonstrates that pre-training on demonstration data leads to safer and more
effective exploration strategies.

Additionally, a policy trained from online interactions can then demonstrate correct
interactions. These demonstrations can then be used to transfer the knowledge to another
agent. This approach bypasses the need for a human teacher by learning the policy entirely
through trial and error, and then recording the successful interactions as demonstrations.
It is especially valuable in situations where real-time policy updates are not possible [70].

3.4.2.3 Classification

In this context, classification refers to the process of assigning a specific action class to a
given input state. This approach is used when the action domain is discrete, consisting of
a finite set of predefined individual actions. For example, in a 2D platformer game where
the agent can only walk left or right or jump, the inputs are categorized into these three
actions. The policy’s performance is evaluated by how often it attributes the correct action
for any given input state.

Formally, the policy is a classifier 7(s), used to predict the action class a of an observa-
tion s. Where a € A, A = {a4, ...a,, } is a finite set of actions.

Classification methods can be applied to different levels of complexity ranging from
low-level actions to complex behaviors. For instance, Bayesian networks were used in
[99] for navigating an environment and avoiding obstacles. In [100], the authors created
mapped representations of the environment and used a k-nearest neighbors algorithm to
select the robot’s actions. In [74], a GMM was used for classifying actions in navigational
problems. Additionally, [101] evaluated four different classifiers for cooperative tasks in
robot soccer.

More recently, neural networks have become the preferred classifiers due to their role
as universal approximators, capable of modeling complex functions. For example, [102]
employs Recurrent Neural Networks (RNNs) to train a robotic arm on manipulation tasks
using demonstration data collected in a simulation environment. The RNN learns to pre-
dict trajectories in real-time, considering both the current position of the end-effector and
the objects in the environment. Neural network classifiers are particularly effective for
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video games, where the number of possible actions is finite. In [23], the policy is repres-
ented by a neural network classifier with 18 neurons in the final layer, each corresponding
to one of the 18 possible actions.

Some works have proposed ways of discretizing continuous action space [103]. This
allows any discrete RL algorithm to be applied to the continuous state problem.

3.4.2.4 Regression

In this context, regression involves selecting a set of scalar values that define an action
based on a given input state. These techniques are used when the action domain is con-
tinuous. For example, in the control of a robotic arm, each action can be defined by the
robot’s joint angles. The policy’s performance is evaluated by comparing the estimated
action values with the ground-truth action values in the data set for the given state.

Formally, the policy is a regressor 7 (s) which maps a state s € S to actions a € A, where
each action is defined by a finite set of continuous values a = {ay, ..., a,|ar € R}. Typic-
ally, regression approaches are applied to low-level motions and not high-level behaviors
because high-level behaviors are a combination of low-level motions and are more likely
to be discretized.

A traditional regression technique is Locally Weighted Regression (LWR), which is well-
suited for learning trajectories composed of sequences of continuous values. In [104], a
robotic arm is trained to execute a trajectory enabling it to perform manipulation tasks.
Locally Weighted Projection Regression (LWPR) extends the previous approach to cope
and scale with the input data’s dimensionality and redundancy. [42] uses LWPR to teach
a robot to perform basic soccer actions.

Similar to classification tasks, recent works commonly use neural networks for regres-
sion due to their ability to represent any function. In [3, 73], a robotic arm is trained from
demonstrations to perform manipulation tasks. The action is determined by a neural net-
work, where the number and values of the last layer’s neurons correspond to the number
of joints of the robot.

Other approaches specify the type of task the agent can perform within the network.
In [105], a robotic arm is trained to pick and place blocks. The network that outputs the
actions has four neurons: the first two specify the position and rotation of the end-effector
for picking up a block, while the other two are for placing the block. Therefore, the two
groups of neurons are used separately.

In [106], an algorithm is proposed to convert discrete actions in the demonstration data
set into continuous ones. An encoder is trained for this purpose to promote behavioral
and data-distributional relations in the features. Then, an off-the-shelf algorithm can be
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Figure 3.5: Differences between policy learning and model learning from demonstrations.

used to train a policy using the new data set. However, because the policy outputs feature
embeddings, the actions can’t be directly applied to the task environment. Therefore, the
output of the policy is discretized by finding the action whose embedding is closer to the
output of the policy.

3.4.3 Model Learning

Model-based methods learn the dynamics of the environment by estimating the trans-
ition function ¢ (s¢, a;) ~ P(st41 | st,ar). This estimated transition function serves as a
proxy for the real environment, allowing the agent to collect new transitions without dir-
ectly interacting with the environment, remaining safe during the learning process. In
standard RL, the agent must interact with the environment to collect transition data that
represent the dynamics. In DL, the transition function can be estimated from the demon-
stration data set. These differences are represented in Fig. 3.5. The functions are typically
estimated through standard supervised regression, using the states and actions as inputs
and the next states as the desired output: L (s¢, at, S¢41) = [|S¢41—1(s¢, a¢)||. Model-based
learning methods from standard RL can be used to learn from demonstrations [107, 84].
Standard online learning algorithms can be applied with minimal modification to train a
model from demonstrated data.

However, because the policy learns from transitions simulated by the model, its per-
formance is dependent on the quality of the estimated model, which in turn relies on the
quality and coverage of the data distribution in the data set. In standard RL, the models
can correct mistakes in the estimations by collecting new transitions. Similarly to policy
learning, if the model is estimated solely from demonstrations, it can suffer from the dis-
tributional shift problem. In fact, the model can suffer from distribution shift regarding
the true state distribution, and the true action distribution.

The distributional shift can cause the model to be exploited by the policy. The policy is
optimized to maximize the expected accumulated rewards and may use the model to pro-
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duce out-of-distribution states. Because these states are out-of-distribution, the model’s
predicted values are likely incorrect and may have an associated higher reward than the
true state in the real MDP. Consequently, the policy learns to maximize erroneous trans-
itions, leading to a worse performance once deployed to the real MDP.

A theoretical analysis presented in [107] formulates the bounds on the error between
the learned policy and the policy in the data set, attributing these errors to distributional
shifts in both the policy and the model. The methods for reducing the distributional shift
in policy learning can also be applied to model learning. The main way to reduce the
distributional shift problem in model learning is by learning an auxiliary model U(s, a) :
S x A — R, that punishes the reward function such that the agent avoids states outside
the distribution: R/(s,a) = R(s,a) + U(s,a). Model-learning methods usually measure
the uncertainty using an ensemble of models. In [108], the method only punishes the
reward function if the disagreement of the ensemble is above a threshold. Alternatively,
[109] adopts a pessimistic approach by selecting the maximum prediction uncertainty of
the ensemble. In both approaches, the policy is penalized for visiting states where the
model is likely to be incorrect. However, measuring uncertainty is challenging and often
unreliable. To address this, [110] proposes learning the policy by generating a new data
set from transitions produced by each of the models of an ensemble to counter uncertainty.
Another approach to reduce the distributional shift without quantifying uncertainty is to
use a regularizing term. For example, in [111] a model-based version of the Conservative
Q-Learning (CQL) [96] algorithm is proposed.

Instead of learning the policy within the model, the learned model can be used to evalu-
ate the policy without interacting with the environment. For instance, [112, 113, 114] utilize
the model to estimate the expected return of the trajectories generated by the policy. In
[115], a model is trained from demonstrations to estimate a task from images, which is
particularly challenging due to their high dimensionality.

3.4.4 Inverse Reinforcement Learning

Reward functions map a state transition to a reward value based on the quality of the
interaction: R(s,a) : S x A — R. They define the objectives for the agent by guiding
the learning process to maximize the expected accumulated reward. Traditionally, the re-
ward functions are handcrafted by the programmer, which involves designing a function
that assigns a reward value to each state-action pair. However, this task becomes increas-
ingly challenging in high-dimensional domains, where covering the entire state space can
be difficult and often results in sparse rewards. Transitions where the agent receives no
feedback, through a reward of zero, hinder the convergence of the policy to an optimal
one and sometimes may prevent convergence altogether. The requirement to create a re-
ward function that covers the entire task, limits the applicability of learning algorithms to
problems where a reward function can be easily specified.
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Figure 3.6: Differences between policy learning and reward learning from demonstrations.

An alternative is IRL [116], also known as reward shaping. In IRL, the demonstration
data set is used to infer a reward function, which is then employed to train a policy using
standard online RL methods to maximize the expected accumulated reward defined by
this function. IRL thus broadens the applicability of task learning models and reduces the
manual effort required by programmers when demonstrations of the task are available.
The differences between policy learning and reward learning from demonstrations are
illustrated in Fig. 3.6. [39] points out that the reward function is more transferable than
a policy. While minor changes to the task can make a policy ineffective, such changes
have a far less significant impact on the reward function. Typically, the learned reward
function only needs to be extended to accommodate new states, rather than completely
redesigned.

DL assumes that the teacher follows a policy 7;cqcher Which is maximizing a reward func-
tion Rieqcher (S, a) when demonstrating a skill. The idea of IRL is to estimate the under-
lying reward function from the demonstrations. Formally, we have an MDP without the
reward function, M D P\ i, and a demonstration data set with V demonstrated trajectories
Dgemo = {7}, where each trajectory is a sequence of L state-action pairs 7; = {(s;, a;)}*.
The goal is to create an estimate R of the reward function that best describes the demon-
strated behavior. In essence, IRL inverts the RL problem: rather than learning an optimal
policy from demonstrations, potentially using the logged reward (s, a, ), IRL seeks to ex-
plain the demonstrated behavior by estimating the corresponding reward function.

IRL should estimate a reward function that generalizes from the demonstrated behavior.
Hence, like other DL methods, IRL seeks to address the question: What happens if the
agent were to perform a trajectory different from those in the data set? This is important
because if we want the learning agent to improve upon the behavior seen in the data set,
the agent must execute a trajectory that is different than the ones in the data set. However,
most ML algorithms assume that the data isi.i.d. Consequently, addressing this question
is challenging due to the problem of distributional shift.
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Additionally, there can be many solutions to the reward function that describe the same
behavior resulting in ambiguity. Some of these solutions, such as one that always returns
the same reward, might accurately describe the observed behavior but be practically unus-
able. Due to this ambiguity, it is important to determine how to measure the performance
of the estimated reward function. If the true reward function is available, we can directly
measure the error between the predicted rewards for each state-action pair and the ground
truth rewards. Alternatively, we can estimate a value function from the learned reward
function and compare it to the real value function. However, the true reward function is
often not accessible, which is precisely why IRL is employed in the first place. A more gen-
eral way of measuring performance is to estimate a policy from the learned reward func-
tion, and assess its performance using the demonstration data set. The limitation of this
method is the problem of how to evaluate the policy. Interacting with the environment is
not possible because the true reward function is not available. Hence the only policy eval-
uation metric is to compare the policy predictions with the actions of the demonstrator for
every state in the data set. However, this comparison is limited because even if the policy
is only wrong in a single state, it can still result in compound errors at deployment. As a
result, no single metric in IRL fully captures the performance of the learned reward func-
tion without access to the ground-truth. Furthermore, the design of the reward function’s
structure and the choice of its parameters are non-trivial. Using too many parameters can
lead to overfitting and hinder generalization, while too few parameters may prevent the
policy from effectively converging.

To obtain a unique reward function, IRL methods define additional optimization goals,
the most common of which are maximum margin and maximum entropy. In the max-
imum margin setting, the reward function is the one that maximizes the difference between
the best policy and all other policies. For example, [117] employs a maximum-margin-
based IRL method to develop a policy for navigating rough terrain. In contrast, the maximum-
entropy approach aims to find a distribution of policies that maximizes the entropy subject
to certain constraints, such as feature matching, to ensure that the task’s goals are reached.
For instance, [118] uses the maximum entropy framework to learn a reward function for
a driving task where there are multiple routes for the same destination in the demonstra-
tions. The approach is later expanded to use deep learning in [119] for a table tennis task.

For discrete action spaces, IRL can be formulated as a classification problem, where for
each state-action pair, the action is seen as the label for the state. The direct way to obtain
a reward function is by estimating the action-value function which we explain in Section
3.2. This approach was used by [120] and later by [121]. However, this method assumes
that the demonstrated state-action pairs are optimal.

Another approach to estimate the reward function involves assigning higher rewards
to states encountered in the demonstrations, or similar states, than to states not found in
the data set. For instance, in [53], the authors use demonstrations to estimate a Hidden
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Markov Model (HMM) which determines the associated reward for each state. Similarly,
[58] applies this approach to the task of balancing a pole using a robotic arm. In [122], the
authors explore three different methods to parameterize reward functions from demon-
strations and applied them to reaching, picking, and placing tasks. In [3, 73], the reward is
proportional to how close the images captured by the learning agent at a certain timestamp
are to the respective frame of the demonstration video.

Some approaches employ an actor-critic algorithm, where a third-party critic defines
the reward function and provides feedback on the actor’s actions. For example, [81] de-
scribes a method where the critic’s policy is trained simultaneously with the actor’s policy.
Initially, the critic imposes constraints to guide the actor’s behavior, but as the learning
process progresses and the actor’s competency improves, the decision-making authority
gradually shifts from the critic to the actor.

Reward functions obtained with IRL, can encourage the achievement of sub-goals or
milestones during the task execution, that are represented in the demonstrations. In
[123, 124], the authors explore the intersection between RL and DL. Their results in
two simulated domains show that reward-shaping methods can be more sample-efficient
and robust against sub-optimal and inconsistent demonstrations than transfer learning
algorithms.

3.4.5 Other Learning Methods

In this section, we discuss methods that complement or refine the previous learning
methods to achieve greater accuracy, generalization, or robustness. Learning from demon-
strations alone may not be sufficient to learn the task for all scenarios due to the limita-
tions of the data set discussed in Section 3.3.7. Interacting with the environment allows
the agent to collect extra data that it may use to refine the model.

The data set is unlikely to have a demonstration for all the possible environment states,
particularly in high-dimensional spaces such as those encountered in real-world tasks.
Hence, during the learning process, the agent must aim to generalize beyond the provided
demonstrations. However, the agent may still not be able to generalize due to either lim-
itation of the data set or the learning method. Generalizing in DL is especially difficult be-
cause the demonstrations are sequences of interactions where each action depends on the
history of previous interactions, violating the i.i.d. assumption of supervised learning [75].
During training, the agent learns a sub-set distribution of the real task distribution. As a
result, the agent learns from a subset of the real task’s distribution, and during inference,
it may encounter out-of-distribution states where it has no prior knowledge, potentially
leading to unsafe actions. As discussed previously, some methods try to reduce this issue
by explicitly reducing the distributional shift. However, constraining the agent to only op-
erate within the demonstrated state distribution can limit the agent’s performance. Con-
sequently, methods that refine the agent’s model through additional interactions with the
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environment, allow the agent to learn missing information. Such an agent is safer than a
random agent with no task knowledge performing random interactions.

3.4.5.1 Reinforcement Learning

RL models the problem as an MDP, as does DL. Instead of learning from a pre-existing
data set of environment interactions, the RL agent interacts with the environment using its
current policy and receives rewards based on these interactions. RL starts with a random
policy and tunes its parameters toward maximizing the expected accumulated rewards.
This approach can also refine parameters of a policy learned from demonstrations. An
agent initialized with a demonstration-based policy is safer and converges faster, avoid-
ing the risk of local minimum. This advantage was shown in [23] to learn Atari games. By
exploring and learning from new state space regions, the agent enhances its generaliza-
tion capabilities and robustness. However, when encountering unknown states, the agent
may make mistakes, which can have catastrophic real-world consequences. Hence, such
algorithms should be equipped with safety mechanisms. RL can also be used to train a
policy from scratch in an online manner, which can then be used to generate the demon-
stration data set to train and evaluate the DL methods. This approach is limited to en-
vironments where online RL is possible and primarily serves to automatically generate
demonstrations to evaluate the performance of DL methods. If online RL is viable, there
is no need to train a secondary policy with DL. However, training a second policy can be
beneficial if the RL agent does not act in real-time [70].

One of the most well-known application occurred when [25] trained an agent to play
’Go’ to the extent of beating human experts. In this case, the agent is initially trained us-
ing demonstrations and then further refined through RL. In [125], Recurrent Neural Net-
work (RNN)s are used to deal with POMDPs by incorporating past information to guide
decision-making. Here, the agent is trained with RL, and demonstrations are used to de-
termine which memories to retain.

3.4.5.2 Evolutionary Algorithms

Like RL, optimization algorithms can be employed to learn or refine a policy to replic-
ate a behavior. Evolutionary Algorithms (EA), inspired by natural animal behaviors, are
popular optimization methods used to find solutions to various problems.

EAs can be used to generate trajectories, with the most common being Particle Swarm
Optimization (PSO) [126] and Ant Colony Optimization (ACO) [127]. These algorithms,
inspired by the behaviors of birds and ants respectively, aim to find optimal solutions
within a search space. They have been extended with demonstrations to improve the
learning process. In [49], EAs are used to optimize agents in a soccer simulation. The pos-
sible solutions, represented as chromosomes consisting of if-then rules, were derived from
demonstration data. These solutions were then evaluated using a performance-measuring
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function, with the best-performing ones progressing to the next generation. In [128], PSO
was utilized to find optimal behaviors, where demonstrations defined the initial behavior.
Each particle modified its behavior by observing better-performing particles, with per-
formance assessed by a fitness function. Additionally, in [129], Preference-Based Policy
Learning (PPL) was employed to teach a robot to navigate.

3.4.5.3 Transfer Learning

Transfer Learning (TL) is a paradigm that leverages knowledge acquired from training
on one task to facilitate learning a second task. Instead of training the second task from
scratch, the knowledge from the first task can serve as a starting point, an optimization
step, or, in rare cases, to perform the task completely. Formally, given a task 7 learned
in the MDP domain Dj, the idea is to improve the learning of the goal task 7}, in the MDP
domain D, using the knowledge of the previous task. TL is beneficial because it reduces
the need to gather new samples; they can either be directly used by the new task, or the
knowledge gained from training a policy on the original data can then be used to train the
new task.

In DL, the demonstrations recorded for one task can be used to learn a second task.
For instance, [130] employ transfer learning to enhance reward shaping (IRL). Reward
shaping depends on prior knowledge, and transfer learning can leverage the knowledge
of a policy learned for one task to shape rewards for a similar task. Additionally, [131] dis-
covered that even if the agent overfits on the previous task, it can still adjust its weights
sufficiently to recover and converge to the optimal weights of the second task. Their ap-
proach involves using graphs to identify previously encountered games and applying the
relevant knowledge to the current game.

Alternatively, policies learned for a task can advise a learner on another similarity task.
This knowledge can be transferred in the form of useful feature representations and spe-
cific parameter values. Moreover, an existing policy can serve as a foundation for develop-
ing a new policy for a different task. In [132], TL was used to learn a new soccer skill after
learning a different one in a simulation. The experiments demonstrated that TL reduces
the convergence time and achieves better performance.

3.4.5.4 Adaptive Learning

DL algorithms must consider that demonstration data sets are often incomplete, miss-
ing regions of the state space. A common approach to address this issue is to use pess-
imistic or conservative methods, which keep the policy close to the regions covered by
the data set and avoid significantly different behaviors. However, these approaches can
lead to sub-optimal estimations due to their strong restrictions. Additionally, agents can
become stuck in certain states and repeat the same action over and over. To address
this, policies should be adaptable, correcting poor choices. In [133], the authors train
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uncertainty-adaptive policies that incorporate a belief parameter, estimated from the in-
teraction history using an ensemble of networks. After a failed interaction, the history
changes, altering the belief value. Consequently, this new belief value prompts the agent
to select a different action, preventing it from getting stuck in states.

3.4.5.5 Active Learning

Active learning is a paradigm where the learning agent can query an expert for guid-
ance, which is particularly useful in DL when the demonstration dataset is limited. When
the agent encounters a state not represented in the demonstration data set, it might fail
to choose the correct action, potentially leading to unsafe outcomes. Active learning ad-
dresses this issue by enabling the agent to request additional demonstrations from the
teacher.

The approach to update the policy using both demonstration data and the teacher re-
sponses requires selecting which option to choose from at any given state. This can be
achieved through a confidence score, as demonstrated in [42]. If the confidence for a given
state-action pair is low, the learning agent queries the teacher for guidance. The learning
agent progressively increases its confidence scores while obtaining a generalized policy,
reducing the need for teacher queries over time. However, the main drawback of this ap-
proach is the additional investment required from the teacher, which may be unfeasible
in some cases. In [134], the authors use active learning in human-robot cooperative tasks.
For successful cooperation, the robot must be able to adapt its behavior to complement
the human counterpart. Active learning is used after each round of interactions, with ex-
pert feedback provided via a graphical interface. The expert’s feedback is provided by a
graphical interface, recorded, and added to a database. This feedback is recorded, added
to a database, and subsequently used to update the robot’s policy. Results indicate that
the robot’s policy converged more smoothly using this method, particularly in tasks such
as standing-up and assisted walking.

3.4.5.6 Generative Adversarial Imitation Learning (GAIL)

The authors of [64] introduced a model-free DL method called GAIL, which adapts the
Generative Adversarial Networks (GAN) framework to the DL paradigm. In GAILs, the
reward function is learned from the demonstration data and then used in RL for learn-
ing the policy. GANs consist of two neural networks: a generator and a discriminator.
The generator creates synthetic data points, while the discriminator has to distinguish
between the synthetic data and real data from the data set. The discriminator is trained to
correctly identify whether each data point is real or generated, and the accuracy of these
classifications adjusts the weights of both networks. The generator seeks to deceive the dis-
criminator into misclassifying generated data as real, and it is rewarded when it succeeds.
Conversely, the discriminator aims to avoid being fooled and is rewarded for accurately
classifying data.
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In GAILs, the learned policy 7 serves as the generator in the adversarial setup, while
the discriminator D,, is responsible for determining whether a given state-action pair ori-
ginates from the demonstration data set or is produced by =. The goal of 7 is to improve
its behavior to more closely replicate the demonstration data, thereby generating traject-
ories that deceive D,. To achieve this, Dy is trained as a binary classifier to differentiate
between real state-action pairs from the demonstration data and fake pairs generated by
7. The generator 7 is rewarded for successfully confusing Dy, and treating this reward as
if it were an external analytically-unknown reward from the environment through RL.

In [135], the authors present two algorithms: one designed for offline GAIL and another
for online GAIL. These algorithms improve upon existing state-of-the-art methods by en-
hancing the efficiency and effectiveness of the GAIL framework. In [136], a discriminator
is trained to distinguish between two data sets with significant differences in quality. The
discriminator is then used as a filter for the policy to avoid learning from sub-optimal data.
In [137], a policy is trained to perform multiple small skills, where each skill is represented
by a discriminator, a replay buffer, and a demonstration buffer. Each discriminator learns
to differentiate between descriptors built from a pair of consecutive states sampled from
either the replay or demonstration buffer. The reward is higher when the policy fools the
discriminator into thinking the consecutive states were demonstrated.

Similar to GANs, GAIL suffer from severe sample inefficiency, which hinders the agent’s
ability to learn effectively from a limited number of interactions with the environment.
This challenge has been addressed in subsequent research, such as in [138]. In [139] and
[140], a discriminator is used to distinguish between generated and demonstration state-
action pairs to learn multiple similar tasks at once. This method facilitates the generaliz-
ation of the learned policy to additional, contextually similar tasks.

Similar to GAILs, [141] introduces a zero-sum game framework where a second player
acts as an antagonist to perturb the transition probabilities of the protagonist. In this
setup, the antagonist operates with a perturbation budget designed to optimize the protag-
onist’s policy against the worst-case alpha percentile of transitions, thus providing safety
guarantees. More recently, [142] proposes to use adversaries in place of the critic in actor-
critic algorithms to improve sample efficiency.

