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ABSTRACT

Normalizing Flows as HMM Emissions for Learning from
Demonstration
Farzin Negahbani
Master of Science in Computer Science and Engineering
February 18, 2022

On top of being used in many different industries, robots are getting out of factories
and into our everyday lives in the form of greeter robots, telepresence robots, toys,
autonomous cars and perhaps most ubiquitously vacuum cleaners. Soon we may
see more capable robots, such as mobile manipulators, helping us in our homes.
Programming and controlling robots to achieve certain tasks in controlled industrial
environments with field experts is significantly different than using them in everyday
environments. Being able to program a robot to achieve desired tasks without the
presence of an expert is of importance for the near future.

Imitation learning or Learning from Demonstration (LfD) field aims to enable
robots to learn from humans. In this framework, instead of analytically deriving
and manually programming a skill, the robot learns the desired skill from human
demonstrations. Due to the human-interaction aspects, LfD needs to contend with
a low amount of demonstrations which leads to a low amount of data. Using re-
inforcement learning on top of demonstrations is not feasible when there is no one
to engineer a reward function, let alone have the setup for trial and error. Thus,
extracting as much information as possible from a limited set of demonstrations and
utilizing previously learned skills via transfer is an attractive option.

In the LfD framework of this thesis, action and goal/perceptual models of skills
are learned from keyframes. Action models are used to execute the skill and goal
models are used to monitor this execution. Hidden Markov Models (HMMs) and
their derivatives are suitable to learn action and goal models from a low amount of
keyframe demonstrations. The first part of the thesis introduces the State Traversal
Transfer algorithm to facilitate transfer learning of skills for a single user. We
show that this algorithm leads to successful transfer compared to learning from

scratch for goal models but do not significantly increase action model performance.
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However, HMMs have some limitations with transfer learning and multiple sources
of data (e.g. multiple users, multiple objects for the same skill, etc.), especially
about dealing with perceptual states. These limitations partially stem from using
multivariate Gaussian emissions and the difficulty of choosing the correct number
of hidden states.

Towards this end, a generative model called Conditional Flow Hidden Markov
Model (C-FlowHMM) is designed by combining conventional HMMs, normaliz-
ing flows, and robotic specific adaptations to improve model flexibility in learn-
ing goal/perceptual models of skills. The idea is to use a single normalizing flow
model, conditioned on hidden states, instead of Gaussians so that a more general
emission model can be learned. By using a single model, states share informa-
tion which is suitable in a low data regime. Furthermore, a neural network model
is more amenable to transfer learning. We develop an expectation-maximization
(EM) algorithm to train C-FlowHMMs from human demonstrations which lead to
better execution monitoring performance compared to HMMs. We also show that
C-FlowHMMs result in better transfer learning performance when data is more var-
ied. Finally, we demonstrate that C-FlowHMM is more robust to change in the

number of hidden states compared to conventional HMMs.



OZETCE

Gosterimlerden Ogrenme icin Normallestiren Akig Emisyonlu Sakl
Markov Modelleri
Farzin Negahbani
Bilgisayar Bilimleri ve Miihendisligi, Yiiksek Lisans
18 Subat 2022

Robotlar birgok farkli endiistride kullanilmalarinin yani sira fabrikalardan c¢ikip
glinliik yasamlarimiza karsilama robotlari, uzaktan bulunma robotlari, oyuncaklar,
otonom araglar ve belki de en yaygin olarak elektrikli stipiirgeler seklinde girmekte-
dir. Yakin zamanda mobil manipiilatorler gibi daha yetenekli robotlarin, evlerimizde
bize yardimei1 oldugunu gorebiliriz. Sabit ve kontrol altindaki endiistriyel ortamlarda
robotlar: belirli gorevler i¢in uzmanlar araciligi ile programlamak ve kontrol etmek,
onlar1 giinlitk ortamlarda kullanmaktan 6nemli 6l¢tide farklidir. Bir robotu, herhangi
bir uzman olmadan istenilen gorevleri gergeklestirecek sekilde programlayabilmek
yakin gelecek i¢in 6nem arz etmektedir.

Gosterimlerdenden Ogrenme (GO) alani, robotlarin insanlardan 6grenmesini sag-
lamay1 amaclar. Bu cercevede, bir beceriyi analitik olarak tiiretip elle programla-
mak verine robot, istenen beceriyi insan gosterimlerinden 6grenir. Insan etkilesimi
yonleri nedeniyle, GO’niin diisiik miktarda veri ile bagarih olmasi gerekir. Den-
eme yanilma igin kurulum bir yana, o6dil fonksiyonu tasarlayacak bir uzman ol-
madiginda, pekistirmeli 6grenme yapmak gercekci degildir. Bu nedenle, sinirli bir
dizi gosterimden miimkiin oldugunca fazla bilgi ¢ikarmak ve daha once 6grenilen
becerileri aktarim yoluyla kullanmak c¢ekici bir segenektir.