3.4.5.7 Embedding Space

Learning from visual states requires applying a function f(s) that extracts a set of N val-
ues, known as features, from the observations: f(s) : S — RY, where N is the dimension
of the embedding space. With deep learning, these features, and the corresponding em-
bedding space, are typically estimated by applying a set of convolutions and sub-sampling
operations to the input images. In DL, the states from the demonstration data can be used
to explicitly learn an embedding space to extract features with specific characteristics.
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Contrastive learning is a self-supervised learning paradigm that compares different im-
ages sharing a common signal to learn robust representations. It has been applied to
multiple ML fields, with a notable example being image classification [143]. In such ap-
plications, contrastive learning creates an embedding space where images from the same
class are pulled closer together, while images from different classes are pushed apart. A
linear classifier [144] is then trained on top of the embedding space for a few epochs to clas-
sify images based on these learned features. In [9], this approach is adapted to DL, where
demonstrations captured from multiple camera view points are used to learn a viewpoint-
invariant embedding space. This learned embedding space facilitates the development
of a viewpoint-invariant policy, thereby enhancing the policy’s robustness to changes in
camera position and different perspectives.

In [145], the representation learning part is decoupled from policy estimation, where
the embedding space is estimated by contrasting images that appear close to each other in
a sequence of frames. In [146], the different views are obtained through transformations
applied to the original image. Alternatively, in [147] the representations are obtained by
contrasting the similarity between the sequence of actions required to reach each con-
trasting state. In [3, 73], an embedding space for view-invariant features is estimated
from a multi-view data set through triplet learning. Similarly, in [148] the authors train
an encoder to estimate similar features for concurrent frames of multi-view synchronized
videos. However, the criterion here is cycle consistency, where for two views, a data point
is cycle-consistent if the nearest neighbor of its nearest neighbor is the point itself.

Siamese networks [149, 144] have been paired with contrastive learning, where each
network is responsible for extracting features from different views of the same data. In
[149], the different views are obtained through data augmentation and applied to motion
simulation tasks. Other forms of obtaining different views from a single image are by
using different image channels. For example, [4] converts images to the Lab color space,
where the L and ab components are treated as two views of the image. Then contrastive
loss is applied to learn an embedding space. Their findings indicate that increasing the
number of views, such as by using additional channels or data augmentations, improves
the quality of the learned features.

In [150] and [83], exploration is performed to estimate an embedding space without
task-specific returns. In this approach, the embedding space is initially learned through
exploration, and later refined for specific tasks using the reward functions of those tasks.
The core idea is to encourage the embeddings to capture meaningful skills by maximizing
the mutual information between state transitions and the associated embedding. This is
achieved through a contrastive loss that approximates the lower bound of the mutual in-
formation, ensuring that the learned embeddings are informative about state transitions.
For exploration, the agent is trained to maximize rewards that are proportional to the
entropy of state transitions, which fosters exploration of diverse state regions. This two-
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phase process allows the agent to develop a robust embedding space through exploration
and then fine-tune it for particular tasks to optimize performance.

In [151], the authors use bisimulation to generate an embedding space where function-
ally identical states from different tasks are mapped to the same embedding. Using this
embedding space, the learning agent is trained to adapt to different tasks that are func-
tionally identical to previously learned tasks.

3.4.5.8 Sequence models

Sequence models learn from a series of transitions instead of a single transition, lever-
aging the history of past interactions to make more informed decisions By considering the
sequential nature of data, these models utilize past experiences to improve their predic-
tions and reduce the likelihood of deviating from the intended distribution of actions. In
sequence models, the objective is to optimize the model over entire trajectories 7(7), by
finding the best distribution of actions over these trajectories.

Sequence modeling with deep networks has evolved from LSTMs architectures to Trans-
former architectures with self-attention [16]. The latter have revolutionized many NLP
tasks. Recently, they have been applied to RL by re-formulating it as a sequence mod-
eling problem [14, 152]. These treat RL as a supervised learning paradigm that predicts
action sequences from trajectories and task specification (e.g., target goal or returns), in-
stead of traditionally learning Q-functions or policy gradients. In the DT [14], the agent is
conditioned on past trajectories and the accumulated reward to be collected in the future,
the returns-to-go (RTG). While the DT has demonstrated success across various tasks, its
reliance on a fixed RTG sequence can limit its effectiveness in stochastic environments
where the reward structure is not predetermined and must be specified by the user [11].
This requirement for manual reward specification can be challenging and may impact per-
formance. In contrast, the Trajectory Transformer (TT) [152] employs the Transformer
model both as a policy and as a model of the environment.

Subsequent research has proposed several methods to address issues with the DT. In
[153], online learning is used to train the Transformer. Alternatively, [154] pre-trains
the Transformer on large corpus of text which in turn increases performance on seem-
ingly unrelated tasks. To address the DT’s dependency on the RTG, several alternative
methods have been proposed. One notable approach is presented in [155], where a value
function is trained using the demonstration data set to replace the RTG sequence with
state value predictions. While this method mitigates issues related to RTG sequences and
environmental stochasticity, it introduces a dependency on the quality of the value func-
tion, which is constrained by the available demonstration data. Other works target the
stochasticity problem of the DT. The method in [156], aims to estimate environmental
stochasticity using a Transformer model to aid policy learning of the main Transformer.
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While Transformers have achieved remarkable success due to their self-attention mech-
anism, their scalability is constrained by quadratic scaling relative to the size of the context
window. In contrast, SSSMs [157] have gained attention for their linear scalability with
respect to the sequence length. Notably, the Mamba architecture [158] merges the context-
dependent reasoning of Transformers with the linear scalability of SSSMs through its se-
lection mechanism. Mamba has demonstrated superiority over Transformers in numer-
ous sequence processing tasks [159]. Like the Transformers before it, Mamba has poten-
tial to impact DL applications.

3.4.6 Multi Agent

Cooperation between agents is useful for robotic tasks and has been explored in RL.
In RL, multi-agent systems often explore how agents can collaborate to achieve shared
goals. Despite its importance, it has not received the same attention in DL. The shift from
single-agent to multi-agent settings introduces significant complexity, as it requires not
only learning individual policies but also managing interactions among multiple agents.

The state space must be expanded to include the status of all agents, as each agent’s
decisions are interdependent on the states of the others. Consequently, the reward func-
tion in these systems must also reflect the collective or individual goals of the agents. In a
cooperative setting, the reward function is designed to encourage agents to work together
to maximize a shared cumulative reward. Conversely, in a competitive setting, the reward
function is structured so that one agent aims to maximize its own reward while strategic-
ally minimizing the rewards of other agents.

In [49], the team of robots works together to prevent the opposing team from scoring
in a soccer game. In this approach, all robots share a common policy, which is updated
collectively based on the actions of any individual agent. This method, while effective,
essentially mirrors single-agent learning techniques. Alternatively, in [101] each of the
agents learns different roles separately that in the end complement each other. Despite

these advances, true multi-agent cooperative learning remains an open problem.

3.4.7 Learning Modifications

In this section, we will discuss modifications that have been employed by demonstration
learning algorithms to tackle the problems that plague them.

Constraints serve as loss terms designed to impose specific characteristics on the learned
model. These terms are either distribution constraints or action constraints. Most com-
monly, these constraints are employed to ensure that the model remains within the data
distribution of the demonstration data set, thus mitigating distributional shift and its neg-
ative impacts. Constraint methods can be divided into two categories: direct and indirect.
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Direct methods estimate the policy of the data set through BC 7., and use it to con-
strain the learned policy 7y, such that the divergence between the distributions of the two
policies is below a threshold e: |Ar, — Ar,.. | < e. However, a major drawback of dir-
ect methods is their dependence on the quality of the behavior policy. Estimating the
behavior policy is difficult due to its reliance on the quality of the demonstration data set.
Then, an incorrect behavior policy can cause methods that use it to constrain the learning
process to fail. For example, a behavior policy that was learned from sub-optimal or incor-
rect demonstrations will constrain the policy learning method on such states, causing the
policy to be too pessimistic which is undesirable. Furthermore, if more demonstrations
become available, direct constraints require re-estimating the behavior policy. In [26],
the algorithm estimates the behavior policy using a parametric generative model and con-
strains the learning policy to make sure it only chooses actions that the behavior policy
would choose. Later in [160], the authors argue that since constraining the distribution
does not take into account the quality of the actions, action constraining is superior. In
[161], the authors applied a value penalty in the state-value function to improve perform-

ance.

Contrarily, indirect methods avoid the need to estimate a behavior policy and instead
modify the learning objective and use samples from the data set. The most common ap-
proach is to minimize the Kullback-Leibler (KL) divergence between the distribution of
the learned model and the distribution of the demonstration data set. In [162, 163], the
algorithms estimate advantage functions to constrain the policy to reduce variance and in-
crease sample efficiency. In [164], the authors add a regularizer based on BC by penalizing
the difference between actions from the learned policy and the data set.

Alternatively, instead of imposing constraints, other methods can incentivize the model
to have specific behaviors independent of the demonstrated data set. If the regularization
term is T, the learning objective is adjusted to incorporate the regularization term: J'(7) =
J(m)+T. Examples of regularization terms include penalizing the weights of the networks
[23], and state entropy [83], to avoid over-fitting. In [165], an entropy regularization term
is proposed to control the stochasticity of the policy and promote exploration, preventing
premature convergence, improving robustness and stability. In [96], the method learns a
lower bound of the true Q-function by adding a regularization term in its estimation.

Next, we can relax the constraints and regularization based on how much we trust the
model. For instance, if we estimate the uncertainty of the model, we can reduce safety con-
straints in low-uncertainty state regions: J'(r) = J(n) + oT, where o is a function which
weights how much to emphasize the regularizing term. Entropy estimation methods can
be applied as regularization terms such as clustering the state space in [83] or ensembles
of models [166].
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Table 3.2: Distinction between evaluation methods.

Quantitative Qualitative
Goal Performance Believability
Judgement Objective Subjective
Metric Distance to goal ~ Subjective Analysis

3.5 Evaluation

Like other ML paradigms, DL methods require evaluation using specific metrics. These
metrics are categorized into quantitative and qualitative, as outlined in Table 3.2. DL
inherits metrics from RL and supervised learning, with common performance metrics
including success rate, accumulated reward, and classification or regression error on a
demonstration test set. However, some applications prioritize human-like behavior. Ad-
ditionally, DL faces challenges in specifying hyper-parameter values.

Experiments are typically conducted on specific robots or simulators tailored to the
method being tested. Due to the limited number of benchmarks, evaluations can be chal-
lenging. DL can use RL benchmark simulation environments, some of which include
demonstration data sets. Even if demonstration data sets are not provided, a policy can
be trained through RL to learn the simulation task and generate the necessary data sets.
However, real-world benchmarking remains complex due to required hardware, varied
backgrounds, and safety concerns. As a result, custom task environments and demon-
stration data sets are often created for each individual method, though some real-world
demonstration data sets do exist. This section elaborates on the evaluation processes in
DL.

3.5.1 Quantitative Evaluation

Quantitative evaluation metrics are specific to tasks where the performance of a policy
can be directly measured. These approaches are divided into two categories: online and
off-policy evaluation, with online evaluation being more common. After training the policy,
a set of N online rollouts 7, ..., 7y are performed on the environment, and a metric is
applied to these rollouts. A rollout is the sequence of transitions generated by selecting
actions from the current policy and obtaining the next state and reward from the trans-
ition and reward functions, respectively: 7; = (so, ao,70), ---, (SH, am, i), where H is the
length of the trajectory. The most common measurement of online performance is the
average success rate of the policy at performing the task J(7) = M’ where G is 1if
the trajectory completed the task and o otherwise. For example, in [104], the success is

determined by whether the ball falls inside the cup or outside.

If a reward function is available, the performance of the model can be measured by the
accumulated rewards of a rollout [23]: J(7) = Zf:o R(s¢, a, s¢+1). Similarly, the average
or maximum accumulated rewards over multiple rollouts can also be used as performance
metrics. In video games, a similar approach involves obtaining the score directly from the
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environment and using it as an evaluation metric. For example, in [69], performance can
be evaluated by the distance traveled.

Alternatively, if the goal is to closely imitate the teacher, the performance measurement
can be the distance between the agent’s actions and the teacher’s actions [167]. This can
be quantified through classification or regression error for discrete or continuous action

spaces, respectively: J(m) =3 yep,. [|7(s;) — ail|.

Time can also be used as an evaluation metric. This can include the time taken to ex-
ecute a task or the time to converge during learning, such as the number of training steps.
For instance, in [132], RoboCup soccer agents were simulated with the goal of keeping the
ball away from the opposing team. Thus, the duration for which the ball is kept away from
the enemy team can serve as a performance metric.

Another way to evaluate a policy’s performance online is by measuring the safety of the
method. Safety metrics can include the length of the episode (the number of transitions)
or defining a set of safety constraints and counting the number of times the agent violated
the constraints. This can be done by associating certain states with violation occurrences
or by defining violations separately from the state space and checking for any violations
after the agent executes an action. In [81], an advisor agent aims to prevent the main
agent from violating constraints that could cause damage during learning. The challenge
with online evaluation is that it relies on interactions with the environment, which can be
dangerous. This risk makes it problematic to evaluate a policy while learning, because it
might be too dangerous to deploy.

DL inherits challenges from ML, particularly in determining the optimal hyper-parameter
values. Identifying these ideal values before or early in the training process saves time and
computing resources by reducing the need for repeated experiments with different value
sets. Furthermore, selecting appropriate hyper-parameters can help prevent dangerous
interactions after deployment.

Off-Policy Evaluation (OPE) involves evaluating a policy using past experience, which
can come from demonstration data sets, memories of online interactions, or a combina-
tion of both. In [168], various OPE methods are reviewed for selecting hyper-parameter
values. Most DL methods do not use OPE and evaluate performance on a set of pre-
defined hyper-parameters. The choice of these parameters is often influenced by state-
of-the-art practices, small ablation studies, past methods, or random selection. Alternat-
ively, some approaches train the model using multiple sets of hyper-parameter values to
find better configurations.

OPE methods rely on a dataset of past interactions, Dg.,,., and an optimization object-
ive, J(m). Some OPE methods use the transition function P(s;41 | s¢, a;) and the reward
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function R(s,ay, si+1) to evaluate the policy. If these are not available for the current
problem, model-based methods estimate a dynamics model ¢ (s, a;) ~ P(si+1 | St,at)
and a reward function through IRL R(st, at, s¢+1). Using the transition function, reward
function, and the actions selected by the current policy =, we can calculate the expected

return: J(Tr) = EatNW(St),St+1NP(St,at) [Z){{:O ’th(Sta ata St+1)]'

Alternatively, instead of relying on a transition and reward function, we can estimate
a state-action value function (s, a) by minimizing the Bellman error using the dataset
Dgemo and the current policy 7. In this approach, the OPE objective is to evaluate the
expected accumulated rewards as given by the state-action value function, expressed as:

J(ﬂ-) = E(s,a)NDdemo [Q(Sa a)]

An extension of this evaluation method involves weighting the importance of each re-
ward using importance sampling [169]. In this approach, the weights are derived by first
estimating a policy from the demonstration data set through BC, denoted as mg-. A com-
mon weighting scheme involves calculating the ratio of the product of the probabilities

of the actions under the current policy to the product of the probabilities under the beha-
[1/L, m(atlse)

[1/L, mc(atlst) o

objective as such: J(m) = Eq, wr(s;),5011~Pst,a0) (W 2 opo V' R(St, G, 5¢41)]

vior policy, given by: w = . The weights can be used to regulate the original

3.5.2 Qualitative Evaluation

Qualitative metrics are used for tasks where the agent’s behavior is more important
than the performance it achieves. As previously mentioned, some applications require the
agent to simulate human-like behavior, which can be challenging to quantify objectively.
One approach to evaluating this believability is to involve multiple judges, each assess-
ing and scoring the agent’s behavior based on their own analysis. This method leverages
diverse perspectives to gauge how convincingly the agent mimics human actions.

In [170], the authors explored various methods for generating controllers that best rep-
licate human behavior. Although these methods were evaluated using the "Super Mario
Bros” game, they are applicable to a range of other tasks. The evaluation was conduc-
ted qualitatively, where users were shown pairs of gameplay sequences-one performed by
a trained controller and the other by a human. The users were asked to identify which
gameplay was performed by a human for each pair.

3.6 Benchmarks

The demonstration data set is often gathered from rollouts of a policy that was trained
using an RL algorithm. Alternatively, a human demonstrator can interact with the envir-
onment and generate demonstrations. Hence, online RL benchmarks can be employed
for DL in these scenarios. We summarize the available benchmarks in Table 3.3.
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Table 3.3: Summary of the available benchmarks for demonstration learning methods. RLU stands for RL
Unplugged, and Sim. for Simulation.

Benchmark Data Set Action Space State Space Dynamics Observability Type
Al Habitat Included Discrete Continuous  Deterministic Full Sim.
Adroit D4RL Continuous Continuous  Deterministic Full Sim.
ALE No Discrete Visual/Cont. Stochastic Full Sim.
Atari RLU Discrete Visual/Cont. Stochastic Full Sim.
BSuite No Discrete Continuous  Deterministic Full Sim.
DM Control RLU Continuous Continuous Both Full Sim.
DM Lab No Continuous Visual/Cont.  Deterministic Partial Sim.
DM Locomotion RLU Continuous Visual Deterministic Both Sim.
Google Research Football No Discrete Continuous  Deterministic Full Sim.
Gym-MuJoCo D4RL Continuous Continuous  Deterministic Full Sim.
Gym-Retro No Discrete Visual/Cont. Stochastic Full Sim.
Meta-World No Continuous Continuous Stochastic Full Sim.
MineRL Included Both Visual Deterministic Partial Sim.
RWRL No Continuous Continuous  Deterministic Full Sim.
RoboTurk Included Continuous Continuous Stochastic Both Real/Sim.

AT Habitat is a simulation platform designed for the research and development of em-
bodied agents in an efficient 3D environment, with the goal of transferring learned skills to
real-world applications. Another benchmark is BSuite [171], which offers a diverse set of
experiments to evaluate the capabilities of learning methods. This library automates the
evaluation process across nine varied environments. DeepMind’s Control Suite [172] is a
benchmark that provides a collection of RL environments built on the MuJoCo simulator.
It includes tasks for controlling a variety of agents, such as Acrobot, Ball-in-Cup, Cart-
Pole, Cheetah, Finger, Fish, Hopper, Humanoid, Manipulator, Pendulum, Point-Mass,
Reacher, Swimmer, and Walker, with state spaces that are non-visual. DeepMind Lab
[173]1is a 3D learning environment built on the Quake III Arena game. It challenges agents
with visual observations and complex 3D navigation and puzzle-solving tasks. One of the
most widely used visual benchmarks is OpenAI’s Gym, which includes environments for
training agents to perform various tasks such as walking with a Humanoid agent, sim-
ilar to DeepMind’s control suite, using MuJoCo. Gym additionally offers environments
for classic Atari games. Gym Retro extends the OpenAl Gym framework by providing
environments for over 1000 classic games. Google Research Football [174] introduces
a novel RL environment with a physics-based 3D football simulation. This benchmark
allows agents to control either a single player or an entire team, making it suitable for
multi-agent and multi-task learning scenarios.

Meta-World [175] is a benchmark designed for meta-RL and multi-task learning, fea-
turing 50 distinct robotic manipulation tasks. Meta-learning algorithms can acquire new
skills more quickly, by leveraging prior experience to learn how to learn. The Real-World
Reinforcement Learning (RWRL) Suite [176] identifies nine challenges that prevent RL
agents from being applied to the real-world. It also describes a framework and a set of
environments to evaluate the method’s potential applicability to the real-world.

In practical applications, such as the real-world, we do not have access to a policy. In
such scenarios, the data might come from non-Markovian agents, such as humans, which
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differs significantly from the data generated by online RL policies Consequently, the data
sets generated by the online RL policies are not representative of practical applications.
The field is continuously developing a novel benchmarks with varying properties to ad-
dress these challenges. The demonstration data sets and environments should take into
account the properties explained in Section 3.3. Continuous action and state spaces are
generally more challenging than discrete ones, since it is impractical to explore every pos-
sible state and action. Therefore, an agent that learns in such domains is obligated to gen-
eralize beyond the visited data. Furthermore, visual observations are considered more
challenging than non-visual observations. Another common real-world issue is the occlu-
sion of state representations, which results in partially observable states and turns the
problem into a POMDP. This scenario is significantly harder and closely mirrors real-
world situations where complete state information is rarely available. Lastly, real-world
environments are often stochastic rather than deterministic. Thus, environments that in-
corporate stochastic transition functions are generally more desirable for evaluating meth-
ods.

The D4RL benchmark [5] provides demonstration data sets for OpenAI Gym’s MuJoCo
tasks. These data sets come from human demonstrations and vary in quality levels such
as random, medium, and expert. The RL Unplugged benchmark [177] provides demon-
stration data set for four different suites: Arcade Learning Environment (ALE) [178],
DeepMind Control Suite [172], DeepMind Locomotion [179], and the Real-World Rein-
forcement Learning Suite [176]. The disadvantage is that the data sets of RL Unplugged
are obtained from online RL policies. This means they lack the desirable non-Markovian
properties which arise from human-generated data.

MineRL [180] is a benchmark built on top of the game Minecraft. The benchmark in-
cludes a wide array of tasks, including finding a cave, creating a pen, making a waterfall,
building a house, and locating a diamond. These tasks are characterized by their sequen-
tial nature, which presents significant challenges for learning algorithms, such as sparse
rewards and long horizons. The benchmark provides a large demonstration learning data
set with over 60 million frames of recorded human gameplay.

For real robots, RoboTurk [181] provides the largest collection of demonstration data
sets of a variety of real-world robots performing diverse manipulation tasks. The data set
is increased through crowd-sourcing. It also provides a framework for generating demon-
strations for a personal robot controlled through teleoperation using a phone.

The Deep Off-Policy Evaluation (DOPE) benchmark [182] offers a standardized frame-
work for the evaluation and comparison of various OPE algorithms. Because it is not a
benchmark to evaluate demonstration learning methods, it is not included in Table 3.3.
This benchmark is structured into two main suites: DOPE RL Unplugged and DOPE
D4RL. DOPE allows the selection of different learning objectives, such as ensuring the
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Figure 3.7: Agents and areas DL methods can be applied to.

estimated value of a policy is as close as possible to the true value, selecting the best pos-
sible policy from a set of policies, and hyper-parameter tuning with early stopping.

In Table 3.4, we categorize various demonstration learning methods. The table organ-
izes the methods based on key attributes: the demonstration technique used to obtain the
data set; the type of input data used to train the method; the learning objective (e.g., policy
learning); the type of inference type (classification, regression, or both); the metrics used
to evaluate the method; and the tasks the method was applied to.

3.7 Applications

DL approaches have been successfully applied to a wide range of domains, as illustrated
in Fig. 3.7. This section provides a detailed exploration of these applications, highlight-
ing a selection of relevant examples. The primary applications of DL are robotics and
simulation environments. RL can learn complex skills but at the cost of interaction with
the environment which can be dangerous or expensive in real-world scenarios. Moreover,
the sample inefficiency of RL requires millions of interactions even for simple tasks in the
real-world. For this reason, DL can be critical for applying policy learning algorithms to
real-world settings.

3.7.1 Assistive Robots

DL can be applied to assistive robots which aim to help humans in their daily tasks.
This application presents unique challenges, because these robots must be capable of ad-
apting to a wide range of scenarios that the untrained human may require. In [134], the
authors adapt the training process to account for the dynamic and evolving behavior of
humans. Robots may be used to interact with humans [66] or help with social or mental
problems [217]. Assistive robots likely have to imitate how a human would assist, which
is something that DL can provide over RL.
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3.7.2 Autonomous Navigation

Self-driving cars have been a central focus of ML research in recent years. The goal
is to use the data captured from a wide range of sensors to control the vehicle safely in
complex environments. Given the immense complexity and high dimensionality of the
problem, RL represents a viable solution by learning from interactions. However, the
unsafe characteristics of RL represent an obstacle, as the consequences of unsafe driving
are catastrophic. DL avoids this problem since the agent does not have to interact with

the environment to learn.

Early research in [218] proposes a method for learning to fly an aircraft from demon-
strations recorded via teleoperation using IRL. DL has also been applied successfully to
autonomous aerial navigation, such as drones for their potential for the delivery of goods,
and helicopters. In [47] and in [29], data of a robot helicopter flight, using a joystick,
was recorded and used to train an autonomous helicopter agent through RL and appren-
ticeship learning, respectively. With advances in sensors for capturing data, DL has been
increasingly used to learn control policies. Beyond aerial applications, DL has also been
employed for the locomotion of bipedal and quadrupedal robots. The demonstrations for
training such robots are obtained either by teleoperation or observation. Some works have
applied DL to driving tasks [183, 75, 118]. [219] collected a dataset for navigation tasks
using a camera mounted on a robot. In [74], the authors evaluated active learning tech-
niques based on demonstrations in both simulated and real-world environments. Simil-
arly, [100] utilized a mobile robot to gather environmental data and select appropriate
algorithms from a pre-defined database based on situational context. Full autonomous
control of a vehicle in the real-world is such a complex problem that it likely can not be
solved using a single field of ML. Nonetheless, DL offers tremendous potential to learn
skills from data, without having to interact with the dangerous environment of driving in
the real-world.

RobotCar [220] and BDD100K [221] are large data sets containing real-life driving
demonstrations in the form of videos. Demonstrations have been used towards autonom-
ous driving in [222, 201, 21, 187]. The safety of DL can be used to employ RL methods
to autonomous driving. For example, in [205, 65, 85] the agent can not violate safety
constraints learned from demonstrations.

3.7.3 Dance

Audio processing for dance generation encompasses various methodologies that lever-
age distinct techniques for feature extraction and sequence modelling. The most common
practice is to use the Librosa [223] library to extract audio features, though various differ
in their choices of sampling rate and the types of features used to represent audio vec-
tors. Ablations in [224] determined the more useful audio features for dance generation
and highlighted the importance of feature normalization in the process. In contrast, the
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method in [225] deviates from using Librosa, opting instead for features extracted from
the Jukebox [226] pre-trained model.

Early attempts at automatic audio-to-dance conversion using deep learning, utilized
LSTM networks for sequence modelling [227] and realized a sole LSTM could not con-
verge. Instead of using LSTMs, in [228], the authors train two embedding spaces, where
dances or music from the same style or genre, respectively, are mapped to similar embed-
ding vectors. A CNN then receives style and rhythm embedding to generate dance.

GANSs [229] have also been employed for training generators conditioned on music to
produce quality dances. In [230] the method incorporates stability concerns by augment-
ing the discriminator to penalize unstable poses. The method in [231] also utilizes GANs
but structures the architectures with LSTM layers to incorporate sequentially.

The advent of Transformer models [16] revolutionized sequence modelling, offering
parallelized input processing and a masked attention mechanism for inter-sequence ele-
ment contributions. The method in [15] combines adversarial learning with Transformer
models. It employs two Transformer models, one conditioned on music to predict the cor-
rect pose on the beats, another conditioned on consecutive poses to predict the motion
curve parameters between the two poses. This paper also introduced the PhantomDance
data set. In [232] the authors present AIST++ data set, an enhanced version of AIST
with annotations of the dancer’s poses. Additionally, they employed a three-Transformer
framework that predicts the remaining half of the choreography given an audio sequence
and initial choreography. The authors of [233] deal with the dimensionality and preci-
sion dance pose generation issues by discretizing the poses into two finite codebooks.
These codebooks are estimated using variational auto-encoders. A Transformer model
then learns the mapping between the audio sequences to a pose in each codebook.

3.7.4 Manipulators

DL has been applied to manipulators in manufacturing applications since the 1980s.
Training manipulators through demonstrations, usually through kinesthetic teaching, is
more efficient than hard-coding their behavior. One prominent application of this tech-
nology is in assistive and healthcare robotics, where robots are designed to help humans
with various tasks. ML methods are used for such tasks because the robot must perform ef-
fectively in diverse environments. Training a policy to generalize to new scenarios is more
practical than coding every possible situation manually. Additionally, since assistive ro-
bots operate in close proximity to humans, there is a greater emphasis on safety, which is
enhanced through the convergence and stability guarantees of learned policies compared
to hard-coded behaviors. Furthermore, effective collaboration requires the desired ro-
botic movements to be similar to those of humans. Moreover, effective collaboration with
humans necessitates that robotic movements closely mimic human actions, making DL a
good approach for developing such behaviors in the policies.
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Several studies have utilized demonstrations for learning robotic grasping [202, 196].
Examples of DL methods applied to such robots include handing over objects to humans in
[234], where the authors encode coordination from demonstration data to enable humans
to transfer control of objects to other entities. Additionally, a model-based algorithm [215]
learns a variety of manipulation skills.

Policies for learning manipulation tasks have the potential to replace humans in health-
care. However, this raises significant safety concerns, as exploration required by RL is
impractical [235]. In [22], the authors train multiple robotic arms to perform surgical
tasks using trajectories learned from demonstrations. Later, [236] applies a model-based
method for the treatment of lung cancer. The MIMIC-III dataset [237], which contains
60,000 ICU records, has been used for drug recommendations [210] and sepsis treatment
[212] by leveraging demonstrated treatment processes from the data set. The automation
of healthcare through DL has the potential to optimize procedures and improve outcomes.

3.7.5 Humanoid Robots

Humanoid robots are perhaps the most obvious application of DL. These are robots
with a structure similar to humans whose goal is to perform tasks typically carried out
by people. Since the required tasks are already performed by humans, DL is a fitting
approach. Demonstrations can be captured using a sensor suit and converted into joint
values for the robot. The tasks vary from utilizing only part of the robot [238] to engaging
the entire humanoid body [239, 240].

In[31], a humanoid robot was trained from human demonstrations captured by sensors
placed directly on the human body to perform reaching and drawing movements with one
arm, as well as tennis swings. In [54], a humanoid robot learned to imitate human arm
gestures and was tested in a turn-taking gesture game. A human teleoperated a humanoid
robot in [29], where Virtual Reality technology was used to convert the operator’s arm and
hand motions into those of the robot to learn a manipulation policy. In [3], an embedding
space was learned from demonstrations, allowing the humanoid robot to replicate human
movements projected into this space. In human-robot interaction, beyond learning task
control, the robot must also learn where to focus its attention.

3.7.6 Video Games

ML methods, particularly RL, have been successfully applied to video games. Key ap-
plications include creating agents to learn and master games or generating controllers for
non-playable characters. However, video games often present challenges such as sparse
rewards and high-dimensional spaces, which can hinder policy convergence during ex-
ploration. Additionally, non-playable characters often need to exhibit human-like be-
havior [241]. Therefore, DL serves as a bridge to reach these goals that RL struggles to
achieve.
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DL has been applied to racing games such as Mario Bros in [170] and [69]. The ALE
[178] offers a platform for benchmarking algorithms on Atari games. Approaches such
as [23] have used this environment to evaluate their method and compare them to other
state-of-the-art methods for Atari games. While these examples involve relatively simple
problems with small state and action spaces, they demonstrate potential that can be ex-
tended to more complex games in the future.

The variety of genres and the growing complexity of video game domains present chal-
lenges increasingly akin to real-world difficulties. Methods often rely on simulation to
validate their correctness due to safety concerns associated with real-world deployment.
However, creating effective simulators is challenging and often yields inconclusive results,
as the real-world remains more complex. Video games offer a diverse array of problems
for DL methods to tackle. Addressing progressively difficult problems in video games
provides a pathway for validation that is closer to real-world scenarios.

3.8 Advantages and Disadvantages of DL

Different DL algorithms bring different advantages and disadvantages, which are sum-
marized in Table 3.5. This section will explore the overall advantages and disadvantages
of DL methods.

3.8.1 Advantages

The most significant advantage of DL over other paradigms is its potential to eliminate
the need for expert programming. Although the field has not yet reached this goal, the
aim is to train an agent to perform tasks through demonstrations alone. This approach
enhances adaptability by enabling agents to learn behaviors from demonstrations rather
than being programmed on static instructions. Demonstrating a manipulation task is of-
ten much easier than detailing every step a robot must take to complete it. Additionally,
DL allows agents to learn from various external sources, including humans or other agents
with different types of hardware.

Additionally, the paradigm is highly data efficient, especially compared to RL which is
severely data-inefficient. Several approaches use a small number of demonstrations. In
contrast, RL rely on trial-and-error interactions to learn optimal policies, resulting in nu-
merous failed attempts. DL allows the agent to learn the task by providing the correct
choices for the input states, thus solving high-dimensionality problems and effectively ad-
dressing the curse of dimensionality that plagues ML problems suffer from. This property
allows the paradigm to solve high-dimensionality problems and effectively addresses the
curse of dimensionality ML problems suffer from. Furthermore, RL agents’ policies can
converge to local minima with suboptimal performance. In DL, agents learn the behavior
demonstrated to them, offering performance guarantees for the policies learned. Then,
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DL can be combined with other ML fields, such as RL, to further enhance the learned
methods.

Lastly, one of the main limitations of RL is that it is difficult to apply it to real-world
problems. The RL agents learn through trial-and-error interactions, which is ideal for sim-
ulation environments. However, in the real-world, errors can have serious consequences,
such as collisions that may severely damage a robot, hindering or preventing learning
altogether. DL is extremely valuable in applications where interaction is impractical, ex-
pensive, or dangerous. DL leverages demonstration data sets to provide interaction data,
allowing the agent to learn without directly interacting with the environment. This ap-
proach ensures much safer learning, making it applicable to real-world problems. Even
when it is safe to interact with the environment, using demonstrations can speed up con-
vergence and improve generalization in complex domains. After learning a policy from
demonstrations, the policy can still be improved with online interactions. Since the policy
already possesses task knowledge, it interacts with the environment more safely compared
to a random policy in RL.

3.8.2 Disadvantages

While DL is appealing and addresses many issues associated with RL, it presents chal-
lenges when working with limited data. Technically, any off-policy RL algorithm can be
used to learn from a demonstration data set. However, these algorithms were originally
designed for online RL, where the agent interacts with the environment and can correct
its mistakes. As a result, these methods often fall short when applied to limited data.

The disadvantages of DL are primarily related to the data set, as discussed in Section
3.3.7. The quality of the policy is directly dependent on the quality of the demonstrations
within the data set. Sub-optimal or incorrect demonstrations can hinder or even prevent
the policy from converging to adequate behavior. To address this issue, existing solutions
aim to identify and filter out these sub-optimal demonstrations.

Additionally, collecting demonstrations is expensive, and the data set may be insuffi-
cient, often lacking coverage of all possible state-action pairs. Creating the environment
with the sensors, demonstrating, collecting the data, and creating adequate embodiment
and record mappings for the data set, are all non-trivial steps. Then, the distributional
shift discussed in previous sections can severely hinder the performance of the model.
The demonstration data set represents only a subset of the real MDP. Unless the data set
is optimal the agent can not generalize to cover the entire problem. Hence, when quer-
ied in out-of-distribution states, it will likely fail. Restricting the agent to in-distribution
states to avoid queries for actions it cannot generalize to from limited data is challenging,
and most methods must address this issue explicitly.
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3.9 Future Directions

In this section we will discuss the open research problems in the field of DL.

3.9.1 Benchmarking

The goal of DL is to teach a real-world agent a task from demonstrations. However, most
methods are evaluated in simulation environments. There are few standardized bench-
marking environments and data sets, particularly for real-world environments. Stand-
ardization in any research area is beneficial as it facilitates the comparison of different
methods for the same problem, and DL is no exception. The lack of a real-world DL bench-
mark is an open issue in the field, limiting its progression and applicability to real-world
tasks.

Current DL methods are often evaluated using a limited range of RL environments, fre-
quently creating their own demonstration data set. A robust method should be able to
generalize across various environments and perform tasks with high repeatability. Addi-
tionally, the method should be computationally efficient and, in some cases, capable of
producing behavior that appears human-like.

Although some environments provide corresponding demonstration data sets, methods
that generate their own data sets create uncertainty about the method’s quality. The num-
ber of demonstrations in the data set significantly impacts the method’s performance. In
real-world scenarios, collecting demonstrations is challenging, resulting in smaller data
sets. However, some methods utilize large numbers of demonstrations, offering greater
coverage of the state-action space, which is a distinct advantage over methods with smal-
ler data sets. Measuring and comparing the quality of demonstrations across different
data sets is difficult. It is reasonable to assume that two different data sets will vary in
quality. Consequently, the performance of a method is directly proportional to the quality
of the demonstrations used.

Existing stochastic environments are very limited. Additionally, non-stationary envir-
onments, which are very common in the real-world, are also scarce, with the notable ex-
ception of the RWRL suite. Additionally, there is a lack of available multi-agent envir-
onments and data sets. To address these gaps, future research should focus on creating
more standardized environments, demonstration data sets, and evaluation metrics, and
encourage their usage.

3.9.2 Context Problem

The context encompasses the set of characteristics that define the environment, such
as background objects, illumination, and camera positioning. Most DL methods are de-
signed to learn a policy for a single, fixed context. When any of these contextual elements
change, they form a new context, and the policy trained for the original context is often
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unable to perform effectively in the new one. This issue is frequently overlooked because
evaluation is typically conducted in simulation or controlled environments where the con-
text remains consistent with the training conditions, allowing the policy to succeed. How-
ever, this limitation severely affects the scalability of the policy for real-world applications,
where context changes can be drastic. Some works have tackled the problem of learning
from demonstrations captured from multiple contexts [242]. In [57, 105], a translation of
the recorded observations from the demonstrator’s context to the context of the learner
is used. However, their approach only works for simple tasks which can be represented
solely by the first and the final observations. Recently [140] encoded a demonstration
and provided the embedding as an extra signal for the policy to perform in a novel con-
text. However, this requires a demonstration for the given context to be available and user
interaction to define which demonstration to encode.

Unsupervised learning has been used to learn policies from unlabelled visual demon-
strations. Previous methods have made use of multiple modalities to obtain rich embed-
dings. In [148] an encoder is trained to estimate similar features for concurrent frames
of multi-view synchronized videos. Here the criterion is cycle-consistency, where for two
views, a data point is cycle-consistent if the nearest neighbour of its nearest neighbour is
the point itself.

Triplet learning has been used to estimate an embedding space where similar obser-
vations are closer in space than time-distant ones. This method was applied to DL us-
ing Time Contrastive Networks (TCN) [3], where synchronized multi-view demonstration
videos are used to estimate an embedding space where observations from different view-
points but identical timestamps generate identical features. Later, in [73] the encoder was
enhanced with multiple levels of attention to further focus on viewpoint invariant features.
In [214], they explicitly disentangle state and viewpoint features from the feature vector
using an encoder-decoder architecture combined with a permutation loss. The main draw-
back of the previous methods is how computationally intensive they are to train because
they rely on organizing the data set into triplets (sets of anchor, positive and negative im-
ages). Sampling a negative image for an anchor-positive pair is not trivial. On the one
hand, sampling every possible combination leads to an extensive data set to process and
will include weak negatives (the anchor-negative distance is easily greater than the anchor-
positive distance). On the other hand, sampling hard negatives (anchor-negative distance
is close to the anchor-positive distance) is a complex task that comes with downsides such
as the frequent evaluation and re-sampling of negatives [243].

CL compares different images sharing a common signal to learn representations in a
self-supervised fashion. It has been applied to multiple ML fields, most notably image
classification [143], where the embedding space is robustly obtained in a self-supervised
manner by bringing images from the same class closer in the space. Siamese networks
[149] have been paired with CL where each network outputs the features of a different
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view. In [149], the different views are obtained through data augmentation, and applied
to motion simulation tasks.

Other ways to obtain different views from a single image are by using different chan-
nels. In Contrastive Multiview Coding (CMC) [4], the images are converted into the Lab
color space, where the L and ab components are treated as two views of the image. Then
contrastive loss is applied to learn an embedding space. Additionally, they show that in-
creasing the number of views leads to better features.

3.9.3 Goal Specification

DL methods focus on learning one specific task at a time. Pick-and-place tasks, for ex-
ample, involve picking up an object from one location and placing it somewhere else. In
the literature, picking a different type of object or placing it in a different location is of-
ten considered a distinct task from the original [140], despite both being variations of the
same fundamental task. As a result, the effort required to train an agent to handle mul-
tiple goals scales linearly with the number of distinct goals, as a separate policy must be
developed for each one. This approach overlooks the fact that these tasks share redund-
ancy and common information. Future research should aim to develop policies that can
scale and adapt to different goals specified by the input, rather than requiring a new policy
for each individual goal.

3.9.4 General DL Framework

The end goal of DL is to enable the training of an agent without the need for expert
programming knowledge. Ideally, an agent should be able to learn the task solely through
demonstrations. However, current approaches still require the design of algorithms for
feature extraction, reward specification based on the type of agent and task, and policy
derivation algorithm. A learning framework that could be universally applied to any task
would allow a teacher to train an agent solely by demonstrating the task.

3.9.5 General Feature Extraction

All DL approaches rely on the quality of the data set. In high-dimensional environments,
images are the most practical state representations. Learning from images requires the ex-
traction of quality features, which currently vary depending on the specific task. Creating
a general feature extractor framework would eliminate the need for engineered feature
extraction frameworks for each task. This is one of the open problems preventing the
creation of a general DL algorithm.

3.9.6 Generalization

The policies should be able to select the correct action for any possible state. However,
since policies are estimated from a demonstration data set, they are inherently limited
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to the state-action distribution present in that data set. Generalization is the ability of a
policy to make correct decisions in unseen scenarios based on previous experiences. To im-
prove generalization, several techniques are employed: some approaches expand the data
set through methods such as data augmentation [78, 77], while others fine-tune the policy
using online data [188]. Additionally, some methods restrict the policy to in-distribution
states to prevent it from being queried for actions it has not been trained on [65].

3.9.7 Hyper-parameter Selection

Hyper-parameters are a critical aspect of most ML approaches and must be specified in
advance. Examples include determining the number of hidden layers in a neural network
and the number of neurons in each layer. The ideal values for the hyper-parameters are
often difficult to estimate and are usually determined through trial and error. As noted by
[244], many studies present results based on carefully tuned hyper-parameters for a lim-
ited set of tasks, which are insufficient for evaluating the robustness of methods. Instead,
methods should be trained multiple times with varying hyper-parameter configurations,
and the resulting policies should be assessed using the proposed metric, 'Expected Valid-
ation Performance’.

Performing policy rollouts in real-world settings is generally challenging due to costs
and safety concerns, particularly when evaluating policies that are still being trained. Eval-
uating a policy before completing its training to determine the optimal hyper-parameter
values would allow for adjustments without incurring the full cost of training a complete
policy, thereby saving time and resources. This is another factor limiting DL to simulat-
ors. Off-policy methods aim to evaluate a policy from past interactions, without requiring
new interaction with the environment. For example, [245] conducted a study evaluat-
ing thirty-three different OPE methods by measuring the distance between the estimated
policy value compared to the true policy value. The study concluded that evaluation with
the state-action function outperforms the remaining methods. To help accelerate the de-
velopment of OPE methods, [182] propose the DOPE benchmark. The available options
are using inaccurate OPE methods or training the model for a fixed number of steps and
adjusting the values based on the early results. While hyper-parameter selection is a com-
mon challenge across various machine learning paradigms, DL needs to overcome this
problem to truly reduce the requirement of expert programming. We believe that devel-
oping general, accurate, and efficient OPE methods is crucial for the growth of the field
and for expanding its applications to real-world scenarios.

3.9.8 Long-Horizon Tasks

Offline RL relies on a reward function to estimate policies. More frequent rewards make
it easier to develop effective policies, but creating a reward function that provides feedback
for every step is often challenging, especially for complex tasks. As a result, DL has been
restricted to simple tasks that complete within a few steps and require minimal interac-
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tions. Long-horizon tasks are more common in real-world scenarios, which consist of
either a series of small interactions or a single extended and complex interaction. These
tasks require a greater number of steps, leading to a more extensive state space for the
agent to explore and learn from. Although learning to handle long-horizon tasks remains
an open challenge, some methods have achieved partial success in addressing these com-
plex problems.

The method in [193] detects intersections among demonstrations in the data set at cer-
tain states to generalize new trajectories. [197, 213] demonstrate that complex tasks can be
decomposed into sub-tasks, which are learned from the demonstration data set. The agent
receives a reward upon completing each sub-task. [206] estimates a state distribution to
ensure that these sub-goals correspond to reachable states. A particularly promising ap-
proach involves using goal-conditioned policies across multiple layers of hierarchy in RL
[246]. Additionally, some methods generate sequences of sub-goals through a divide-and-
conquer approach [247].

Another approach is to learn an embedding space of skills from unstructured demon-
strations [211] and then train the policy on the embedding space. In [211], skills are
defined as useful sequences of actions, and an embedding space of these skills is learned
from unstructured demonstrations. They then train a RL policy on the embedding space
using a hierarchical model where the high-level component generates embeddings of skills
which the decoder then converts into sequences of actions. A particularly promising ap-
proach was proposed, using goal-conditioned policies at multiple layers of hierarchy for
RL [246]. Alternatively, other methods generate sequences of sub-goals with a divide-
and-conquer approach [247].

Hierarchical approaches learn a high-level planner and a low-level controller [194, 213].
The high-level planner identifies a sequence of sub-goal states that guide the agent to-
wards the main task goal, while the low-level controller is conditioned to achieve these
sub-goals. This extra guidance helps the agent learn in sparse reward environments and
long horizon tasks. Conditioning RL and DL approaches on goal observations improves
sample efficiency. In [206] the high-level policy is encouraged to predict intermediate
states between the current state and the goal state.

RUDDER [208] redistributes the reward by identifying key steps in the demonstrations
and increasing the reward of the respective transition. However, RUDDER uses LSTMs
to predict the associated reward and models require many demonstrations to generalize
well. Because of this, Align-RUDDER replaces the LSTM model with a profile model ad-
apted from bio-informatics. This model can be estimated with very few sequences. In
Align-RUDDER, a sequence is aligned with the profile, providing an alignment metric
that indicates how well the sequence matches the model. The reward for a transition is
the difference between the alignment values of the sequence with and without the trans-
ition.
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3.9.9 Multi-Agent DL

Most DL research is focused on single-agent learning, while real-world applications of-
ten require agents to interact and cooperate with one another. Although there has been
some exploration of multi-agent cooperation and competition, as discussed in the relev-
ant section, the applications of the methods are limited. Hence, multi-agent DL remains
an open problem.

3.9.10 Learning from Sub-Optimal Data

DL heavily relies on the quality of the demonstration data set. In many cases, the data is
sub-optimal due to various factors. Sensor data often contains noise and errors, which can
increase the distributional shift between the estimated models and the demonstrated be-
havior. Some works address inadequate data through identification and removal of poor
samples [48] or by correcting the data [204]. Collecting demonstrations is generally ex-
pensive, resulting in small data sets. To mitigate this, some methods use demonstrations
from other tasks, enhancing the policy’s generalization and adaptability. For instance,
[190] gathers data sets from multiple tasks sharing the same state and action spaces but
differing in reward functions and dynamics. An encoder is trained to encode trajectories
into an embedding space, and the policy is conditioned on a task embedding alongside
the state. However, using data sets from other tasks can increase the distributional shift.
To address this, [186] proposes a method to learn policies from multiple task data sets
without causing a distributional shift, by relabeling transitions from the other tasks’ data
sets.

Additionally, the estimated distribution of the policy may differ significantly from the
demonstrator’s distribution. A larger distributional shift typically results in poorer gener-
alization of the policy. In [94], the authors address this mismatch by deriving a tractable
bound on the distributional shift between the offline data set and the learned policy. This
bound is then used as an extra regularization parameter in the optimization step.

Offline RL requires reward specification which is expensive in the real-world scenarios.
Beyond IRL, unsupervised techniques offer a promising direction by leveraging unlabeled
data. For instance, [80] demonstrates that a policy can be effectively learned by combin-
ing large sets of unlabeled data with a smaller set of labeled data. Additionally, [192]
introduces a downstream reward labeling method applied to unlabeled datasets.

3.9.11 Safety Concerns

RL has gained significant attention in recent years due to its diverse applications. How-
ever, its trial-and-error nature can pose safety risks. In contrast, DL allows the agent to
learn policies from a dataset without interacting with the environment, remaining safe
while learning. In offline RL, the goal is to maximize the expected accumulated rewards,
while in DL the goal is to align action choices with those of the demonstrator. However,
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these goals don’t take into account safety concerns. Additionally, the limitations of the
data set can result in sub-par policies and the agent can still reach an unsafe state if it
exists the distribution of the data set. The demonstrator is unlikely to cover all potential
safety-critical scenarios, and the reward function often does not prioritize safety. Safety
is paramount in real-world applications, particularly in human-robot interaction settings

[248, 134].