Bu tezin GO cercevesinde, énemli noktalardan hareket ve hedef/algisal beceri
modelleri 6grenilir. Beceriyi yiiritmek icin eylem modelleri ve yiirtitmeyi izlemek
icin hedef modelleri kullanilir. Sakli Markov Modelleri (SMM’ler) ve tiirevleri, diigiik
miktarda 6nemli nokta gosteriminden eylem ve hedef modellerini 6grenmek i¢in uy-
gundur. Tezin ilk kismi, tek bir kullanici i¢in becerilerin aktarma yoluyla 6grenimini
kolaylagtirmak i¢in Durum Gegigi Aktarimi algoritmasini tanitmaktadir. Bu algorit-
manin, hedef modeller i¢in sifirdan 6grenmeye kiyasla daha basgarili oldugunu ancak

eylem modeli performansini 6nemli 6l¢iide artirmadigini gosterilmisgtir. Bununla
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birlikte, SMM’lerin, o6zellikle algisal durumlar i¢in, aktarimli 6grenim ve ¢oklu veri
kaynaklar1 (6rnegin birden ¢ok kullanici, aynm beceri igin birden ¢ok nesne, vb.) kul-
lanim1 konularinda bazi sinirlamalar: vardir. Bu simirlamalar kismen ¢ok degiskenli
Gauss emisyonlarinin kullanilmasindan ve dogru sayida gizli durum se¢menin zorlu-
gundan kaynaklanmaktadir.

Bu amacgla daha esnek hedef modelleri 6grenmek icin, SMM’leri, normallestiren
akig modellerini, ve robotlara 6zel uyarlamalar1 birlegtirererek Kogullu Akig Sakl
Markov Modeli (C-FlowHMM) adi verilen bir iiretici model tasarlanmigtir. Bu-
radaki fikir, daha genel bir emisyon modelinin 6grenilebilmesi i¢cin Gauss emiston-
lar1 yerine gizli durumlara gore kosullandirilmig tek bir normallestiren akis mod-
eli kullanmaktir. Gizli durumlar, tek bir model kullanildigi i¢in bilgi paylagmis
olurlar ki bu diigiik veri rejimine uygundur. Ayrica, sinir agi modelleri, aktarimh
ogrenme icin daha uygundur. Insan gosterimlerinden C-FlowHMM 6grenmek icin
bir ”expectation-maximization (EM)” tabanl algoritma tiiretilmistir. Yapilan hedef
modeli 6grenme deneylerinde, C-FlowHMM’nin, SMM’lere kiyasla daha iyi yiirtitme
izleme performansina yol agtig1 gosterilmistir. Ayrica, veriler daha cesitli oldugunda
C-FlowHMM’lerin daha iyi aktarim ogrenme performansi oldugu gozlemlenmistir.
Son olarak, C-FlowHMM nin geleneksel SMM’lere kiyasla gizli durumlarin sayisinda-

ki degisime daha dayanikli oldugu bulunmustur.
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Chapter 1

INTRODUCTION

Programming by demonstration (PbD), imitation learning, or Learning from
Demonstration (LfD) are some of the names for a common technique of teaching a
robot new behaviours by utilizing human provided demonstrations[1]. First chal-
lenge of LfD is coping with low amount of data that stems from human-interaction
aspects of LfD. By considering this low data regime, squeezing as much as informa-
tion possible from very few data or by transferring it from existing learned skills is
highly desirable.

Although approaches like Hidden Markov Models[2] (HMM) are proved to be
promising in LfD framework given the low data regime, HMMs similar to traditional
machine learning techniques do not scale well to high degrees of freedom [3] and no
useful transfer learning methods are available for HMMs. As a result, moving in
direction of finding a transfer method for HMMs is attractive yet experience showed
such methods are highly engineered and limited. Also, experiences showed in non-
linear and complex spaces with multi-user demonstrations, HMMs are prone to
change in number of hidden states.

To obtain a desirable method for our problem and motivated by studies in litera-
ture[4], keeping nice structure of HMMs but changing their emission models seemed
to be a probable direction. Neural network based solutions seems viable because
of high learning capacity and being able to train with gradient-based optimizer
techniques that provides the chance of network-based transfer[5, 6]. This neural
network based candidate should be tractable and bijective to be plugged in a gen-
erative model like HMM. Normalizing flow models[7, 8] meet all of the mentioned

criteria but they do not comply with few data regime. As a result, conditional nor-
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malizing flow models with motivation of making the model lighter and providing
shared knowledge, is picked as emission model of HMMs.

In this study, we intend to redesign HMMs by employing conditional normalizing
flow models as their emission to customize them for few data regime of LfD and

providing a better infrastructure for skill transfer learning.

1.1 Thesis Statement

A customized generative model based Hidden Markov Models with conditional nor-
malizing flows as emissions leads to better performance for learning of goal /perceptual
models from few demonstrations. In addition to learning more complex state distri-
butions, this method is more robust to change in the number of hidden states and

enables transfer learning of skills.