One approach to safe RL is to maintain the agent within a safe distribution of states.
For example, [249] proposes learning a manifold that captures natural variations in the
environment and uses a secondary policy to guide the agent back into the distribution of
visited states. The method in [250] introduces an advantage-based mechanism to determ-
ine when the recovery policy should intervene. Existing RL algorithms address safety by
specifying constraints that the agent cannot violate during execution [86, 65, 85, 203].
For instance, [251] proposes learning a barrier function that constrains the agent’s policy
to remain within a set of states that do not violate constraints. The method proposed
in [189] initially finds a reward-optimal policy, which is then projected onto the feasible
set of policies that satisfy the cost constraints. However, these constraints are often task-
specific and agent-specific, making it impractical to specify all the constraints for every
situation. Alternatively, [252] proposes a zero-sum game where a second player perturbs
the agent’s transition probabilities to optimize the worst-case transitions to produce a
more robust policy. Methods in [66, 184] require access to sets of safe and unsafe states
to train the agent safely.

Active learning can address uncertainty. The DAgger framework trains a student policy
by allowing it to query an expert policy [75], where it learns from data generated by both
itself and the expert. Before each interaction with the environment, a decision rule de-
cides whether to use the student’s or the expert’s policy. Since selecting the student’s
action early on can be unsafe, SafeDAgger [209] introduces a criterion that only allows
the student to act if the difference between its action and the expert’s action is below a
threshold. EnsembleDAgger [191] further refines this approach by requiring the predic-
tion of an ensemble of networks to be below a threshold for the student to act. However,
these algorithms depend on the availability of an expert policy.

Some methods leverage expert demonstration data sets to combine the advantages of
RLand DL. Forinstance, [97] proposes learning a Lyapunov function to ensure the agent’s
policy remains within the distribution of states from the data set. In [253], the authors
use a pre-existing expert policy to filter the agent’s action if it differs from the expert’s.

3.10 Conclusion

We have presented a comprehensive survey on DL. DL reduces the programming over-
head by teaching the agent tasks through demonstrations. The paradigm comprises two
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main phases. The first phase involves collecting and building the demonstration data set,
with key considerations including selecting the demonstrator, recording the demonstra-
tions, representing the data, and addressing common data set limitations. The second
phase focuses on extracting the behavior from the data set and training the agent accord-

ingly.

The main challenge in DL is the generalization to unseen scenarios. Demonstrations
only cover a subset of the distribution, and direct imitation through BC learns this lim-
ited distribution. When the agent encounters out-of-distribution cases, it may not know
how to respond, potentially leading to catastrophic real-world consequences. To address
this, offline RL methods aim to reduce the distributional shift. Various strategies and
mitigations were discussed, including model learning methods that enable the agent to
generate new transitions without interacting with the environment. Additionally, meth-
ods for refining the behavior were explored, such as trial-and-error interactions using RL,
skill transfer through transfer learning, active teacher querying, and optimizing behavior
with EAs.

DLis predominantly used across various types of robots and video games, with potential
applications extending to diverse domains such as healthcare and industry. The main
advantages of DL include reduced reliance on expert programming, greater data efficiency
than RL, and enhanced safety during the learning process. Despite these benefits, DL
requires a good framework to create high-quality demonstration data sets and accurately
estimate the policy.

DL is a promising area within the broader field of ML. This survey has identified sev-
eral key research challenges, highlighting that the development of robust benchmarks and
high-quality data sets are crucial for the field’s advancement. As noted in [37] much of the
success of deep learning is due to large data sets. Even recent applications still utilize re-
latively old methods paired with improved models and large data sets. As explained in
this chapter, many of the problems of current DL methods stem from the limitations of
the data sets. Creating more, better and larger data sets or pipelines for generating such
data sets is the fundamental direction for the success of the field.

Based on the comprehensive review presented in this chapter, we start tackling the open
problems in DL. In the next chapter, we focus on combining the advantages of RL with
DL. Specifically, we tackle the context problem and the safety problem. We proposed two
methods to tackle these problems. The first method learns context-invariant policies by
using a multi-context demonstration data set to learn context-invariant features that then
replace the state observation in policy learning. The second method improves the safety
of RL agents during the learning process, by making use of existing demonstrations and
a method to prevent the agent from performing catastrophic actions.
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Table 3.4: Categorization of Demonstration Learning papers.

Name Year Technique Data Learned Goal
‘Abeel etal. 2004 [183] 2004 Teleoperation Raw Data Regression  Acc. Reward Grid World Car Driving Simulation
ABPS [184] 2021 N/A N/A Learning Classification ~ Ace. Reward Custom Grid World
Align-RUDDER [185] 2022 N/A Raw Data icy Learning, IRL Regression  Succ. Rate Minecraft
A0G [61] 2017 Sensors on Teacher Sensor data, Image ificati ification  Succ. Rate Water bottle opening
APE-V [133] 2022 Teleoperation Raw Data Policy Learning Regression  Acc. Reward, Suce. Rate D4RL, Procgen Mazes
APID [92] 2013 Teleoperation Raw Data Policy Learning Regression  Time, Acc. Reward Path Finding
AQuaDem [103] 2021 Teleoperation Raw Data Policy Learning Classification ~ Acc. Reward, Succ. Rate D4RL
ARC [147] 2018 N/A Image Policy Learning, IRL Regression  Acc. Reward Navigation, Robot Pushing
ATAC [142] 2022  Teleoperation Raw Data Policy Learning Regression  Acc. Reward D4RL
ATC [145] 2021 Observation Image Policy Learning Regression  Acc. Reward, Train Time DM control, Atari, DM Lab
AT-Net [73] 2020 Teleoperation Image Policy Learning Alignment Error, Accuracy, Suce. Rate Manipulation
AWAC [163] 2020 Teleoperation Raw Data Policy Learning Ace. Reward, Suce. Rate Simulated, Real Robot Manipulation
AWR [162] 2019 Teleoperation Raw Data Policy Learning Ace. Reward OpenAl Gym, Simulated Robot
BCQ [26] 2019 Teleoperation Raw Data Policy Learning Ace. Reward OpenAl Gym MuJoCo tasks
BEAR [160] 2019 Teleoperation Raw Data Policy Learning Ace. Reward OpenAl Gym MuJoCo
BRAC [161] 2019 Teleoperation Raw Data Policy Learning Ace. Reward OpenAl Gym MuJoCo
BREMEN [110] 2020 Teleoperation Raw Data Model-Based Policy Learning Ace. Reward, KL Divergence OpenAl Gym MuJoCo
cDs [186] 2021 Teleoperation Raw Data Policy Learning Ace. Reward, KL Divergence MuJoCo, Meta-world
ChauffeurNet [187] 2018 Teleoperation Sensor data Policy Learning Distance Error CARLA driving simulator
[150] 2022 /A Policy Learning Ace. Reward Mujoco, Simulated Jaco Robot
CLID [9] 2022 Observation Image Policy Learning Alignment Error, Success Rate, Acc. Reward Simulated Panda Manipulation
Coarse-to-Fine IL [188] 2021 Observation Image Policy Learning Error, Suce. Rate Target Reaching
Codevilla et al., 2018 [21] 2018 Teleoperation Sensor data Policy Learning Regression  Succ. Rate, Missed turns, Interventions, Infractions  Real Truck Driving
Confidence-Based LD [74] 2007 Teleoperation Raw Data GMM Classification ~ Accuracy, Collision Rate Custom Simulation
Context-Aware Translation [57] ~ 2018 Observation Image Policy Learning,IRL Regression  Error, Succ. Rate MuJoCo Manipulation
COPO [189] 2022  Teleoperation Raw Data Policy Learning Regre Ace. Reward, Cost, Violations ‘Walk-Around-Grid, Bipedal Walker
COMBO [11] 2021 Teleoperation Raw Data Model-Based Policy Learning ~ Regression  Acc. Reward, Model Error D4RL
CORRO [190] 2022  Teleoperation Raw Data Policy Learning Regression  Acc. Reward Mujoco
cQL [96] 2020 Teleoperation Raw Data Policy Learning Regression  Acc. Reward, Value Error D4RL
Cross-Context IL [105] 2020 Observation Image Policy Learning Regression  Distance, Suce. Rate Manipulation
cst [121] 2013 Teleoperation Raw Data IRL Both Ace. Reward Mountain Car, Driving Simulator
CvaR [141] 2022 N/A Policy Learning Regression  Acc. Reward Custom Grid World
cvPO 651 2022 N/A N/A Policy Learning Regression  Cost, Acc. Reward Custom Simulation Tasks
DAgger [69] 2011 Teleoperation Raw Data Policy Learning Classification ~ Falls, Distance Traveled Super Tux Kart, Super Mario Bros.
Dalal et al., 2018 [85] 2018 Teleoperation Raw Data Policy Learning Regression  Acc. Reward, Violations Custom MuJoCo tasks
DIS [123] 2016 Teleoperation Raw Data Policy Learning, IRL Regression  Acc. Reward Maze, Mario AT
DQM [23] 2018 Teleoperation Image Policy Learning Classification ~ Acc. Reward ALE
DON [24] 2015 N/A Policy Learning Classification ~ Acc. Reward Atari
Dogged Learning [42] 2007  Teleoperation Raw Data, Image Other Predictive Learning Both Student visual inspection, Error Ball seeking, head mirroring tail
DoublL/ResidulL. [87] 2022 Teleoperation Raw Data Policy Learning Regre Loss OpenAl Gym
DT [14] 2021 Teleoperation Raw Data Sequence Model Regression  Acc. Reward Atari, OpenAl Gym
DWBC [136] 2022  Teleoperation Raw Data Policy Learning Regression  Acc. Reward, Discriminator Accuracy D4RL
EnsembleDAgger [191] 2019 N/A N/A Policy Learning Regression  Acc. Reward OpenAl Gym
EXORL [192] 2022 Teleoperation Raw Data Policy Learning Regression  Acc. Reward DeepMind control suite
GAIL [64] 2016 Teleoperation Raw Data GAIL Regression  Acc. Reward MuJoCo
GCB [151] 2022  Observation Image Policy Learning Regression  Succ. Rate Pybullet
Gradient-Based IRL [122] 2021 Observation Image Model Learning, IRL Regression  Train Time, Distance Teaching
GTI [193] 2021  Teleoperation Raw Data Policy Learning Regression  Succ. Rate, Generalization Manipulation
Guo etal., 2022 [94] 2022 Observation Image Policy Learning Regression N/A N/A
HAMMER [68] 2005 Observation Image Bayesian Belief Regression  N/A N/A
Hayes etal., 2014 [56] 2014 Observation Image Active learning Execution Paths Lego Montage
HDT [1] 2022 Teleoperation Raw Data Sequence Model Regression  Acc. Reward UR3 Reaching, D4RL
IRIS [194] 2020 Teleoperation Raw Data Policy Learning Regression  Succ. Rate, Acc. Reward, Traj. Length Graph Reach, RoboTurk, Robosuite
Tjspeert et al., 2002 [31] 2002  Sensors on Teacher Sensor Data LWR i Error Tennis Swings
ILEED [95] 2022 Teleoperation Raw Data Policy Learning Ace. Reward Simulated Minigrid tasks
LazyDAgger [195] 2021 N/A N/A Policy Learning Ace. Reward, Interventions MuJoCo
Levine et al., 2016 [711 2016 N/A Image Policy Learning Regression  Distance, Suce. Rate, Error Manipulation
Levine et al. 2018 [196] 2018 Observation Image Policy Learning Regression  Failure Rate Manipulation Task
[971 2022 Teleoperation Raw Data Policy Learning Regression Acc. Reward, Suce. Rate OpenAl Gym MuJoCo, SimGlucose
LTSD [197] 2019 Teleoperation Raw Data Policy Learning, IRL Regression  Acc. Reward BiMGame, AntTarget, AntMaze
LIMD [30] 2015 Teleoperation Point Cloud Other Suce. Rate Pick Place, Towel Folding
Maeda et al., 2017 [511 2017 Kinesthetic Sensor Data Policy Learning Regression  Distance Error Manipulation Tasks
MAGIC [13] 2016 N/A A Policy Learning (OPE) Regression  Regression Error ModelFail/Win, Maze, Mountain Car, Cart
Max. Ent. IRL [18] 2008 Sensors GPS Data IRL Matching Path Following
MBPO [107] 2019 N/A N/A Policy Learning (OPE) Regression  Acc. Reward, Regression Exror MuJoCo
MERLION [106] 2021  Teleoperation Raw Data Policy Learning Classification ~ Acc. Reward Maze, Dialogue, Recommendation
MIR [198] 2021 Observation Image Policy Learning Regression  Succ. Rate MuJoCo, Manipulation
MOPO [109] 2020 Teleoperation Raw Data Model-Based Policy Learning ~ Regression  Acc. Reward D4RL
MOReL [108] 2020 Teleoperation Raw Data Model-Based Policy Learning Acc. Reward OpenAl Gym MuJoCo
Motion2Vec [199] 2021 Kinesthetic, Observation Robot Data, Image HMM Loss, Segmentation Accuracy, Noise Pick-and-Place, Suturing
[u2] 2018 N/A Policy Learning (OPE) Regression Error ModelFail/Win, Maze, Mountain Car, Cart
Miilling et al., 2013 [119] 2013  Kinesthetic Raw Data W Cost, Succ. Rate, Acc. Reward Tennis Swings
Multi-AMP [137] 2022 Observation Image Policy Learning Stand Duration 4 Legged Robot Movements
[200] 2022  Observation Image Policy Learning Suce. Rate PixMC
opT [153] 2022 N/A Raw Data Policy Learning Ace. Reward D4RL
Pan et al,, 2017 [201] 2017 Teleoperation Sensor data, Image Policy Learning Speed, Suce. rate AutoRally
PC-GMM [91] 2020 Teleoperation Raw Data GMM, GMR, RL Suce. Rate, Error Peg-in-Hole
PEMIRL [139] 2019 Teleoperation Raw Data IRL Ace. Reward MuJoCo
PI2-ES-Cov [53] 2020  Kinesthetic features from point cloud  Policy Learning Suce. Rate Simulated, Real Robot Manipulation
Pinto et al., 2016 [202] 2016 Observation Image Policy Learning Accuracy Manipulation Task
S [130] 2015 N/A N/A IRL Score Mounting Car 3d, Cart Pole, Mario
Recovery RL [203] 2021 Teleoperation Raw Data Learning Suce. Rate, Violations Simulated task, Real Robot
REPalR [204] 2020 Teleoperation Raw Data Policy Learning Acc. Reward, AUC, Accuracy Robot Reaching
Rhinehart et al., 2018 [205] 2018 Teleoperation Raw Data Model-Based Policy Learning ~ Regression  Succ. Rate, Classification Metrics CARLA driving simulator
RLID [124] 2015 Teleoperation Raw Data Policy Learning, IRL Regression  Acc. Reward Mario Al Cart Pole
RIS [206] 2021 N/A N/A Policy Learning Regression  Acc. Reward, Distance, Succ. Rate Navigation, Manipulation
RPL [207] 2019 Teleoperation Raw Data Policy Learning Regression  Succ. Rate MuJoCo
RUDDER [208] 2019 N/A Raw Data Policy Learning, IRL Regression  Acc. Reward Atari
Ruppel et al., 2020 [63] 2020 Sensors on Teacher Sensor Data Sequence Model Regression  Succ. Rate, Error Manipulation
S4RL [76] 2022  Teleoperation Image Policy Learning Regression  Acc. Reward D4RL, MetaWorld, RoboSuite
SafeDAgger [209] 2017 Teleoperation Raw Data icy Learning Regression  Score, Safety, loss TORCS Driving Car
SAILR [66] 2021 N/A N/A Policy Learning Regression  Acc. Reward, Constraints Point Robot, OpenAI Gym MuJoCo
SAM [138] 2019 Teleoperation Raw Data GAIL Regression  Acc. Reward MuJoCo
SCIRL [120] 2012  Teleoperation Raw Data IRL Classification ~ Acc. Reward Highway
Sepsis Treatment [210] 2017 N/A N/A Policy Learning Classification  Mortality MIMIC-3.
Silver et al., 2010 [17] 2010 Kinesthetic Raw Data LWR Regression  Cost, Loss, Distance, Speed Navigation
SMILe [75] 2010 Teleoperation Raw Data Learning Regression  Falls, Distance Mario Bros
SPiRL [211] 2020 Teleoperation Raw Data Policy Learning Regression  Succ. Rate D4RL
SQUIRL [140] 2020 Observation Image Policy Learning, IRL Regression  Succ. Rate Pick-Carry-Drop, Pick-Place
SRL-RNN [212] 2018 N/A N/A Sequence Model Both Estimated Mortality MIMIC-3.
SWIRL [213] 2019 Teleoperation Raw Data Policy Learning Regression  Acc. Reward RCCar, Acrobot
SWITCH [14] 2017 N/A N/A Policy Learning (OPE) Regression  Regression Error UCI data sets
TCC [148] 2019  Observation Image Representation Learning Classification Accuracy, Kendall’s Tau Pouring and Penn action data sets
TCN [3] 2018 Observation Image Policy Learning Regression  Alignment Error, Classification Error, Acc. Reward  Pouring
TD3+BC [164] 2021 Teleoperation Raw Data Policy Learning Regression  Acc. Reward 4RL
TPIL [214] 2021 Observation Image Policy Learning Regression  Alignment Error, Loss PyBullet, Minecraft
uer [70] 2014 Teleoperation Image Regressor/Classifier Both Score ALE
UDS [80] 2022 Teleoperation Raw Data Policy Learning Regression  Acc. Reward D4RL
visual MPC [215] 2018 Observation Image Model-Based policy learning ~ Regression  Regression Error, Succ. Rate, Manipulation Task
Weak Label LD [50] 2020 Teleoperation Sensor Data, Image Classifier Classification  Effort Manipulation
Yang et al., 2022 [216] 2022 i Raw Data Policy Learning, GAN Regression  Acc. Reward D4RL
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Table 3.5: Summary of the advantages and disadvantages of demonstration learning methods.

Diverse and flexible: can be combined with other paradigms.

Data efficiency: faster convergence from fewer data over reinforcement learning.
Performance guarantees: the method will at least be as good as the demonstrations.
Reduction of programming load: no need to program the model’s decision for every case.
Safety: the agent learns without interacting with the environment.

Simplification: demonstrate the task and estimate a policy with a SOA method.

Advantages

Creation of the data set: difficult to create large numbers of high quality demonstrations.
Disadvantages | Distributional shift: generalize from the data set or remain inside its distribution.
Quality of the data set: performance relies heavily on the demonstrated behavior.

78



Improving the Robustness of Demonstration Learning

Chapter 4

Tackling RL Policy Learning Problems with
DL

4.1 Introduction

RL has gained significant attention in recent years due to its wide range of applications
and flexibility. However, RL policy learning has a few disadvantages that restrict it to
simulation environments and prevent its application to real world scenarios. The main
disadvantage is its trial-and-error nature that can pose safety risks. Failed interactions
with a real world environment can lead to serious consequences that prevent policy learn-
ing altogether.

Another problem with policy learning is the context problem. We refer to context as the
set of characteristics that define the environment. For example, the background objects,
the illumination, and the camera position. Most policies are estimated under a single spe-
cific context, that is, under a fixed camera position, fixed background objects with their
fixed positions, and a fixed level of illumination, amongst other characteristics. Changing
any of these elements will likely occur in a real-world environment, which results in a
different context. Then, because the context is not the same as the one where the policy
was trained to perform, the policy will likely not be able to perform the task under this
new context. This problem is often ignored because the policy is trained and evaluated
in simulation or controlled real-world environments, allowing for the context to remain
unchanged. However, this problem severely limits the scalability of the policy to real ap-
plications where the context likely changes.

DL learns the policy using the demonstration data set. This means that the agent re-
mains safe during the learning process, because it does not interact with the environment
during training. However, the policies estimated with DL generally obtain worse perform-
ance than RL policies. This is because the demonstration data set is sub-optimal due to the
difficulty of collecting a data set that covers the entire state and action spaces, especially
in complex environments. In this chapter, we aim to augment RL’s policy learning with
the demonstrations of DL to tackle the two aforementioned problems without hindering
the performance of the estimated policy. We propose two novel methods: CLfD to tackle
the context problem and DEFENDER to tackle the safety problem. The next two sections
are dedicated to each method individually.
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Figure 4.1: CLfD framework: The data set of synchronized multi-view video pairs generates a set of
anchor-positive image pairs. The CNN encoder generates the respective feature embedding pairs. A
projection network maps the embeddings to the learning space where the loss is applied. The networks’
parameters are updated to maximize the agreement between the pair of features using the contrastive loss.
The embeddings can replace the images for viewpoint invariant representations in various tasks.

4.2 Multi-View Contrastive Learning from Demonstrations

RL algorithms have enabled human-robot collaboration. Although these methods can
be used to obtain a working policy and are computationally efficient, the set of visited
environment states present in the demonstrations is small, and they do not generalize
to scenarios unseen during the demonstration phase. Because of this, DL approaches
are frequently coupled with RL to extend the agent’s knowledge of the environment and
consequently increase its generalization capability.

However, such policies are trained under a static domain and will likely struggle to per-
form in other domains. Minor changes to the positions of the cameras, illumination, and
objects in the scene change the content of the images representing the state of the task.
Ideally, robots would extract task-relevant attributes from the images while ignoring the
irrelevant noise information also present in the images. Existing solutions include su-
pervised learning for tasks where humans can easily specify labels, such as object classi-
fication. Examples of possible attributes could be background, containers, and viewpoint.
However, most robotic tasks are too complex, and it becomes impractical to label every at-
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tribute for every state in the demonstration. Other solutions make use of metric learning,
which is computationally complex and makes the learning and inference processes slow
[254]. We alleviate these issues through the means of self-supervised and Contrastive
Learning (CL) [255]. We train an encoder on multi-viewpoint video demonstrations of
the robotic task, where time is the supervision signal. CL encodes the state images into

viewpoint-invariant representations.

This chapter presents a DL framework for extracting image embeddings that enhance
task-specific information while suppressing task-irrelevant noise. We show that the rep-
resentations can be applied to learn robotic tasks through standard RL algorithms using
a single demonstration to provide the reward signal. The proposed framework does not
require any prior knowledge about the task beforehand. We validate our method on the
publicly available Multi-View Pouring data set and a custom Pick and Place simulation
environment and data sets. The proposed model reaches equal performance while requir-
ing less training time when compared with other baselines. Additionally, ablation studies
were performed on different components of the method to identify the best configuration
and the contributions of the individual components.

The main contributions made by this work are the multi-view Contrastive Learning
from Demonstrations (CLfD) framework, which learns viewpoint invariant representa-
tions from demonstrations, the Pick and Place task environment in CoppeliaSim and the
respective multi-view demonstration data set for bench-marking RL and DL methods.

4.2.1 Proposed Approach

Algorithm 1 CLfD algorithm

1: Input: Contrastive data set D = {z,, =, }, batch size NV, training iterations 7, constant
7, encoder f, projector g.
: fori=1to I do

2

3 forbatch {4, ,zp,.} INn D do

4: hat:N = f('rat:N)

5: hpt:N = f(mpt:N)

6: Rap.N = g(hat:N)

7: zpt:N = g(hPtN)

8: foric {1,...,2N}and j € {1,....,2N} do

9: sij =2 zj/ (Izillll21)

10: end forN

11: L= Y102k — 1,2k) + €(2k, 2k — 1)]
k=1

12: Update f and g to minimize £ using Adam optimizer.

13: end for

14: end for

15: return f
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Our method applies CL [255] to multi-view DL and is represented in Fig. 4.1. CLfD
learns viewpoint-independent state representations by maximizing the agreement between
synchronized frames from different viewpoints in the embedding space using the contrast-
ive loss. We assume to have access to a demonstration data set where each demonstration
is captured from varying viewpoints and the frames of the different views are synchron-
ized. Frames from the same demonstration and timestamp but different viewpoints rep-
resent the same world state, we call these anchor-positive pairs. We want to obtain rep-
resentations that capture task-relevant features and ignore task-irrelevant ones. We do
this by encouraging the features from anchor-positive pairs to be close in the embedding
space through CL. Our framework is described in Algorithm 1 and is composed of three

modules.

A deep CNN encoder extracts the frames’ embedding vectors. The framework is flex-
ible and allows for changes to the network without requiring changes to the remaining
modules, as long as it ends with a fully connected layer outputting 1 x N feature vectors,
where N is the number of features each embedding vector should contain. We use vec-
tors with 32 features. We tested several network architectures to act as the encoder. We
present the results in section 4.2.2. The authors of SimCLR [143] found that using an ad-
ditional small nonlinear projection neural network was more beneficial than applying the
contrastive loss directly to the features. Therefore, we also used an MLP with a single hid-
den layer, with N neurons, as the projection network to project the features obtained from
the encoder to the space where the contrastive loss is applied. We project the features to
64-dimensional space.

Lastly, we apply the contrastive loss introduced in SimCLR [143] to the output of the
projection head. Originally the authors of SimCLR applied a set of transformations to
generate a positive pair from the anchor image. The multi-view data set directly provides
the pairs. We use this loss because it applies to contrastive prediction tasks without a
prior sampling of negative examples. Given a batch of anchor-positive pairs of size N,
{xki,z1;} where 0 < k < N, the contrastive loss aims to pair each anchor element z;
with its respective positive pair z; in the full set of elements {x; ox}. Instead of expli-
citly sampling negative examples such as in triplet learning, for each anchor image z;, the
remaining 2(/N — 1) images in the batch of size IV pairs act as negative examples relative
to the anchor. Not having to explicitly sample negative pairs corresponds to a significant
complexity reduction and performance advantage over methods that require it.

The loss function for a pair of anchor-positive examples (z,, ;) is [143]:

exp(sim(zq, 2p)/T)

U(zq, p) = —log— (4.1)

kZ Ljprqexp(sim(zq, 2k)/T)
=1
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Figure 4.2: The pick and place task environment in CoppeliaSim [2]. The 7-DOF simulated Panda arm must
first place its end-effector near the red box and close the gripper to pick it up. Then the robot must move its
end-effector above the goal position marked by a green plane and open the gripper, causing the box to fall
on top of the plane. Images are simultaneously captured from 5 viewpoints: first-person (camera attached
to the gripper), front, top, overhead, and right-side viewpoints. We use the environment to capture the
demonstration data set and to train the DDPG agent. In each new demonstration, the locations of the box
and the green plane are randomly changed.

where 1., € {0,1} is 1if k # a otherwise is zero, 7 is a temperature hyper-parameter
which we set to 0.5, and sim(a, b) is the cosine similarity between two vectors. Lastly, the
final loss £ used to update the parameters of the networks is the normalized temperature-
scaled cross-entropy loss (NT-Xent) [143] computed using the pair losses across the batch.

4.2.1.1 Pick and Place Multi-View Data Set

We created a custom Pick and Place task environment in CoppeliaSim [2]. The envir-
onment is composed of a 7-DOF Panda arm on top of a table. The arm must pick up the
red box and place it on the goal location marked by the green plane. Additionally, there
are five fixed cameras capturing observations from different viewpoints: one attached to
the robot, one in front, another above, one behind, and one on the right side of the robot.
The environment is represented in Fig. 4.3.

83



Improving the Robustness of Demonstration Learning

View 1 View 2 View 3 View 4 View 5

T

T2

Figure 4.3: Examples of stored views in the custom demonstration data set for the Pick and Place task
simulated in CoppeliaSim [2], captured from 3 timestamps. Each demonstration is captured from 5
different fixed viewpoints.

Using this environment, we then created a custom multi-view demonstration data set
for the pick-and-place task. The demonstrations are performed automatically by having
access to the position of the objects inside the simulation. With them, we obtain the joint
paths to pick and to place the box, using inverse-kinematics. We perform the path, and
after each transition, we obtain the images from each camera, as well as the robot’s current
joint angles and velocities and store them in the data set. The initial positions of the box
and stack are randomized in each demonstration.

The generated data set is composed of 150 demonstrations, a realistic size, smaller than
what is used in the literature [3, 140, 73], due to the difficulty of obtaining real demonstra-
tions. We select 100 demonstrations for training, 25 for validation, and the remaining 25
for testing. Unlike [73], we do not include failed demonstrations in our data set. Some
examples of views stored in the data set are presented in Fig. 4.3. This data set and our
code are available at https://tinyurl.com/mvclfdemos.

4.2.1.2 Intuition towards using CL for Demonstration Learning

Triplet learning has been successfully combined with DL to estimate a viewpoint invari-
ant space by pulling anchor-positive images closer while repelling anchor-negative images
in the space. The embeddings can then be applied to pose demonstration and RL tasks
[3]. However, it is a slow and complex method. It requires three images and the sampling
and frequent re-sampling of negative examples for each anchor-positive pair.
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CL has been applied to more traditional ML approaches, such as object classification
[143]. Typically the positive image is obtained from the anchor image through transform-
ations. Alternatively, in [4] the images are converted into Lab color space and the anchor-
positive images correspond to each channel. Then, the embedding space is estimated by
pulling the features from the generated images closer to the original image or another
image generated from a different set of transformations.

We avoid the downsides of triplet learning by replacing it with CL. Using synchronized
video pairs, we avoid the need to generate fake images and since both images are authen-
tic, we ensure they are contrasting in the viewpoint, causing the model to converge much
faster and the embedding space to be viewpoint invariant. Additionally, by using CL, we re-
duce the number of images from three to two compared to triplet learning. Consequently,
removing the need to sample negative examples reduces complexity and fastens the learn-
ing process. We use the (NT-Xent) contrastive loss to repel the features from images out-
side the anchor-positive pair in the embedding space, similarly to triplet learning,.

4.2.1.3 Using the features for RL

We show that the features obtained from our model can be used to learn a policy through
RL. The agent learns to pick up a box and place it on top of a plane using the embedding
obtained from the encoder as the state representations. The agent learns the task using a
single demonstration for guidance. The demonstration used for RL was not used during

training.

The RL problem is a standard MDP, defined by the tuple < S, A, R, T,y > [8], where S
is the set of states, A is the set of actions, R is the reward function, 7' is the state transition
function, and ~ is the discount factor. Each state is composed of the embedding vector
representation of the state image obtained from the encoder along with the robot’s joint
angles and velocities and binary gripper state. This ensures representation of both the
environment and robot states. The actions are the joint velocities and gripper state.

For multi-stage tasks, such as the Pick and Place task, we treat each stage as an in-
dividual task and train a policy for each stage to speed up convergence. The reward at
timestep ¢ is defined by how close the environment’s state embeddings are to the last
demonstration state embeddings for the respective stage:

R(t) = = f(set) — f(sag)l (4.2)

where f(s;) is the embedding of environment’s current state, while f(s4,,) is the last state
embedding for the stage ¢ in the demonstration. We set the discount factor v to 0.99.
We use an off-the-shelf RL algorithm, DDPG [256], to estimate the policy because it is
compatible with continuous action spaces and enhances it with HER [257] to speed up
convergence.
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Table 4.1: Comparison between the CLfD method with the TCN [3] and CMC [4] baselines using the
alignment error percentage metric, varying the encoding architecture and data set. Models were trained for
1000 epochs and using a batch size of 50.

Alignment Error [%]
TCN CMC CLfD
Resnet18 | 24.98 | 12.79 | 16.82

TCN 15.35 4.45 1.90
Resnet18 | 27.20 | 27.80 | 23.28
TCN 26.74 | 24.57 | 19.84

Data Set Encoder

PickPlace

Pouring

4.2.2 Experiments

In this section, we define the methods used to evaluate the framework, which helps to
understand the different design choices performed. We performed the experiments on a
machine equipped with an Intel i7 980 with 3.33 GHz and 6 cores, 24 GB of RAM, and an
Nvidia GTX 1080Ti GPU. We train the models using the Pytorch framework [258] and use
its builtin Resnet18 implementation. Use CMC [4] and TCN [3] baseline implementations
provided in their respective works.

4.2.2.1 Alignment Error

We compare the performance of our method with the TCN [3] and CMC [4] baselines us-
ing the alignment error metric, proposed in [3]. For the TCN baseline, the negative pairs
are randomly sampled. For the CMC baseline, we don’t perform the conversion into the
Lab color space because we can directly obtain the anchor-positive pairs from the data
set. The alignment error metric measures how well the model aligns the frames of syn-
chronized video pairs based on their embeddings. Simultaneously, it evaluates how well
the model approximates embeddings from concurrent frames and repels non-concurrent
embeddings. We test two different encoders on the two data sets. The alignment error
between two synchronized videos is:

N
AE(v1,v2) = ijin(HUli —vg[[)/N (4.3)
=1

where v;,; is the i-th frame of video vy, and NV is the total number of frames in each video.
First, we evaluate the framework on the publicly available Multi-View Pouring data set
[3], which contains 235 synchronized video pairs of a person demonstrating pouring li-
quids from one container to another. In each pair, one video is captured from a static
viewpoint while the other is moved around the task, capturing different viewpoints. Addi-
tionally, we used the custom demonstration data set for the pick-and-place task simulated
in CoppeliaSim [2].

The methods are trained on the data sets for 1000 epochs using batches of 32. All en-
coders are pre-trained on the ImageNet [259] data set. We calculated the alignment error
of the model using the validation set every 25 epochs and present the lowest value ob-
tained throughout training. We compare the performance of the Resnet18 encoder with
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Table 4.2: Classification accuracy, for determining the stage of the demonstration, is obtained from
evaluating an MLP with two fully connected layers on the Pick or Place classification data set’s test set. The
MLP is trained over the features obtained from a TCN encoder trained using the CL{D algorithm. The
accuracy is calculated for camera angles seen and unseen camera viewpoints during the training of the TCN
encoder. The MLP obtains near-perfect accuracy proving that the features are viewpoint independent.

ViewPoints Accuracy [%]
Seen 100
Seen + Unseen 99.41
Unseen 98.69

the TCN encoder from the baseline [3]. It is clear from Table 4.1 that CLfD outperforms
the TCN baseline in all four setups. With the custom Pick-and-Place data set, CL{D re-
duces the alignment error by over 8% using Resnet18 encoder and 13.45% using the TCN
encoder compared with the TCN baseline. For the real-world multi-view pouring data set,
CLfD reduces the alignment error by nearly 4% using the Resnet18 encoder and by 6.9%
using the TCN encoder.

CLfD outperforms the CMC baseline in three out of four setups. CLfD shows an align-
ment error lower than CMC by 2.55% when using TCN encoder, for the Pick and Place
data set, and by 4.52% and 4.73%, when using Resnet18 and TCN encoders respectively,
for the Pouring data set. CMC does outperform our method in the Pick and Place data set
when using Resnet18 encoder. However, we obtain a smaller alignment error by using the
TCN encoder. In fact, the TCN encoder outperforms Resnet18 in all setups, proving that
it can also be used in CL to encode viewpoint invariant features.

Lastly, we obtain an alignment error near the value of 18.8% for the multi-view Pouring
data set, which is the one presented by the baseline in [3]. However, this TCN baseline
encoder is trained on the multi-view pouring data set for 397 thousand iterations while
sampling negative examples. Therefore, our model converges in far fewer epochs, with
faster training and without a specialized algorithm for sampling the data.

4.2.2.2 Stage Classification

We use a variant of the labelled classification error as seen in [3, 73], which requires la-
belling different features for each frame. Instead, we classify the stage of the task from the
embeddings. The stage classification metric measures how well the model can disentangle
stage-related attributes from the features, proving that they contain valuable information
to be used in a real robotic task. We reorganized the Pick-and-Place demonstration data
set into a classification data set. The new data set is organized into two classes, pick and
place. Each class contains the exact number of images, totalling 4000 examples. The im-
ages are evenly distributed amongst the five cameras. A TCN encoder is first trained on
the multi-view Pick-and-Place data set using the CLfD algorithm. The encoder generates
the features from the images of the classification data set. The features are forwarded to
an MLP with two fully connected layers. The MLP is trained for 500 epochs. We evalu-
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Figure 4.4: Accumulated reward by the DDPG agent over 3000 episodes when trained using CLfD, CMC
and TCN encoders with TCN network [3] as the backbone for learning the Pick stage of the Pick and Place
task in the simulated environment.

ate the accuracy of the MLP for predicting the correct stage from the features using 200
unseen test images.

We also test whether the features are viewpoint independent by comparing the MLP’s
performance when trained on viewpoints not seen by the encoder during its training. The
encoder was trained on images captured by three specific cameras. We refer to these as
seen viewpoints. The images captured by the remaining two cameras are from unseen
viewpoints. Table 4.2 shows that the MLP obtains near-perfect results even for images
captured from unseen viewpoints during the training of the encoder. These results show
that the encoded features are viewpoint independent and therefore can be used in real
robotic tasks to encode the state image into a feature vector regardless of the viewpoint
from where the image was captured.

4.2.2.3 Reinforcement Learning

Lastly, we determine whether the embedded features can replace the state as viewpoint
invariant representations for RL tasks as well as if they can be used to provide rewards, by
evaluating the accumulated rewards over time. The RL agent described in section 4.2.1.3
is trained using the CLfD encoder with the TCN architecture as the backbone, trained on
the Pick-and-Place data set. The agent must solve the Pick and Place task. Because it is
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a two-stage task and we’re using the DDPG algorithm with sparse rewards, we split each
stage of the task into individual tasks for faster convergence. The agent must learn a policy
for each stage. The agent is trained for 3000 episodes, after which the agent learns each
stage. The accumulated reward after each episode, for the pick stage, is calculated and
shown in Fig. 4.4. An identical graph is obtained for the place stage.

We compare the performance of the agent using the CLfD encoder’s features with the
performance obtained when using the features obtained from the encoder trained with
the TCN and CMC baselines. The agent is not able to learn the task when using the fea-
tures of the baselines. Particularly, the TCN agent still performs random actions after the
3000 episodes. CMC gets close to picking up the box and to placing the box but fails by
a small misplacement of the gripper. The results show that: the performance of TCN [3]
is dependent on the efficient sampling of negative pairs and that CLfD’s features can be
used to learn this type of task with a smaller computational effort. This further cements
that the proposed framework is able to learn an embedding space capable of representing
the environment’s state and that such representations can be used directly as a replace-
ment of the state image for the agent’s input as well as for guiding the agent through the
learning process by providing the rewards.

4.3 DEFENDER: DTW-Based Episode Filtering Using Demon-
strations for Enhancing RL Safety

RL [8] enables agents to learn how to behave in an environment through trial and er-
ror, but safety concerns have limited RL deployments to simulations. Ensuring safety in
unknown environments remains a challenge in RL, particularly in safety-critical domains
such as healthcare and autonomous driving. To address these issues, safe RL studies the
RL problem subject to certain constraints, with the agent aiming to maximize task reward
while limiting constraint violations. However, deploying agents with complete knowledge
of the environment to perform their tasks is unrealistic. Alternatively, in DL the agent
learns from expert demonstrations without direct environment interaction. However, the
quality of the data set plays a crucial role in the performance. Due to the difficulty of col-
lecting a demonstration data set that covers the entire state space, pure DL policies often
underperform compared to RL policies.

In this chapter, we propose a novel task-agnostic algorithm that enhances existing RL
algorithms by promoting safety during interactions with the environment. Our algorithm
uses a small data set of good and bad demonstrations to filter unsafe actions, terminate
episodes with unsafe trajectories, and encourage the agent to explore different trajectories.
We conduct ablation studies to evaluate filtering strategies and demonstrate the utility of
our method on four tasks from OpenAI’'s MuJoCo environment. Our contributions in
this work are: (1) enhancing RL algorithms with safety filtering, (2) performing ablation
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studies on filtering strategies, (3) demonstrating the utility of our method on OpenAI’s

MuJoCo tasks, and (4) providing the code implementation:
https://github.com/meowatthemoon/DEFENDER.

4.3.1 Proposed Approach

Algorithm 2 RL loop with DEFENDER enhancement

1: Input: Policy 7; Memory 3; Dynamics #; Constant R;,;; Alignment cost functions:
Safe,Unsafe; Task environment Env.
2: while EPISODE not DONE do

3 a < m(s)
4: TUsor (s,a)
5: if Safe(r) < Unsafe(r) then
6: s',r,done = Env(a)
7 else
8: s',r,done = 0(s,a), Regsk, True
9: end if
10: B« (s,a,r,s")
1 Optimize = and 6

12: end while
13: return 7

We propose DEFENDER: DTW-Based Episode Filtering Using Demonstrations for En-
hancing RL Safety, a method to improve the safety of any RL algorithm during learning
by leveraging limited demonstration data sets without task-specific constraints. The al-
gorithm keeps track of the current trajectory which is either the sequence of states or state-
action pairs. We performed ablation studies to evaluate the type of trajectory which res-
ults in better performance. We assume access to a demonstration data set D g0 = {7}
containing N demonstrations, where N > 1 is potentially a small number that would not
suffice for demonstration learning. The data set must contain both safe and unsafe tra-
jectories. Unsafe trajectories terminated due to reaching unsafe states. Safe trajectories
do not have to be perfect but must avoid unsafe states.

DEFENDER measures the alignment cost of the current trajectory at every step with
each demonstration from both groups using the DTW algorithm. If the trajectory aligns
better with the unsafe group the episode is terminated and the agent is discouraged from
re-sampling this trajectory. If the trajectory is terminated, the agent must be encouraged
not to sample the same action that would have caused termination for the state. Otherwise,
the agent will try again. A negative reward is assigned to discourage sampling the same
action again. We use the lowest reward from the reward function of the respective task.

RL algorithms use the next state to perform temporal learning. Since the filtered action
is not performed, the agent does not transition to the next state. We propose predicting the
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next state using a dynamics model py(s¢11 | s¢, ar). The dynamics model is a simple fully-
connected feed-forward network with two hidden layers parameterized by 6 trained with
L2 loss to imitate the true transition function of the MDP. DEFENDER is summarized in
Algorithm 2.

4.3.2 Filtering Strategies

We evaluated different filtering strategies for DEFENDER. One compares the current
trajectory with the complete demonstration. A second compares the trajectory with the
demonstration using an equal length window. For instance, if the current trajectory has
length L, we compare the trajectory with the last L transitions of the demonstration. We
also test using a fixed window of 5 and 10 transitions applied to only the trajectory, the
demonstration and both. After computing the cost between the trajectory and each demon-
stration, we obtain a set of values for each group. We test selecting the minimum, max-
imum and average value from each set. This results in 24 methods to compare the traject-
ory with a group of demonstrations. We can use one method to compare the trajectory
with the safe demonstrations and another method to compare it with the unsafe demon-
strations, resulting in 576 filtering strategies.

To determine the best filtering strategy, we trained a SAC agent on three tasks and saved
the transitions of the episodes. We simulated how the agent would perform the episodes
with each strategy. For each episode, we measured its length with the filter active and
divide it by the length of the episode without the filter. We also determined if the filter
prevents a crash. At the end, we obtained the average episode length percentages and
multiplied it by the safe episode rate. We ranked the strategies by the average score for
the three tasks, and selected the top 5 strategies for both state and state-action trajectories.

4.3.3 Experiments

In this section, we evaluate the effectiveness of our method in enhancing the safety of
the underlying RL algorithms, SAC [165] and TD3 [260]. We selected three tasks from
OpenAl Gym: Hopper, Inverted Double-Pendulum, and Walker2d. The episode horizon
for these tasks is 1000 steps, but an episode can end early if the agent reaches an unsafe
state, leading to a crash if the transition was not filtered. We measured the performance
and safety of RL agents by accumulated reward and crash rate, respectively. Agents were
trained for 5000 episodes, and each experiment was repeated three times for seed de-
pendency. We used a learning rate of 374, batch size of 256, and all the networks have 2
hidden layers with 256 neurons each. We used 50 demonstrations for both safe and un-
safe groups, obtained by training a SAC agent and generating a demonstration after every
episode. These tasks are non-visual, however DEFENDER can be applied to visual tasks
by utilizing an image encoder to convert images into features.

We trained SAC and TD3 agents with and without our algorithm, using the top 5 filtering
strategies from the ablation study for both state and state-action trajectories. Results are
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Table 4.3: Performance, safety and computation time of SAC and TD3 agents enhanced with our algorithm
using different filters for state trajectories.

Algorithm Hopper InvertedDoublePendulum Walker2d
AccReward % Crash % Time | Acc Reward % Crash % Time | AccReward % Crash % Time

SAC 3474+85.0 64+6.0 100 9359+0.2 14+2.7 100 3326+254.6 40%4.0 100
MinDemoW5 MinDemoW10 50+4.0 3+0.2 143 9357+1.5 1+0.2 144 4149+106.3 3+0.6 157
MeanBothWs MeanBothWs 3557+50.8 9+0.3 119 9357+0.7 21+0.6 121 4178+53.7 8+0.3 122
MeanBothWio  MeanBothWio 3500+16.4 8+o0.7 138 9357+0.3 20+0.8 141 4215+76.9 124+0.5 150
MeanDemoWs5 MeanDemoW1o | 3600+11.9 11+0.8 143 9357+0.6 22+1.5 144 4281+23.2 13+0.1 156
MinDemoW1o0  MinDemoW10 1+0.0 0+0.0 152 9356+1.5 1+0.0 157 3998+105.1 3+0.4 168

TD3 2561+1311.6  93+9.9 100 9355+0.2 47+7.9 100 4783+230.9 35+8.2 100
MinDemoW5 MinDemoW10 49+9.9 8+1.7 198 9353+0.4 2+0.2 184 4978+119.1 6+t2.5 221
MeanBothWs MeanBothWs 3652+67.4 16+1.9 143 9352+1.4 62+3.3 139 5122+30.3 13£4.1 147
MeanBothW1io  MeanBothWio 3690+55.2 14+1.0 188 9352+1.1 55+0.5 177 5159+102.0 15+3.0 204
MeanDemoWs MeanDemoW1o | 3821+47.1  15+0.2 198 9351+0.5 58+1.5 184 5263+138.4 18+2.0 218
MinDemoW10 MinDemoW10 1£+0.0 0+0.0 219 9350+0.9 3t0.5 208 4571£67.5 5+1.6 242

Table 4.4: Performance, safety and computation time of SAC and TD3 agents enhanced with our algorithm
using different filters for state-action trajectories.

Algorithm Hopper InvertedDoublePendulum Walkerad
AccReward % Crash % Time | Acc Reward % Crash % Time | Acc Reward % Crash % Time
SAC 3474+85.0 64+6.0 100 9359+0.2 14+2.7 100 33261+254.6 40%4.0 100
MeanBothWs MeanBothWs 3475+17.7 9+0.8 119 9357+0.5 21+1.4 120 4207+32.8 11+1.0 123
MeanBothWio MeanBothWio | 3486+17.0 8+0.1 141 9356+0.2 21+1.0 141 42611+13.0 141+0.4 155
MinTrajWs MinTrajWio 1+0.0 0+0.0 1119 8+0.0 0+0.0 728 -4+0.0 0+0.0 1642
MinBoth MinTrajWio 3602+0.0 53184 602 201+4.3 1+0.1 196 3878+0.0 24+4.3 824
MinBoth MinTrajWs 3443+13.1 11+0.2 460 189+19.2 1+0.2 179 3944+91.7 29+9.2 621
TD3 2561+1311.6 93+9.9 100 9355+0.2 47+7.9 100 4783+230.9 35+8.2 100
MeanBothWs MeanBothWs 3645+29.8 14+1.1 143 93511+0.9 59+12.8 139 5196+55.0 17+2.4 149
MeanBothWio MeanBothWio 3651+£35.1 15+1.5 193 9351+0.3 58+5.2 178 5253+78.2 17419 216
MinTrajWs MinTrajWio 1+0.0 0+0.0 2442 8+0.0 0+0.0 1297 -4+0.0 0+0.0 3345
MinBoth MinTrajWio 3759+0.0 60+0.3 1253 204+7.5 0+0.0 282 4991+0.0 13+2.2 1623
MinBoth MinTrajWs 3849+0.0 68+0.3 928 167+0.0 0+0.0 251 5220+37.3 13+3.4 1196

shown in Tables 4.3 and 4.4. Our algorithm incurs extra computational cost which we
present in the tables. Overall, both SAC and TD3 agents vary consistently across filtering
strategies for the same task. Results show that state trajectories are preferred over state-
action trajectories. Not only are they less computationally expensive, but they consistently
lead to far fewer crashes for the same task and filtering strategy. Some filtering strategies
are too strong and prevent the agent from interacting with the environment and learning
the task. Those that allow the agent to interact with the environment lead the agent to the
same performance in the case of InvertedDoublePendulum and to higher performance in
the case of Hopper and Walker. More importantly, the crash rate is significantly decreased
with some exceptions in the InvertedDoublePendulum task. With an appropriate filtering
strategy, DEFENDER is able to significantly reduce the crash rate. However, selecting a
good filtering strategy for the task may require some trial and error.

Table 4.5: Performance and safety of SAC agent with DEFENDER using and MeanDemoW5 and
MeanDemoW:1o0 filters, varying number of demonstrations.

#Demonstrations Hopper InvertedDoublePendulum Walkerad
Acc. Reward % Crash | Acc. Reward % Crash | Acc. Reward % Crash
10 3541+25.2 16+0.8 9356+0.2 22+2.1 4225+46.2 1440.9
20 3529+13.5 13+1.1 9356+0.8 22+1.7 4259+26.6 13+1.1
50 3600+11.9 111+0.8 9357+0.6 22+1.5 4281+23.2 13+0.1
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Lastly, we evaluated the impact of the number of demonstrations on the performance
by training an agent with DEFENDER using 'MeanDemoW5’ for the safe set, and 'Mean-
DemoW10’ for the unsafe set as the filtering strategy, varying the number of demonstra-
tions. Results are shown in Table 4.5. DEFENDER is able to increase the agent’s safety
with small data sets, and it can be further improved by increasing the demonstration data

set size.

4.3.4 Conclusions

This chapter introduced two methods that combine RL with DL to tackle the limitations
of RL policy learning. Specifically, we tackled the context problem and the safety problem.
The context problem of RL is that policies trained under one context fail at inference time
if the context information changes. The safety problem is the main factor restricting RL
to simulation environments and preventing it from being applied to real-world applica-
tions. This is because the policy is estimated using trial and error interactions with the
environment. However, failed interactions can lead to catastrophic consequences in the
real world, hindering the learning.

First, we presented a framework that uses contrastive learning to obtain viewpoint-
invariant state representations from demonstrations. The representations are obtained
by contrasting semantically aligned frames from different viewpoints. The semantic align-
ment is ensured by synchronizing video demonstrations, as is done in [3, 73].

We carefully studied different backbones for the encoders and showed the effects of dif-
ferent design choices. We showed that our framework can correctly align frames between
two viewpoints and with fewer training iterations than triplet learning while being lighter
to compute and more straightforward to organize the data. We also created a DL data
set that can be used to explore other approaches and compare them against our proposal.
Lastly, we showed that the representations contain information that can be used for clas-
sification purposes and provide a reward function within a RL algorithm to learn a manip-
ulation task. This method can be extended to obtain policies invariant to other types of
contextual information such as illumination and background objects through the creation
of a demonstration data set where the same state information is captured using multiple
images where this information varies.

Next, we introduced the second method in this chapter, the DEFENDER algorithm.
This proposed algorithm can be integrated with any RL algorithm for improving the safety
of agents during learning. Ablation studies helped identify effective filtering strategies,
which we evaluated on state-of-the-art RL algorithms and multiple tasks. The results
demonstrate significant enhancement in the safety of the learning agent while maintain-
ing or improving performance. However, there is room for improvement, as the filtering
strategy may be overly protective for certain tasks, requiring many iterations to select an
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appropriate strategy. Our work highlights the potential of using demonstrations for task-
agnostic enhancement of RL algorithm safety.

In the next chapter, we focus on improving the sequence modelling methods in DL by
removing the need for a user specified hyper-parameter.
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Chapter 5

Hierarchical Sequence Models

5.1 Introduction

RL [8] has showcased remarkable prowess across a broad spectrum of robotic tasks,
ranging from object manipulation like pushing and grasping to complex navigational chal-
lenges such as path finding and locomotion [261, 262, 206]. However, the inherent trial-
and-error nature of online learning, crucial for estimating policies in large state and action
spaces, poses a substantial cost in real-world applications. Furthermore, the process of
learning a policy through online RL requires the crafting of a tailored reward function
specifically designed to guide exploration. This requirement adds another layer of com-
plexity to the problem, due to the difficulty of devising a function that comprehensively
covers the entire state and action spaces.

DL emerges as a promising solution to unlock RL’s full potential by circumventing both
the need for active engagement with an online environment and the creation of a reward
function. By leveraging pre-existing demonstration data sets, DL offers a pathway to ef-
fective and generalizable policy learning [96]. Specifically, BC formulates the problem of
learning the task as a supervised learning problem to imitate the policies represented in
data set.

Because the demonstrator was optimizing a reward function, the data set can be used
in lieu of a reward function. However, the performance of the agent is dependent on the
quality of the data set which is often sub-optimal, unstructured, and diverse due to the
difficulty of collecting data. One way to utilize unstructured prior experience is to identify
key states that contributed to the success of the trajectory. Hierarchical models are used
to solve this issue, where a high-level model identifies sub-goals that the low-level model
must reach, guiding it to the final goal and consequently solving the task.

Sequence models have revolutionized many NLP tasks. Specifically, Transformer mod-
els have sparked a paradigm shift across various ML domains and have initially been ap-
plied to RL in the form of DT [14]. DTs cast RL problems into sequence modelling, em-
powering agents to assimilate a series of past interactions rather than a single observation,
allowing them to make more informed decisions. However, the reward sequence is what
guides the agent through the task. The performance of these models relies on the spe-
cification of the value of desired accumulated rewards as well as dense reward functions.
However, the value of the desired accumulated rewards is non-trivial to determine and
can not be arbitrarily high.
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In this chapter we propose two sequence modelling methods that improve upon the
state-of-the-art DT. First, we propose the HDT method that replaces the need for user in-
teraction and task knowledge by identifying sub-goal states in the data set that guide the
agent through the task. We show that these sub-goals can replace the sequence of returns-
to-go at guiding the agent, causing the model to be task and user independent while im-
proving performance. Then, we propose a second method that replaces the Transformer
architecture of HDT and DT with the Mamba architecture. This change in architecture fur-
ther improves task performance and inference time, while simplifying the overall model
architectures.

5.2 Hierarchical Decision Transformer

‘ St ‘ Sgt-1 ‘ St ‘
I ! v

High-Level Mechanism —l

‘ St ‘ Sgt-1 ‘ At1 ‘ ‘ St ‘ Sgt
| | ] }
Low-Level Controller

=N

Figure 5.1: The HDT framework. The high-level mechanism guides the low-level controller through the task
by selecting sub-goal states, based on the history of sub-goals and states. The low-level controller is
conditioned on the history of past states, sub-goals, and actions to select the appropriate action. By

reaching each sub-goal, the controller gets closer to completing the task.

We propose the Hierarchical Decision Transformer (HDT), a dual decision transformer
architecture that scales transformers in DL to tasks with long episodes and removes the
need for the specification of desired rewards by a user. We propose a method for select-
ing sub-goal states from the demonstration data set. The high-level transformer predicts
key sub-goal states, identified from the demonstration data set, based on the sequence
of prior states. The low-level transformer is conditioned on the sequence of sub-goals to
perform the task. By successfully reaching each sub-goal, the agent completes the task.
Unlike the state-of-the-art DT [14], the HDT does not require any prior task knowledge
and user interaction. We conduct experiments on several tasks from D4RL, OpenAl Gym,
and RoboMimic benchmarks. Our results show that the performance of the DT is depend-
ent on the careful specification of desired rewards. We show that the HDT successfully
replaces the need for specifying desired rewards with the added benefit of an increase in
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performance, particularly in long tasks or environments with sparse rewards, when com-
pared with the state-of-the-art.

Summary of Contributions:

1. We present the HDT, a dual transformer framework that enables offline learning
from a large set of diverse and sub-optimal demonstrations by selectively selecting
sub-goal states from the data set.

2. We present a method for sampling sub-goal states from a trajectory. Experiments
show that the sequence of sub-goals can guide the agent through the task in place of
the sequence of returns-to-go.

3. Weevaluate the HDT on ten environments and data sets from the D4RL[5], OpenAl
Gym [6] and RoboMimic [7] benchmarks. We also validate the HDT on a reaching
task using a physical robot. Our method outperforms the original DT baseline, espe-
cially in tasks with longer episodes, proving that the sub-goal sequence can replace

the reward function. The code can be found at https://github.com/meowatthemoon/HDT.

Algorithm 3 HDT training algorithm.

1: Input: Demonstration data set D = {7, ..., 7x}, batch size B, token size K, train-
ing iterations /, high-level mechanism 4, low-level controller 7y, sub-goal selection
method f.
for:=1toIdo

S, a, t, sg, mask < Sample B sequences from D.

sg' < my(s, sg, t, mask), obtain sub-goal predictions.

Update ¢ by minimizing L(sg, sg’).

a' + my(s, sg, a,t, mask), obtain action predictions.

Update 6 by minimizing Ly(a, ).
end for
return my, T @

L PN 2o h @

5.2.1 Overview

We present the HDT, represented in Fig. 5.1. The HDT is a hierarchical BC algorithm
that improves the performance of transformer methods in DL, improving their robustness
to tasks with longer episodes and/or sparse rewards, without requiring task knowledge or
user interaction currently present in the state-of-the-art.

Here we first provide an overview of the HDT and the motivation of each component.
We split the decision-making process of the agent into a high-level mechanism that sets
sub-goal states for a low-level controller to try and reach. We use the GPT 2 [20] trans-
former architecture, the same used by the DT [14], for both the high-level mechanism
and the low-level controller. The high-level mechanism is conditioned on the state se-
quence and aims to produce sub-goal states for the low-level controller to reach, guiding
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it through the task. The low-level controller is conditioned on the sequence of sub-goals
produced by the high-level model to predict the correct action.

The algorithm learns solely from demonstration data present in a data set. The data
set is first processed, where for each state, a sub-goal state is selected from the trajectory
using the sub-goal selection algorithm we present. The original transition is then augmen-
ted with the selected sub-goal state. Then, both the high-level mechanism and low-level
controller are trained simultaneously using the sampled batches of sequences. The high-
level mechanism receives sequences of the previous states and sub-goals and tries to pre-
dict the next sub-goal state in the sequence. The low-level controller receives sequences
of the previous states, sub-goals, and actions, and tries to predict the next action in the
sequence. Because both models are transformers, they also receive the sequence of time
steps and the mask for positional encoding and to hide the future tokens from the decoder,
respectively.

The complete training loop is provided in Algorithm 3. We encourage training both
models simultaneously to avoid repeating steps, such as batch sampling. However, be-
cause both models do not rely on data produced by the other to learn, they can be trained
sequentially. Next, we further explain each component.

5.2.2 Sub-Goal Selection

Our method requires sequences of states, actions, time steps, and sub-goals. To obtain
these sequences, it processes the demonstration data set before training. The sequences
of states, actions, and time steps can be directly extracted from the data set. However,
the sub-goal sequences are not explicitly present in the data set and must be inferred. We
define sub-goals s¢g in regards to the current state s; as later states in the trajectory, which
are highly valuable for the agent to reach. These states should mark milestones in the
trajectory which when reached sequentially, would make it highly probable that the agent
successfully performs the task.

Using this definition, the sub-goals guide the agent through the task, meaning they have
the same purpose as the returns-to-go. Therefore, we replace the returns-to-go sequences
with the sub-goal sequences. This way, the user does not need to iterate over the value
of the desired returns for each task in order for the method to perform. Additionally,
it replaces null rewards in tasks with sparse rewards, consequently improving the learn-
ing process. We perform experiments to show that the original DT is dependent on the
returns-to-go sequences to learn and that the value of the desired returns is important.

By our definition, a sub-goal state sg has a high value for the success of the trajectory.
We can model this behavior by finding a future state s; in the trajectory with high values
of accumulated rewards since the current state W (s;) = Zi: i+1 Tk However, this would
always prioritize the last states of the trajectory. To encourage selecting states close to
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the current state, we divide the accumulated rewards by the distance between the states:

Wi(sj) = gc:i—&-l erkz

The weighted average of the accumulated rewards in a sub-trajectory identifies sub-goal
states that have correctly completed a part of the task resulting in a significant reward,
without always selecting far away states, by punishing the length of the sub-trajectory.
For each state-action pair, we select the state with the highest associated weight to be the
sub-goal. The result is a data set of M trajectories D = {1, ..., 7as }, where each trajectory
7; = {(si,ai, sgi),i € N}, where N is the length of the trajectory.

5.2.3 Low-Level Controller

The low-level controller is a goal-conditioned transformer 7. Similar to DT [14], we
model the demonstration trajectories as sequences of tokens for the transformer to learn
from. The low-level controller receives sequences of states, actions, and sub-goals and
tries to predict the next action. During training, sequences of size K are randomly sampled
in a batch from the enhanced data set, where K indicates the number of tokens in a se-
quence. The low-level transformer is trained to minimize the BC loss:

%(St:t+K,at:t+K>59t:t+K) = ||at:t+K - We(St:t+K>at:t+K,59t:t+K)|| (5-1)

In practice, this corresponds to calculating the mean squared error between the gener-
ated action and the action in the data set. For each sequence, the model also receives the
respective token time steps for positional encoding and a mask to hide the future tokens
from the decoder. We do not include them in the formulas for simplicity. At test time, the
sequences are built by keeping a history of past states, actions, and time steps from the
environment and past sub-goals selected from the high-level mechanism. Hence, the new
sequence model does not require any task knowledge to be provided by a user.

5.2.4 High-Level Mechanism

The high-level mechanism chooses sub-goal states for the low-level controller to try
and reach. It is a state-conditioned transformer 7,. The high-level mechanism receives
the sequence of states, past sub-goals, time steps, and a mask. The mechanism aims to
predict the next sub-goal state which will help the low-level controller succeed in the task.
During training, the high-level mechanism is trained to minimize its own BC loss:

%(St:t+K, SOtt+K) = ||SGrt+K — 7T¢(3t:t+Ka sgrerr)| (5.2)

In practice, this corresponds to calculating the mean squared error between the gener-
ated sub-goal state and the ground-truth sub-goal state in the data set.
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Table 5.1: Maximum accumulated returns of the original DT and of a DT variant without the desired returns
input sequence trained for 100 thousand iterations.

Desired Original DT w/o
Task Data Set Return DT Desired Returns

2655 5095 47

Half-Cheetah  medium 5309 5092 47
10000 4953 47
1611 2303 300
Hopper medium 3222 2557 300
10000 2036 300

2 2.4 1.0

Kitchen complete 4 2.5 1.0
10000 2.1 1.0

2113 3619 149

Walker-2D medium 4227 3711 149
10000 3100 149

5.2.5 Experiments

In this section, we evaluate the performance of the HDT and compare it with the state-
of-the-art method, DT [14], and BC baseline. We evaluate the models on ten tasks from
OpenAl Gym [6], D4RL [5] and RoboMimic [7] benchmarks. The tasks range from short
episodes to long episodes and from frequent rewards to sparse reward settings. We train
the algorithms on the different data sets provided by the benchmarks for each task. For
the DT, we first find the maximum accumulated returns collected by a trajectory in the
demonstration data set. We then set the desired returns to this value and also to half,
following the original tests of the DT. We train each model for 100 thousand epochs, us-
ing batch sizes of 64, a learning rate of 1e~#, and a sequence length of 20 tokens. To
reduce the impact of outliers and because the episodes are seed-dependent, for every one
thousand epochs we validate the model on 100 episodes and calculate the average accu-
mulated rewards. In the tables, we present the highest average accumulated rewards seen
throughout the 100 thousand epochs.

5.2.5.1 Does the DT rely on desired returns?

One of the motivations of our work is to remove the requirement of specifying the value
of the desired returns in transformer models in DL, which is present in the state-of-the-
art, the DT. We first need to know whether the DT truly depends on the returns-to-go
sequence to perform or if they can simply be removed from the model’s input. Table 5.1
shows the accumulated returns obtained by the original DT model and by a DT model
variant without the desired returns sequence. For the original DT, we set the value of
the desired returns for the task to the maximum value of accumulated rewards present
in the data set and to half of this value. We also set the value of the desired return to an

arbitrarily high value, for example 10000.

The results in Table 5.1 show that the DT model is dependent on the returns-to-go se-
quence to perform. Removing them prevents DT from learning the task. Additionally,
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Table 5.2: Maximum accumulated returns of the HDT and of a HDT variant including the desired returns
input sequence trained for 100 thousand iterations.

Desired HDT with
Task Data Set Return HDT Desired Returns
Half-Cheetah  medium 2655 5205 5004
5309 5205 5002
Hopper medium 1611 3071 1213
3222 3071 1198
KitChen Complete 2 2.6 2.1
4 2.6 1.4
Walker 2D medium 2113 3879 3645
4227 3879 3516

it also shows that the value of the desired returns is not obvious. Because the DT only
reaches the desired return of half of the maximum value on the kitchen task. Then, when
doubling the value of the desired returns, it only slightly increases the performance. Lastly,
when using an arbitrarily high value, the DT underperforms. In conclusion, the value of
the desired returns is crucial for the performance of the DT model while being non-trivial
to determine. This means that the state-of-the-art transformer model in DL relies on task
knowledge and user interaction to perform.

5.2.5.2 Does the HDT replace the need for desired returns?

Next, we test whether the high-level mechanism, by selecting sub-goals, replaces the
need for the sequence of desired returns, in regards to guiding the agent through the task.
We test this hypothesis by adding the sequences of desired returns as an extra input to
the low-level controller and compare the performance with our base method without this
extra input. Similarly to the previous experiment, we test the performance by setting the
value of the desired returns to the maximum accumulated reward present in the data set
and to half of this value. Table 5.2 shows the accumulated returns obtained by our base
HDT model and by the HDT model variant with the extra sequence of desired returns.

The results show that the HDT performs slightly better without the desired returns se-
quence. This means that the high-level mechanism is able to output sub-goal states from
the history of past states. Moreover, such generated sequences are capable of guiding
the low-level controller through the task successfully replacing the need for the sequence
returns-to-go. Consequently, the HDT removes the requirement for external knowledge
about the specific task present in DT.

5.2.5.3 Baseline Comparison

Next, we compare the performance of the HDT on ten tasks against the DT and the BC
baselines and present the results in Table 5.3. For BC, we used an MLP with two fully
connected layers. Because the three methods clone the behavior present in the data set,
their performance is limited by the quality of the demonstrations. Hence, we include the
average accumulated rewards collected by the demonstrator in the data set. The HDT
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Table 5.3: Maximum accumulated returns of the HDT compared to the DT and BC baselines. We test the
models on ten tasks from D4RL [5], OpenAl Gym [6], and RoboMimic [7] benchmarks and varying
demonstration data sets.

Task Data set Data Avg. BC DT HDT
expert 4621 5261 5319 5365
Ant medium 3051 3952 3943 3993
replay 390 3244 3624 3325
cloned 304 -53 758 275
Door expert 2015 -53 3053 3056
human 796 363 459 338
expert 10656 10549 10984 11092
Half-Cheetah  medium 4770 5198 5095 5205
replay 3093 0 4567 4412
cloned 786 -202 118 775
Hammer expert 12393 16399 16492 16507
human 3072 50 -68 3115
expert 3511 3467 3626 3654
Hopper medium 1422 1969 2557 3071
replay 467 1017 2762 1169
complete 325 0.8 2.5 2.6
Kitchen mixed 302 0.6 2.1 2.7
partial 255 0.6 2.7 2.7
large 2 126 31 145
Maze 2D medium 4 37 68 188
open 6 72 57 75
umaze 7 49 54 228
cloned 3334 1561 3716 3961
Pen expert 3297 2540 4551 4696
human 6326 867 3606 3897
cloned 1223 3 50 58
Relocate expert 4329 3730 4697 4624
human 3674 232 35 35
expert 4921 4261 5063 5065
Walker 2D medium 2852 3723 3711 3879
replay 896 876 3627 3325
Count: 1 8 23

outperforms the baselines in twenty three out of thirty one settings. This means that our
method successfully improved upon the original DT in raw performance while also remov-
ing its dependency on desired reward specification, making it task-independent. Partic-
ularly, the Maze 2D constitutes a task with sparse rewards where on average 90% of the
transitions receive no reward. Similarly, in the kitchen task, the agent only receives a re-
ward after completing each of the four sub-tasks. However, the data sets for the Kitchen
task are augmented to include extra rewards. The HDT vastly outperforms the baselines
in the Maze 2D task and also outperforms the baselines in the kitchen task. This shows
that the sequence of sub-goals provides a stronger guiding signal for the model than the
sequence of returns-to-go. This means that the HDT is more robust to tasks with sparse
rewards. For tasks with longer horizons, such as half-cheetah and walker 2D, the HDT
also surpasses the two baselines. The discrepancy between the transformer methods and
BCis more prominent in these types of tasks. We conclude that our method offers superior
performance overall, and is more robust to both long and sparse-reward tasks.
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Table 5.4: Number of goal positions achieved by the HDT and DT on URS3 reaching task, varying the
number of train demonstrations.

Train 10 20 0 0 0 60 (] 8o
Demos 3 4 5 7!
HDT 14+1.6 27+2.3 2.3+2.3 3.6+t2.2 4.4+1.3 4.5+f1.5 510 5+0

DT 2.1 +1.2 0.310.6 1+2 3.2+2.1 2.6 +2.4 1.5+2.3 3424 4.5+15

5.2.5.4 UR3 Reaching Task

We evaluate the HDT by performing an experiment on a physical UR3 robot performing
a reaching task. We defined five positions that the robot must reach in any sequence. A
state is defined by the six joint angles and a one hot-encoded vector representing the goal
positions reached. An action is the translation of the angle of each joint, and the reward is
the negative absolute error between the angles of the current joints and the nearest goal
position. We generated 100 demonstrations, each starting the robot at a random position
and teleoperating the robot through the sequence of goal positions. 80 of the demonstra-
tions are used for training the methods, and 10 for validation. We also evaluate the per-
formance of the algorithms when trained with fewer demonstrations. The remaining 10
demonstrations are used for setting the robot’s initial position during the test phase. Dur-
ing testing, we run the algorithms for a maximum of 200 steps and measure the number of
goal positions reached. The results are presented in Table 5.4. Results show that the HDT
reaches the five goal positions on all 10 initial positions when trained with 70 demonstra-
tions. The DT is never able to consistently reach the five positions. Moreover, the HDT
consistently outperforms the DT when trained with the same number of demonstrations.
This shows that the HDT can be applicable to tasks using a physical robot and improves
the performance over the DT, especially in long-horizon tasks, while not requiring human
intervention.

5.3 Decision Mamba Architectures

Recently, SSSMs [157], have garnered attention for their linear scalability with sequence
length, outperforming Transformers in a wide range of domains. We identify that the
evolutionary parameter of SSSMs provides the guidance signal that the sequence of re-
wards offers the DT. For this reason we propose to replace the Transformer architecture
of both the DT and the HDT resulting in the Decision Mamba (DM) and the Hierarchical
Decision Mamba (HDM) models. Specifically for the DM, we show that it can provide the
sequence modelling advantages of the original the DT without requiring the sequence of
rewards which requires task knowledge and user intervention as well as causing it to fail
in stochastic environments.

We conduct experiments on seven tasks from D4RL benchmark. Our results show that
the performance of the DM is no longer dependent on the sequence of rewards, requiring
no user intervention or task knowledge. Unlike the other methods, the DM does not re-
quire access to the reward function. Both DM and HDM outperform their Transformer
state-of-the-art predecessors. The architectures of DM and HDM are represented in Fig.
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5.2.

Summary of Contributions:

1. We present the HDM and DM, the Mamba successors of HDT and DT, respectively.
The models are smaller, faster and more accurate than their Transformer prede-
CEessors.

2. We show that DM does not require the sequence of rewards to perform, unlike its
predecessor DT. This removes the need for a reward function, task knowledge to
craft an adequate desired reward value and user intervention.

3. We evaluate the HDM and DM on seven environments and data sets from the D4RL
[5] benchmark. Our methods outperform the original Transformer baselines, prov-
ing the viability of the Mamba architecture for imitation learning. Recent advance-
ments in imitation learning have been largely fueled by the integration of sequence
models, which provide a structured flow of information to effectively mimic task be-
haviors. Currently, DT and subsequently, the HDT, presented Transformer-based
approaches to learn task policies. Recently, the Mamba architecture has shown
to outperform Transformers across various task domains. In this work, we intro-
duce two novel methods, DM and HDM, aimed at enhancing the performance of the
Transformer models. Through extensive experimentation across diverse environ-
ments such as OpenAl Gym and D4RL, leveraging varying demonstration data sets,
we demonstrate the superiority of Mamba models over their Transformer counter-
parts in a majority of tasks. Results show that DM outperforms other methods in
most settings.

5.3.1 Decision Mamba

We assume to have access to a demonstration data set D composed of trajectories with
states, actions and rewards. Similarly to the DT, we condition the model on the sequences
of states actions and RTG, each sequence with a context length of K. However, we perform
experiments that show that the DM is also able to perform without the sequence of RTG,
while improving the performance. During batch data sampling, a demonstration traject-
ory is randomly selected, followed by the choice of a trajectory index ¢ € [0, T — 1], where
T is the length of the trajectory. The K — 1 states, actions and RTG preceding ¢t compose
the three sequences. We also sample a right-shifted sequence of actions. This sequence
corresponds to the ground-truth actions that the model should predict. The sequences are
then padded with zero-filled vectors to the right, if their length is smaller than the context
length. Because of this padding, we create a binary padding mask. This is a sequence of
length K with zeros in indexes where the previous sequences were padded. This padding
mask is solely used to prevent the loss function from considering padded values, and is
not used by the DM model or during inference.
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Figure 5.2: The DM architecture on the left and the HDM architecture on the right side. The DM is
conditioned on the sequence of past states and actions to predict the correct action. The HDM is composed
of two modules. The high-level mechanism guides the low-level controller through the task by selecting
sub-goal states, based on the history of sub-goals and states. The low-level controller is conditioned on the
history of past states, sub-goals, and actions to select the appropriate action.

Each of the three input sequences pass through individual linear layers, converting
them to the embedding dimension used by the model. The resulting embeddings are
joined to form the sequential input of the model in an identical way to what is done in the
DT. The difference is that the DM does not require the causal mask of the Transformer,
and Mamba provides sequential information. Therefore, we can skip a significant num-
ber of steps. We don’t need to sample an additional sequence time steps from the data
set, that would be used to generate a positional encoding, and this encoding would then
be summed to the three embeddings.

The DM employs a Mamba architecture with repeating Mamba layers each receiving the
embeddings of the previous layer and outputting new embedding vectors. We perform
tests varying the number of layers, the embedding size, and the context length. There
wasn’t an overall configuration that resulted in superior performance across all the tasks.
In the experiments section, we use 6 Mamba layers, an embedding size of 128, and a con-
text length of 20. The embeddings returned by the final Mamba layer pass through a
feed-forward layer to project them to the action space of the task. Subsequently, a hyper-
bolic tangent activation function normalizes the values between -1 and 1, which are then
multiplied by the respective action range of the task.

The DM’s objective is to predict the corresponding ground-truth actions in the data
set after being conditioned on the sequence of past states, actions and optionally RTG.
Because of this, the model’s objective is the L2 loss between the predicted action sequence
and the ground-truth action sequence.
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Table 5.5: Maximum accumulated returns of the DT, HDT, DM, DM with RTG, and HDM methods using 6
layers, an embedding size of 128 and context length of 20. We test the models on seven tasks from the D4RL

[5] benchmark and vary the demonstration data sets.

DT DM w/ R
Task Data Set Half Max 10k HDT Half Max 10k DM wo/ R HDM
expert 2722.84 + 9.27 2731.52 + 3.91 2733.84 £ 9.3 2731.83 + 8.38 1853.28 + 7.54 2735.34 + 11.45 2742.30 £114.37 2746.57 + 10.69 2749.2 + 11.62
Ant medium 787.54 + 22.87 801.41 + 14.61 800.91 £+ 17.32 787.23 + 33.33 760.23 + 21.73 782.97 +13.83 803.63 +14.76 821.03 +18.21 820.39 + 23.41
medium-expert | 1525.61 + 724.43 2718.68 £ 11.66 2713.55 + 15.06 2171.27 +£792.37 | 1769.70 £18.46 2742.88 +13.64 2734.04 = 15.92 2738.41 + 8.42 2730.01 £ 12.45
medium-replay | 650.23 + 63.67 732.89 + 13.76 815.53 + 42.72 712.61 + 39.5 639.22 + 20.49 694.40 + 13.69 716.67 + 37.54 716.85 + 33.65 728.2 + 48.64
large-diverse 0.02 £ 0.04 0.05+0.05 0.05 + 0.05 0.02£0.04 0.0 £0.01 0.0 £0.01 0.0£0.01 0.08 £ 0.13 0.05 £ 0.05
Antmage | Medium-diverse 0.2+ 0.17 0.18 + 0.19 0.2+0.17 0.12 £ 0.04 0.0 +0.05 0.1+0.05 0.5+ 0.05 0.2+ 0.17 0.15 + 0.05
umaze 0.92 + 0.04 0.92 + 0.04 0.92 + 0.04 0.52 + 0.25 0.8 +0.04 0.8 £0.04 0.9 +0.04 0.95 + 0.05 1.0 + 0.0
umaze-diverse 0.92 4+ 0.04 0.95 4 0.05 0.9+ 0.07 0.50 £ 0.25 0.9+ 0.04 0.9+ 0.07 0.9+ 0.05 0.92+0.04 1.0 £ 0.0
expert 1516.19 = 25.85 1530.86 + 21.28 1497.99 + 48.14 1479.88 £ 22.09 | 1025.66 = 23.74 1570.21 + 27.80 1573.29 & 46.12 1585.85 + 19.24 1538.32 £ 50.83
HalfCheetah medium 655.96 + 8.55 658.54 + 2.02 667.08 +16.17 669.73 + 15.74 597.75 + 7.69 676.78 + 3.14 664.15 + 15.39 677.84 +13.6 679.03 + 14.74
medium-expert 1432.58 + 158.2 1572.42 + 68.04 1619.32 + 43.02 1103.51 + 141.89 | 1097.76 + 68.47 1541.82 + 58.53 1566.91 + 83.36 1636.29 + 27.28 1541.19 + 73.06
medium-replay 806.58 + 175.57 1074.72 £ 11.14 1100.29 £ 15.2 946.68 £ 91.13 607.06 + 110.68 749.42 = 13.93 916.15 & 67.71 862.53 + 35.02 826.06 + 96.8
expert 2129.4 + 116.64 2234.25 + 54.94 2239.86 + 58.55 2072.71 + 69.58 | 1211.95 + 123.71 2183.71 + 58.71 2218.42 + 64.48 | 2260.68 + 22.36 | 2230.41 + 65.08
Hopper medium 1144.2 + 100.69 1241.6 + 188.58 1252.95 + 99.69 1175.3 = 63.39 1101.02 + 97.47 1299.97 + 143.74 1289.51 = 89.36 | 1383.51 + 127.34 | 1231.19 + 108.38
medium-expert | 2056.43 +166.75 2270.67 + 62.89  2250.2 +117.52 | 1549.4 + 112.42 | 1128.34 £ 128.57 177679 £ 86.91  1914.85 £ 105.72 | 2026.48 +180.21 | 1948.04 + 342.99
medium-replay 636.21 + 91.45 564.7 + 99.69 648.13 + 172.74 378.57 £ 176.15 822.5 + 86.30 1065.73 + 90.73 1175.59 + 95.76 | 1199.42 + 192.37 770.51 £ 95.49
complete 2.52 + 0.18 2.53 + 013 242+ 0.38 2.7+0.23 3.1+0.16 2.5+ 0.09 3.0 £ 0.02 2.58 + 0.36 22+ 014
Kitchen mixed 228+ 0.27 2,55+ 0.21 2154 0.34 2.28 + 0.3 2.540.26 274048 254037 2.8+ 0.2 2,65+ 0.09
partial 2.65 + 0.27 3.0 £ 0.07 2.08 £+ 0.51 2.42 4+ 0.44 2.1+ 0.25 3.0 £ 0.03 3.0 £ 0.02 3.02 + 0.04 2.55 + 0.43
large 106.72 + 17.23 103.7 + 15.03 103.45 £+ 19.85 34.1+8.97 32.7+16.05 69.9 + 14.08 110.8 + 17.74 79.65 + 20.43 93.7 £ 71.77
MazeaD medium 40.07 + 9.19 33.72 +13.3 154.0 + 63.45 33.72 +7.87 37.8+5.34 56.3 +£5.35 111.9 + 45.34 114.1 + 75.94 145.23 + 20.81
open 16.62 + 0.48 17.17 4+ 1.49 15.85 + 3.61 19.08 + 2.17 25.7 4+ 1.64 30.2 + 8.63 32.4 + 4.56 32.33 + 2.05 26.67 + 0.76
umaze 58.68 + 20.14 59.3 & 20.61 61.2 +19.74 37.72 £ 117 58.8 +17.03 86.9 +10.47 186.1 +16.43 110.25 + 51.04 31.13 + 2.58
expert 1863.25 + 11.68 1867.61 + 9.43 1877.92 £+ 5.12 1869.07 + 8.54 1088.01 + 14.72 1866.81 + 4.72 1881.46 + 9.46 1874.51 + 10.86 1861.86 + 7.2
Walker2D medium 1070.96 =+ 61.03 1081.54 + 42.68 1175.83 + 58.49 | 1106.63 + 24.09 932.2 4 40.81 1008.24 + 54.91 1088.64 + 43.09 1111.94 + 32.08 1093.42 + 36.83
medium-expert | 1310.26 +352.94  1883.23 + 19.77 1880.87 + 24.98 1153.5 £ 54.57 1055.61 = 35.89 1861.45 + 23.23 1866.47 + 18.67 1871.34 + 4.88 1843.48 +11.49
medium-replay | 1120.27+129.82  1335.64+10.87  1377.9 +21.19 | 1197.66 +51.96 | 716.23+78.38 130254 £12.94  1330.53 £34.71 | 1310.88 +32.54 1237.97 + 63.21

5.3.2 Hierarchical Decision Mamba

For the HDM, we follow the same data processing pipeline of the HDT and replace
the sequences of RTG with sequences of sub-goals. The HDM is also composed of two
models: the high-level mechanism and low-level controller. Similarly to the DM, during
batch sampling we sample padded sequences of states, actions and sub-goals of length
K from the data set and create the padding mask. The high-level mechanism receives
the sequences of states and sub-goals and predicts new sub-goals, while the low-level con-
troller receives the sequences of states, actions and sub-goals and predicts new actions.
Therefore, we also sample right-shifted sequence of actions and right-shifted sequence of
sub-goals, as the ground-truth for the low-level, and high-level model respectively.

The sequences of states and sub-goals each pass through a linear layer, converting them
to the embedding dimension used by the model. They are then joined and passed to the
Mamba layers of the high-level mechanism. The output vectors of the final Mamba layer
are passed to a linear layer which projects them to the state space of the task. Then, a
hyperbolic tangent activation function normalizes the values between -1 and 1. Follow-
ing the HDT, the states of the data set are normalized between -1 and 1. The high-level
mechanism is trained using the L2 loss between the predicted sub-goal sequence and the
ground-truth sub-goal sequence.

The training of the low-level controller is similar to the training of the DM. Instead of
receiving a sequence of RTG, it receives a sequence of sub-goals. The low-level controller
is trained using the L2 loss between the predicted sequence of actions and the ground-
truth action sequence.

106



Improving the Robustness of Demonstration Learning

o

°
©

°
By

o
=

°

°

AntMaze

HalfCheetah

Kitchen

Maze2D

Walker2D

D 128,12,K20

D 128,14,K20
= D 128,16,K10
= D 128,16,K20
W D 128,16, K60
W D 128,18,K20
== D128, 112,K20
W D 256, L6, K20

o0 i . 0

0
Bp Med MedE MeoR LD Medd Uma  Umad Med  MedE  MedR Med  Mede  MedR Med  MedE  Medk

Figure 5.3: Comparison of the performance of the HDM varying architecture configuration across the 7
D4RL tasks, for different demonstration data sets. The scale of the bar graphs is the maximum reward
present in the respective data set. L is the number of layers, D is the embedding size, and K is the context
length.
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Figure 5.4: Comparison of the 5 methods across the 7 D4RL tasks, for different the demonstration data sets.
The scale of the bar graphs is the maximum reward present in the respective data set. All models have 6
layers, an embedding size of 128 and use context length of 20. The values of the DM and the DT are
obtained by using the maximum reward of the data set as the desired reward.
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Figure 5.5: Comparison of the performance of the DM varying architecture configuration across the 7 D4RL
tasks, for different demonstration data sets. The scale of the bar graphs is the maximum reward present in
the respective data set. L is the number of layers, D is the embedding size, and K is the context length.
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Figure 5.6: Comparison of the performance of the DM with the sequence of RTG, varying architecture
configuration across the 7 D4RL tasks, for different demonstration data sets. The scale of the bar graphs is
the maximum reward present in the respective data set. L is the number of layers, D is the embedding size,

and K is the context length. The values are obtained by using the maximum reward of the data set as the
desired reward.

5.3.3 Experiments

In this section, we assess the performance of the proposed DM and HDM models, com-
paring them with Transformer-based methods, the DT and the HDT. Our evaluation
spans over seven distinct tasks sourced from the D4RL benchmark, selected precisely for
its provision of a diverse set of tasks, each accompanied by multiple demonstration data
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sets of varying quality. As the efficacy of these methods relies heavily on their capacity
to approximate policies represented in the demonstration data set, the resulting perform-
ance of the methods is intrinsically linked to the quality of these data sets. Consequently,
we conduct our training procedures using the diverse data sets provided by the benchmark
for each respective task.

We train each model for 1 million epochs, using batch sizes of 16, and a learning rate
of 1e~*. To mitigate the influence of outliers and the inherent seed-dependency of epis-
odes, we adopt a validation strategy wherein, every one thousand epochs, we validate the
model on 100 episodes, and compute the average accumulated rewards. Due to the seed
dependency, we repeat each experiment across 4 different random seeds. The presented
results are the average values across the 4 seeds of the highest accumulated rewards seen
throughout the 1 million epochs.

We also varied the number of Mamba and Transformer layers, the embedding size in-
side the model, and the length of the token sequence. Results for the DM, the DM with
RTG, and the HDM are shown in Fig. 5.3, Fig. 5.5 and Fig. 5.6, respectively. The values
of the DM with RTG were obtained using a desired reward equal to the maximum reward
present in the respective demonstration data set. However, results were unclear, as there
wasn’t a best performing configuration for any of the models. Different configurations res-
ulted in better or worse performance for the models on the different tasks and data sets.
To fairly compare the models using the same architecture, we chose the architecture that
better represented the average results across the set of architectures. This architecture is
composed of 6 layers (Transformer or Mamba), an embedding size of 128 and a sequence
length of 20. For the execution of the DT and DM using the sequence of RTG, we initially
identify the maximum accumulated returns attained by a trajectory in the demonstration
data set. Subsequently, during validation, we set the desired returns to this maximum
value, half of it, and a larger value—specifically, 10k. The results are presented in Table

5.5.

One of the driving motivations behind the development of the HDT was to alleviate
the necessity of manually specifying the desired RTG, a notable challenge encountered in
the evaluation and deployment of the DTs. To determine whether the DM inherits this
drawback from the DT, we evaluate whether it also relies on the RTG sequence to guide
the model, or if the sequence can be simply removed from the model’s input. Table 5.5
presents the accumulated returns achieved by the DM model without the desired returns
sequence, compared with a variant of the DM model with this additional sequence.

The results depicted in the table highlight that the DM does not require the sequence of
RTG for effective performance. Additionally, results also show that the DM without the
sequence of RTG does seem to reach a slightly better performance than with the sequence.
This is also true across different architectures as shown in Fig. 5.5. Notably, in the DT,
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Table 5.6: Average and STD time for a single training iteration, and to perform inference of an episode,
across the different D4RL tasks, using a batch size of 16, of each of the 5 methods, configured with 6 layers,
an embedding size of 128 and sequence length 20.

Train Time (ms) Inference Time (ms)
DT HDT | DMwo/R | DMw/R HDM DT HDT | DMwo/R | DMw/R | HDM
Ant 15+11 | 20 £ 11 18 + 102 18 + 97 26+101 | 5+7 | 741 3+t4 3+4 5+8
Antmaze 8+o0 14+0 7+0 8+o0 15+ 1 4+5 | 6+10 | 3£3 3+4 5+5
HalfCheetah | 14 +£1 1941 14+1 15+1 22 +1 5+6 | 7+13 | 3+4 3+5 5+8
Hopper 12+1 17+1 12+1 12+1 20 %1 5+6 | 8+12 | 3+4 3+4 5+7
Kitchen 8+o0 14+0 9+to 9+ o0 17+1 6+t3 | 9+6 5+3 5+3 6+t4
Maze2d 8+o0 14+0 8+o0 8+to0 15+ 1 3+3 | 6+6 3t3 3+3 4+4
Walker2d 13+1 20 +1 14+1 14+1 22 +1 5+7 | 6+12 | 3+4 3+5 5+8

eliminating this sequence impedes the DT’s ability to learn the task entirely as shown in
[11]. This indicates that the evolutionary parameter of the Mamba architecture success-
fully replaces the need for RTG. Since the DM without the sequence of rewards achieves
higher performance without requiring additional user interaction, we can conclude that
the DM should be used without the reward sequence.

Lastly, we compare the new proposed Mamba methods with their Transformer prede-
cessors. According to the results in Table 5.5, the DM without rewards outperforms the
DT in 15 out of the 27 settings. Additionally, the HDM outperforms the HDT in 22 out of
the 27 settings. The superiority of the Mamba models exists even while comparing to the
DT with the ideal desired reward for each task. When comparing the DM to the DT us-
ing a fixed desired reward of 10k, the DM outperforms the DT in 17 out of the 27 settings.
These results show that the proposed Mamba methods improve upon the Transformer
predecessors in the D4RL benchmark. Overall, the DM without rewards is the best per-
forming model of the set. Although, the HDM and the DT are still very competitive, it is
worth noting that HDM requires two models and pre-processing the data set, while DT
requires user interaction and task knowledge. Moreover, unlike the other models, DM
can be applied to tasks without a reward function.

5.3.4 Time Comparison

Mamba models have outpaced Transformers in terms of speed in other applications.
Also, HDT and HDM require the training of two models, and the extra computational cost
may not be worth the performance benefits. Because of this, we compare the time required
to perform a training iteration and the inference step using the different methods across
the 7 task environments available in the D4RL benchmark. We use a batch size of 16, an
embedding size of 128, a sequence length of 20, and 6 layers per model. Specifically, for
the HDT and the HDM, we employ 6 layers for both the high-level and low-level models,
and we measure the time to train both models. For training, we measure the time it takes
for a gradient calculation and update. For inference, we measure the time it takes to build
the sequences, obtain an action from the model and perform the transition. To ensure
statistical robustness, we repeat both these steps 1000 times for each model, presenting
the average and standard deviation time to perform a training iteration, and an inference
step in Table 5.6. Results show that during training there’s not much difference between

109



Improving the Robustness of Demonstration Learning

the Mamba methods and their Transformer predecessors. As expected the HDT and the
HDM take close to double the time to train due to having double the models than the
DT and the DM, respectively. Adding rewards to the DM does not increase the training
time significantly. At inference time however, the Mamba methods are faster than the
Transformer methods. In addition to the increase in performance, this computational
boost further shows the benefits of the Mamba methods compared to the Transformer
baselines.

5.4 Conclusion

In this chapter, we introduced two methods that improve upon the state-of-the-art se-
quence modelling in DL, the DT. We show that the DT relies on the sequence of returns-
to-go to perform. This sequence requires precise specification of the value of the desired
accumulated rewards, which is non-trivial to determine.

We first proposed the HDT method, which reformulates the problem in a hierarchical
manner, where the sequence of returns-to-go is replaced with a sequence of sub-goals
proposed by a high level model. By replacing the sequence of returns-to-go with a sub-
goal selection method, we achieved a fully task-independent model that outperforms the
DT and BC baselines in various tasks. Notably, the HDT is more robust to longer episodes
and sparse rewards, making it suitable for real-world applications.

Our experimental results demonstrate the effectiveness of the HDT on three bench-
marks and a reaching task with a real-world robot. The HDT achieved higher accumu-
lated rewards compared to the DT and BC in most tasks and reached a higher number of
positions in the reaching task. Future work will explore different architectures for both
models to further improve their performance. Our findings suggest that using a hierarch-
ical transformer model with a sub-goal selection method can enhance the performance of
learning methods and facilitate their application to complex tasks.

Next, we improved upon this sequence modelling method by using the Mamba archi-
tecture instead of the Transformer. We introduced the DM and the HDM models, direct
evolutions of the DT and the HDT, respectively, by leveraging the potent Mamba architec-
ture. We show that the DM does not rely on the sequence of RTG to perform. Through
our evaluation across seven diverse tasks within the D4RL benchmark and varying the
demonstration data set, we demonstrate the superiority of these Mamba models over their
Transformer-based predecessors in the majority of cases. Specifically, the DM and HDM
outperform their transformer counterparts in most settings, while also being simpler and
faster to train and perform inference. Lastly, the DM outperforms the baselines in most
tasks, while not requiring a reward function, and being task-independent by not requiring
user specified values. This advancement underscores the viability of Mamba architectures
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in BC sequence modelling, and opens the way to keep solving more complex sequence
modelling problems through DL.

In the next chapter, we apply demonstration learning to teach an agent to dance to mu-
sic, which is an under-explored application. We will treat the music to dance generation
as a language translation task, and will employ sequence models to learn the mapping
between the two languages.
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Chapter 6

Music to Dance as Language Translation using
Sequence Models

6.1 Introduction

Dance is an aesthetic performing art, that serves as a medium to convey intricate emo-
tional nuances through choreography closely intertwined with music. The task of auto-
matically generating choreographies from music has garnered significant interest within
the research community, promising practical applications in various real-world domains
like games and films [232, 263, 264]. The current methodologies involving sequence pos-
ing, hand animation, or motion capture are not only laborious but also expensive. How-
ever, the challenge of dance generation lies in balancing the inherent human creativity in
a choreography with the need for the movements to remain coherent with the rhythm and
genre of the music.

The work in this chapter is grounded in two fundamental concepts that underpin our
research. Firstly, we recognize the temporal coherence between the music piece and the
dance choreography, emphasizing that treating each component separately is not feasible.
Secondly, we capitalize on the understanding that music and dance constitute unique lan-
guages with an inherent correspondence. In light of this, we propose to conceptualize
the automatic dance generation challenge as a translation problem—akin to converting
from the source language of music to the target language of dancing. Embracing this per-
spective enables us to leverage the capabilities of sequence models [16, 158], specifically
designed for processing sequential data, and well-established in achieving success in lan-
guage translation.

We introduce our method as Music to Dance as Language Translation (MDLT). MDLT
leverages a pre-existing data set of music-dance pairs and learns the mapping between
both languages. The initial stages involve extracting musical features and joint angles
from the data set. We propose to variants: MDLT-T using the Transformer architecture
and MDLT-M using the Mamba architecture. The model is conditioned on the sequence
of musical features and predicts the subsequent pose in the choreography. This predicted
pose is incorporated into the choreography sequence, and the musical sequence advances
in time. This iterative process continues until the culmination of the song.

We conducted a series of experiments using a subset of the AIST++ [232] data set and
the entire PhantomDance [15] data set. Our method’s performance was assessed across
distinct music genres as well as collectively across all genres. Because the evaluation was
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performed using unseen music data, we show that our method learns to translate music
into dance in a coherent and adaptive manner. The contributions of this work can be
summarized as follows:

« We propose a new perspective to model the music conditioned dance generation as
a translation task, where an agent learns the mapping between the music and dance
languages from music-dance pairs in a data set. To our knowledge, this is the first
study to propose this perspective and demonstrate its viability.

« We propose two variants: MDLT-T employs a modified Transformer architecture
and MDLT-M employs the Mamba architecture.

« We compare the performance the two variants on a section of the AIST++ data set
and the full PhantomDance data set.

» Experiments with a UR3 show that MDLT, can learn the mapping from audio to
dance of different music pieces from different genres. Code and models are available
at github.com/meowatthemoon/MDLT.

6.2 Translation

In language modelling, the objective is to estimate the likelihood of a word given a pre-
ceding sequence of words. For a given source sentence X = (z1,z2, ..., X,) and a corres-
ponding target sentence Y = (y1,y2, ..., yn, ), the translation model aims to sequentially
predict the words in the target sentence. Here, N, and V; denote the lengths of the source
and target sentences, respectively. More formally, the model should provide estimates of
the conditional distribution p(y; | X, y1.i—1)-

In the context of our problem, we conceptualize the sequences of audio features as the
source language and the sequences of dance poses as the target language. The goal is to
estimate the parameters of a sequence model that best capture the mapping between these
two languages.

6.3 Data Preparation

MDLT learns the mapping between music pieces and dance choreographies. To enable
the model to interpret music, audio features are initially extracted from the music pieces,
forming feature vectors that serve as the model’s input. Then, because in this work we
apply the method to teach a UR3 robot to dance, the human poses in the choreographies
must be translated into the corresponding joint angles of the robot. Subsequently, the
sequences of audio features and joint angles need to be synchronized into pairs, allowing
the model to learn the mapping between music and the corresponding joint angles. The
subsequent sections explain each data processing step in more detail.
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Figure 6.1: Architecture of MDLT model variants. The audio features and poses first pass through their
respective embedding layers. In the case of the Transformer variant (dashed left block) these embeddings
are augmented with positional encoding. The encoder of the Transformer is conditioned on the audio
features. The decoder of the Transformer is conditioned on the output of the encoder as well as the poses.
The Mamba variant (dashed right block) receives both the audio and pose vectors. The embeddings of the
final Mamba or Decoder block are projected to the pose dimensions. Finally, these values are activated using
tanh and scaled to the joint angle range to produce the next poses. Only one of the dashed blocks is used.
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Figure 6.2: Joint angle extraction from keypoints: First we obtain the arm and pelvis keypoints. Then we
align the shoulders with the ground plane. Next, we align the spine vertically. Lastly, we extract the joint
angles from the angles between the arm vectors.

6.3.1 Data sets

We use the AIST++ [232] and PhantomDance [15] data sets. Both provide music-to-
dance pairs. AIST++ was built by reconstructing 3D poses from 2D multi-view videos
sourced from the original AIST Dance Database. Comprising 1408 sequences executed by
multiple dancers across 10 diverse dance genres. While multiple choreographies are avail-
able for each music piece in the data set, our focus on estimating the mapping from music
to dance requires a one-to-one correspondence between audio and poses. Consequently,
we assign a single choreography to each music piece. We amalgamate the music pieces
from the original train, test, and validation splits, totalling 60 pieces with 6 pieces per
genre. In the experiments section, we assign custom splits of the data set.

The PhantomDance data set was built by professional animators and is composed of 260
dance videos from over 100 different subjects. Formally, the data sets can be expressed
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Table 6.1: Comparison of music features used by music-to-dance generation methods. Most methods use
Librosa for music feature extraction. The most commonly used features are MFCC, MFCC delta, constant-Q
chromagram, tempogram, and onset strength.

E =
=, 2828,
)
8 8 8 & B B %
Method £ B Q $ & 8 =
15 E Q [=7) - = 5
= =) 2 g
g A T £ A
S O
AT Choreographer [232] X X X
Bailando [233] X X X X X
Choreomaster [228] X
DanceHat [230] X X X X X
DanceFormer [15] X X
Dance with Melody [227] | x x
DeepDance [231] X X X X
M2C [224] X X X X X
as:
G
G;
D' = [ J{(Mi;, Dyj)}5E,  (6.1)
=1

where G is the set of music-genres, and G; is the number of pairs in the genre.

6.3.2 Audio Features

We extracted musical features from the audio files, thereby transforming the music
into interpretable vectors for our model. Following a prevalent approach employed in the
majority of music-to-dance studies, excluding [225], we utilize the publicly available au-
dio processing toolbox, Librosa, for feature extraction. The diversity in feature selection
across various works prompted us, in synergy with the contributions of [224], to delve
into different feature combinations explored by existing music-to-dance methodologies.
A comprehensive overview of these features and their respective utilization is provided in
Table 6.1. Drawing from this study, we used the MFCC, MFCC delta, constant-Q chroma-
gram, tempogram, and onset strength features. These features are concatenated to form a
438-dimensional vector. Feature extraction is conducted at a rate of 60 times per second.
Acknowledging the cautionary note of [224], we normalize the features across each index
of the 438 dimensions, constraining the values within the range of 0.1 to 0.9.

6.3.3 Joint Angles

MDLT learns to translate music feature sequences into corresponding pose sequences.
In our application, involving a UR3 robotic arm, the human poses from our data set need
to be converted to corresponding joint angles. While our current application involves
translating human poses into the corresponding joint angles for the UR3 robot, it’s im-
portant to highlight that our method is not limited to this particular robot or joint struc-
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ture. Our method can be extended to other robotic platforms by adjusting the mapping
between the human joints represented in the SMPL format and the joints of the target
robot. For instance, both the AIST++ and PhantomDance data sets provide poses in the
SMPL format. These poses can be converted into 24 joints, and our method can then be
applied to a full humanoid robot.

The URS3 is a 6-DOF robotic arm, hence we use the right arm poses within each full
human pose. To convert a human arm pose to the UR3 joints, we simplify the problem
and reduce the 6 joints to 4. We consider two joints connecting the shoulder to the trunk,
one at the elbow connecting the arm to the forearm, and one at the wrist connecting the
hand to the forearm. This choice aligns with the first four joints of the UR3. Although
we could explore incorporating hand rotation around the wrist, the inherent challenge in
accurately detecting this in the data set led us to prioritize avoiding potential errors that
could affect convergence.

To derive joint angles, we rely on the 3D keypoint annotations. Acknowledging that
the arm’s position is influenced by the movement of the rest of the body, we do trans-
formations to maintain a fixed position of the base of the arm across different poses. We
compute the unit vector between the two shoulder keypoints. Then, we determine the
rotation required to align this vector parallel to the floor, and apply it to all keypoints.
Subsequently, we find the midpoint between the shoulders, calculate the unit vector to
the pelvis point, and apply a rotation making this vector perpendicular to the floor, effect-
ively straightening the spine and maintaining consistent arm positioning relative to the
trunk.

To obtain the joint angles, we calculate unit vectors between the shoulder and elbow,
elbow and wrist, and wrist and the last point of the index finger. The first two joint angles
correspond to rotations between the forearm unit vector and the vertical and outward-
pointing axes from the human, respectively. The third joint angle accounts for the rotation
between the forearm and arm unit vectors, while the last joint angle reflects the rotation
between the arm and hand unit vectors. This process is repeated for every pose in the data
set. The values of the joint angles range from —= to 7. This process is represented in Fig.
6.2.

6.3.4 Synchronization

For each music-dance pair, we acquire a sequence of audio feature vectors {f;, }z;le
by sampling at a rate of 60 times per second and a sequence of poses {ptp}gf:l obtained
from the data set annotations. Because the annotations were not generated with the exact
frequency of 60 times per second, it is likely that 7'; # T,,. To pair the elements from the
two sequences, we will use the timestamps provided alongside the annotations {t;, }Zf’:l.
We compute the timestamp of each feature vector as t;, = ¢ * 1/60 and then associate it
with the pose with the closest timestamp.
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6.4 Music to Dance Translation

Automatic music-to-dance generation is often framed as a sequence modelling chal-
lenge. We propose to expand from this sequence modelling view and propose to model
the music to dance generation problem as a direct translation task, where the model trans-
lates sequences from the source language of audio to the sequences of the target language
of dance. We propose two variants to perform music-to-dance translation, the first uses
the Transformer architecture, while the second uses the Mamba architecture.

6.4.1 Transformer

While other methods have employed Transformers for music-to-dance generation [232],
they often under-utilize the Transformer’s full capabilities. They frequently overlook cru-
cial components such as the decoder, masked attention, or positional encoding. Moreover,
many existing approaches rely on multiple networks trained with adversarial learning,
which can be highly data-inefficient [15]. Additionally, some methods [233] require the
discretization of the dance space, which may introduce limitations in expressiveness and
precision. In contrast, our work applies the translation framework to music-to-dance gen-
eration, harnessing the full capabilities of a single Transformer model.

Unlike typical natural language translation tasks where the entire source language sen-
tence conditions the encoder, we face a constraint. Due to the extensive length of music
pieces, ranging up to 8000 audio features, conditioning the encoder on the entire music
piece is impractical. Consequently, we condition the encoder on a sequence of size K of
preceding audio feature vectors s. During batch data sampling, a music piece is randomly
selected, followed by the choice of a trajectory index ¢ € [0,7 — 1], where T is the length
of the music piece. The K — 1 audio features preceding ¢ compose the sequence. The se-
quence is padded with zero-filled vectors to the right, if its length L, < K. This sequence
is paired with a padding mask, creating the input of the encoder. This mask is a binary
sequence of length K with zeros in indexes where the audio feature vector was padded,
and prevents the encoder from considering the padding elements.

On the decoder’s side, after selecting index ¢, we sample the corresponding poses to
the sampled audio features, but right-shifted by one. Akin to the start token in NLP, we
append a padding pose of zeros to the start of the pose sequence. This shift conditions the
encoder on past poses and prevents it from seeing the ground-truth. Similar to the audio
features, this pose sequence is right-padded to reach a length of K elements. The decoder
also receives a causal binary masking matrix where the values under the diagonal are ones
and the remaining are zero. This ensures that attention scores consider only past tokens,
preventing access to future information.

Both audio feature vectors and pose vectors pass through individual linear layers, con-
verting them to 128-dimensional vectors. To convey positional information, an embed-
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ding layer processes the index ¢ of each element in the K sequence. The vocabulary’s size
is set to the length of the largest music piece in the data set plus one for the start token.
The resulting embeddings are summed to both the audio and pose embeddings before
entering the Transformer.

We employ a Transformer architecture where the encoder and the decoder are com-
posed of 6 blocks, 8 attention heads, a dropout rate of 0.1, and feed-forward layers with
2048 neurons, and output 128-dimensional embeddings. The embeddings returned by
the decoder pass through a final feed-forward layer to project them to four joint angles.
Subsequently, a hyperbolic tangent activation function normalizes the values between -1
and 1, which are then multiplied by 7 to scale them to the range of the joint angles.

The Transformer’s objective is to translate audio sequences into corresponding poses
after learning the mapping from music-dance pairs in the data set. Given input sequences
of audio features s and right-shifted poses a’, the Transformer aims to output the non-
shifted pose sequence a. The loss function is the L2 loss between the predicted joint angles
and the ground-truth.

6.4.2 Mamba

The Mamba variant is much simpler than the Transformer. Mainly because it is com-
posed of the Mamba backbone instead of an encoder or decoder which streamlines the
processing. This means that the causal binary mask of the Transformer is not needed.
Additionally, because Mamba keeps track of the previous state, it also does not require
positional embeddings. Hence, the audio feature vectors and pose feature vectors pass
through the respective embedding layers and the outputs are fed to the Mamba blocks
directly. We employ a Mamba architecture composed 6 Mamba blocks, a dropout rate
of 0.1, and feed-forward layers with 2048 neurons, and output 128-dimensional embed-
dings. The embeddings returned by the Mamba blocks are fed through the same pipeline
as previously described to obtain the joint angles. The loss function is also the L2 loss
between predicted joint angles and ground-truth.

6.5 Experiments

6.5.1 Experimental Setup

We apply the MDLT on the UR3, a 6-DOF robotic arm. Our experimental process be-
gins with the application of the data processing pipeline (see Section 6.3). This process
yields a refined data set D’ of pairs of sequences of 438-dimensional audio features and
4-dimensional poses. The processed AIST++ data set comprises 60 pairs, organized into
10 music genres, each containing 6 pairs. The PhantomDance data set is comprised of
260 pairs. In all the experiments we compare the performance of our method using the
Transformer or the Mamba architecture.
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We made an ablation study to determine an adequate hyper-parameter configuration
for the model with either the Transformer or Mamba variant. We varied the number of
Transformer or Mamba layers, the size of the embeddings within the model, and the length
of the token sequence upon which the model is conditioned. Subsequently, we evaluate
the models based on the AJE observed during training, and the model’s size. All models
are trained using the complete AIST++ data set. The configuration that yields the lowest
pair of AJE and model size for the MDLT-T variant entails 6 Transformer layers, an em-
bedding size of 128, and a sequence length of 20. In contrast, for the MDLT-M variant,
the sequence length is extended to 120. We will use these two architectures throughout
the remaining experiments.

We evaluate MDLT on both the entire data set and individual music genres. In the case
of single-genre experiments, our approach involves training MDLT on 5 data pairs within
a specific genre and subsequently evaluating its performance on the remaining pair. To
ensure robustness and generalization, we perform cross-validation across the 6 possible
combinations within each genre, calculating both mean and standard deviation metrics
across these variations.

For experiments encompassing the complete data set, we adopt a validation strategy
by assigning one pair per genre for validation purposes, leaving the remaining 5 pairs
for training. Employing a similar cross-validation methodology, we iterate this process 6
times, presenting the aggregated mean and standard deviations over these runs. This eval-
uation strategy enables us to gauge MDLT’s performance not only across diverse genres
but also its ability to generate genre-coherent music, providing valuable insights into its
robustness and generalization capabilities. Lastly, we evaluate the performance of our
method on the PhantomDance data set by performing cross-validation across 10 different
combinations of 26 pairs assigned to the validation set.

Each experiment comprises a 250k update steps, utilizing a batch size of 16 and a learn-
ing rate of 10~%. Model validation is conducted at regular intervals of 1k updates. During
validation we iterate over each music in the music-dance pairs and use the model to gen-
erate a sequence of poses. This sequence of poses is then compared with the ground-truth
poses using the following two metrics:

» Average Joint Error (AJE) : Average joint error in radians between translated
poses and the ground-truth for a given music sequence AJE(p{, p') € [0, oo].

« Fréchet Inception Distance (FID) [265] : Evaluates how close the distribution

of generated dances is to that of the ground-truth dances.

6.5.2 AIST++ Music Genre Generalisation

We investigate the performance of the two variants using the processed AIST++ data
set. We evaluated on individual music genres and also using all music genres. The res-
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Table 6.2: FID and AJE metrics on AIST++ data set.

AIST++ MDLT-T MDLT-M
Genre AJE (rad) FID (%) AJE (rad) FID (%)
All Genres | 0.58 +/-0.10 1.32 +/- 0.64 0.57+ 0.06 0.96 + 0.31
mBR 0.57 +/- 0.13 0.46 +/-0.25 0.53 + 0.04 0.40 + 0.18
mHO 0.25 +/- 0.03 0.06 +/-0.04 | 0.25 + 0.04  0.13 + 0.08
mJB 0.57 +/- 0.16 0.79 +/- 0.75 0.57 + 0.15 0.61 + 0.50
mJS 0.35 +/- 0.13 0.38 +/-0.36 0.34 + 0.08 0.22 + 0.19
mKR 0.58 +/-0.27 0.76 +/- 0.59 0.61 + 0.19 0.91 + 1.05
mLH 0.30 +/- 0.04 0.10 +/- 0.05 0.29 + 0.05 0.06 + 0.01
mLO 0.45 +/- 0.18 0.74 +/- 0.92 0.47 + 0.14 0.51 + 0.65
mMH 0.33 +/-0.10 0.11 +/- 0.06 | 0.33 + 0.05 0.12 + 0.05
mPO 0.23 +/- 0.06 0.16 +/- 0.11 0.29 + 0.10 0.24 + 0.25
mWA 0.62 +/- 0.28 0.75 +/- 0.96 0.63 + 0.25 1.03 + 1.68

Table 6.3: FID and AJE metrics on PhantomDance data set.

MDLT-T MDLT-M
AJE FID AJE FID
0.87+0.02 0.39+0.02 | 0.73+0.01 0.82+0.01

ults, showcasing the mean and standard deviations after cross-validation of AJE and FID
on the each genre’s validation set, are presented in Table 6.2. The results show small dif-
ferences between the two variants with the Transformer variant offering a slightly lower
average AJE and FID across the experiments. The model seems to perform the best on
the 'mPO’ music genre and the worst on the 'mWA’. Overall MDLT-T offers an average
AJE of 0.44 radians and an average FID of 0.51% across the 11 experiments. These low
values validate the model’s ability to successfully learn the mapping between the audio
and dance languages and consequently generalize to unseen audio pieces.

6.5.3 PhantomDance Evaluation

Finally, we assess performance of the two variants using the processed PhantomDance
data set. The summarized results are presented in Table 6.3. Each value is the mean and
standard deviation of cross-validation across 10 combinations of 90/10 train/validation
splits. Notably, both AJE and FID metrics exhibit an increase compared to the previous
results obtained from the AIST++ data set. This is attributed to the augmented complexity
of the data set. Specifically, the choreographies within PhantomDance are lengthier and
exhibit greater diversity as opposed to AIST++ where the pairs can be organized by music
genre. Nevertheless, the model consistently achieves significantly lower AJE compared to
a random model, along with a low FID score. This demonstrates the model’s capability to
learn the mapping from music to dance, thus validating our approach of framing music-
to-dance generation as a language translation task.
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6.6 Conclusions

We propose to model the music-to-dance generation task as a language translation
problem. We describe two variants: MDLT-T and MDLT-M using the Transformer and
the Mamba architecture, respectively. We researched previous music-to-dance methods
which validated the selection of audio features, and presented an approach for mapping
human poses from keypoints to joint angles of a robotic arm. MDLT can also be applied

to humanoid agents.
Evaluation on music-dance pairs from the AIST++ and PhantomDance data sets, through
AJE and FID metrics, demonstrate that MDLT can robustly and efficiently translate di-

verse and unseen music to high-quality dance motions coherent within the genre.

The next chapter presents the general conclusions of this thesis and discusses possible
future developments.
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Chapter 7

Conclusion

7.1 Conclusion

Throughout this thesis, significant strides have been made to advance the field of DL.
By addressing open problems, enhancing existing methodologies, and pioneering novel
applications, this research endeavors to fortify the foundations of DL. With the obtained
results, we achieve the desired contributions to the field of DL of this thesis. The following
paragraphs present the main conclusions of this work.

The comprehensive review of the state-of-the-art in DL facilitated the identification of
several open problems: i) the main challenge in DL methods is the generalization to un-
seen scenarios and avoiding out-of-distribution states; ii) most policies tend to be context-
specific, rendering them vulnerable to performance degradation under altered conditions;
iii) fine-tuning of hyper-parameters is often imperative for achieving optimal perform-
ance; iv) the policies are reliant on the demonstration data set to learn the desired be-
havior, however the data set is often sub-optimal; v) although DL improves the safety of
agents when compared to RL, the trained policies may still harbor safety concerns.

Next, we introduce and elaborate on the fundamental concepts, methodologies, and
algorithms that underpin the proposed methods in this thesis. We begin by describing
the sequence modelling architectures used in this thesis: the Transformer and the SSSMs.
Then, we summarize pre-existing algorithms that are used by our proposed methods. We
start with the DTW, an algorithm for time series analysis and pattern recognition. Next,
we examine state-of-the-art RL algorithms: DDPG, SAC and TD3. Finally, we discuss the
former state-of-the-art DL sequence modelling algorithm, the DT.

In response to these challenges, this thesis introduces several innovative methodologies
designed to mitigate these obstacles and generate advancements in DL. Aware that most
policies only perform on the same context in which they were trained on, we proposed a
framework that uses contrastive learning to obtain viewpoint-invariant state representa-
tions from demonstrations. This method can be extended to ignore other task-irrelevant
features while keeping task-relevant information. We showed that the features extracted
by this framework can be used to correctly align frames between two viewpoints. Addition-
ally, to contribute towards limited benchmarks we created also created a multi-viewpoint
DL data set. Furthermore, we showed that the feature representations can replace the
original state image for classification and policy learning purposes.
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Then, we focused on improving the safety of policy learning methods by combining
the benefits of both RL and DL. We proposed a method that can be integrated with any
existing RL algorithm and improves the safety of agents during learning. The method
compares the agents trajectory with safe and unsafe demonstrations, and the trajectory
is terminated if it aligns better with unsafe demonstrations. Ablation studies were per-
formed to help identify effective comparison strategies. The results demonstrate signific-
ant enhancement in the safety of the agent over the base algorithm, while maintaining or
improving performance. This work highlighted the potential of using demonstrations to
enhance RL algorithms.

Next, language models revolutionized many machine learning applications and eventu-
ally impacted DL. Like many methods, the state-of-the-art sequence model in DL relied
on careful specification of hyper-parameters. We proposed a novel method to remove
the need for a particular hyper-parameter through hierarchical learning. Our method not
only successfully replaces the need for hyper-parameter specification, but it also improves
performance over the state-of-the-art in a large number of tasks.

Then, we improve upon this past method using the recent advancements in sequence
modelling: the Mamba architecture. We proposed to replace the Transformer methods
with the Mamba architecture, reducing their complexity, and inference time, while im-
proving their performance.

With the aim of transferring DL to new applications, we described the insight of mod-
elling the task of learning to dance as a translation task from the language of audio to the
language of dance. We researched previous music-to-dance methods to validate the selec-
tion of audio features, and presented a method for mapping human poses from keypoints
to joint angles of a robotic arm. We propose two variants: using the Transformer or the
Mamba architectures. The method modifies the standard sequence modelling architec-
ture to process sequences of audio features and translate them to dance poses. Results
show that the method can translate diverse and unseen music to high-quality dance mo-
tions coherent within the genre.

In summation, the contributions set forth in this thesis mark significant strides to-
ward advancing the state-of-the-art in DL. By addressing existing challenges and intro-
ducing innovative methodologies, this research not only enhances the efficacy and safety
of learned policies but also extends the applicability of DL to other domains. By publicly
releasing all the code with proper documentation, we show the commitment to promote
the continuous growth of the field.
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7.2 Future Directions

Expanding on the progress achieved in the thesis regarding DL, numerous intriguing
paths for further exploration and innovation lie ahead. This work contributed with sev-
eral methods that address open problems in DL, including the context problem addressed
in CLfD, creating task-independent large sequential models with HDT, improving the ro-
bustness and safety of policies with DEFENDER, and applying DL to novel applications as
in MDLT. In addition to the open problems identified in 3 and based on the contributed
methods, the subsequent avenues present vast potential for advancing DL further:

+ CLfD showed the possibility for obtaining policies invariant to the view-point of the
camera. Future directions could explore into the creation of data sets to encompass
a broader range of task-irrelevant features.

« HDT used the same architecture as DT for both the high-level mechanism and the
low-level controller for equitable comparison. However, future research might ex-
plore alternative architectures to enhance performance.

« Furthermore, while HDT conducted ablation studies on sub-goal sampling methods
for each state from the demonstration data set, there is room for exploring different
sampling methods to better condition the low-level controller and optimize perform-
ance.

« DEFENDER’s filtering strategies are task-dependent and sometimes overly restrict-
ive. Future research could investigate a universal filtering approach that facilitates
learning across varied tasks.

« MDLT is conditioned on past audio sequences to predict the next pose. Future re-
search trajectories could investigate the possibility of conditioning the encoder on
future audio features to determine if this could allow the model to make a more in-
formed decision.

« Additionally, future research could focus on refining MDLT through online RL, train-
ing the model to navigate real-world environments while avoiding collisions, beyond
the mere replication of the demonstrated choreographies.

In conclusion, this work contributed to a exhaustive understanding of the DL paradigm
and proposed a set of methods that expanded the boundaries of the paradigm to new do-
mains. Through these contributions, we believe to have accomplished the objectives of
this thesis and that the contributions of this work solved, or at least mitigated, a signific-
ant number of DL problems.
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