1.2 Thesis Organization

This thesis is organized into six chapters plus one appendix. The first chapter, the
introduction chapter, introduces the problem and thesis statement followed by thesis
organization. Reviewing related studies in learning from demonstration, density
estimation, and transfer learning literature is done in chapter 2. Then chapter 3
gives an overview of learning from demonstration and provides more detail about the
framework and dataset used in this thesis. In chapter 4, State Traversal Transfer, a
transfer method for Hidden Markov Models, is explained. Next, chapter 5 covers the
suggested approach for using in learning from demonstration based on conditional
normalizing flows. Finally, Chapter 6 concludes main points of this thesis and ends

with suggesting future directions.
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Chapter 2

LITERATURE REVIEW

2.1 Learning from Demonstration

The development of various robots such as robotic arms, humanoids, mobile robots,
soft robots[9], plus significant advances in sensors and perception, is helping the
field of service of robots to grow[10]. Although robots are getting cheaper and more
precise, acting flexibly in changing environments needs an outstanding intelligence
or a degree of autonomy in programming them[11]. An efficient approach in pro-
gramming robots is by providing human demonstrations. Learning to achieve skill
by leveraging human-provided demonstrations or observing a human during a task
execution are called learning from demonstration (LfD) or imitation learning[12].
Literature in applicable models in L{D is vast and is different based on the usage.
Any approach that infers a policy that can complement or replace the imitation is
called indirect learning methods[13]. In this line of work, family of traditional meth-
ods such as HMM]14, 15|, Gaussian Mixture Model[16], and Graph-based meth-
ods[17] utilized especially for object manipulation task. However, even directly im-
itating the demonstrations are not always accurate and robust especially to unseen
cases mostly due to two reasons. First, due to errors in data acquisition especially for
cases that need precise movements[1]. Secondly, poor generalization of methods that
can come from i.i.d assumption of training data, which is usually not the case for
sequential actions of humans[18]. In addition, usually experts demonstrate only the
successful way of achieving a task hence the method will be highly biased and lacks
in generalization[19]. Reinforcement Learning[20] (RL) based approaches usually
model the problem as an MDP to learn how to take action in a certain state space.
RL framework can enjoy an initial policy learned from other traditional methods

and further fine tune the policy using both positive and negative demonstrations[21]
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yet is not without complications. As a result, any improvement in learning from
the demonstration whether using fewer data or increasing the modeling capability,
is complementary to RL methods not a substitute for RL.

Other groups of models such as recurrent neural networks and especially LSTM][22]
are used to model demonstrations as sequential data. Even recently transformers
are utilized in deep imitation learning for dual-arm robot manipulation task[23].
However, neural network based methods require a lot of data which is in contrast

with most of imitation learning scenarios that are restricted to few data.

2.2 Density Estimation

A core problem in machine learning is estimation of p(z) from a set of data samples
X1, T2, ..., T, which is called density estimation. Ability to obtain a good estimation
of density p(x) is the key component to many machine learning tasks. However, this
problem can be very hard due to issues like the curse of dimensionality, data scarcity,
or having complex distribution. Conventional methods usually fall short while deal-
ing with non-linear and complex distributions, while neural network-based methods
showed promising results thanks to their learning capabilities. [24, 25, 8, 26| are
examples of some pioneering methods that are designed to model natural images. A
group of the neural network-based density estimation methods learn to model den-
sity evaluations as opposed to variational autoencoders|27] or generative adversarial
networks[28]. Neural network density estimation approaches proposed for problems
such as importance sampling[29], or even conditional density estimators employed
as inference networks inside variational autoencoders[27, 30]. Among these meth-
ods, only two groups of neural network-based estimators are tractable, normalizing
flows[31] and autoregressive methods[32]. Although autoregressive flow models like
[33] has great learning capacities, sampling from such methods are not as efficient
as evaluation of p(x) thus using them inside generative models can be challenging.
Normalizing flow models apply a transformation on a base distribution to obtain
the best fit on the target set of data. Normalizing flow models utilize transformations

such that their Jacobian is tractable; hence the transformation is invertible[7, §].
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Such invertible transformation makes normalizing flow models a suitable candidate
to employ within many architectures that need a density estimator. GenHMM [4]
use a mixture of these flow models to improve the modeling capabilities of Hidden
Markov Models (HMM). Despite the novelty of their idea, GenHMM model is not
suitable for many applications where data points are few because of their model
complexity. While on the other hand, an HMM can have a rough estimate even
with very few data. Another issue that comes with normalizing flow models that
work with a standard Gaussian as base distribution, is that induced distribution
assumed to be a single deformed continuous volume in space. In fact this issue may
not be troublesome in high-dimensional space, yet can bring challenges in fitting
to disjoint clusters. Although stochastic normalizing flows[34] alleviate this issue
further, but still there is a lot of room for improvements.

In this work, we are interested in neural network-based estimators that have
invertible transformation and can be used within generative models yet are able to

learn from a few data samples.

2.3 'Transfer Learning

Transfer learning, in general, is learning to learn[35] or in machine learning, is focus-
ing on reuse or transfer knowledge among domains. In other words, we as humans
have the ability to generalize our experiences, and we are able to detect two sit-
uations as similar, thus generalizing the solution. For example, someone who is
learned to play ping pong can usually learn badminton faster because of experiences
obtained in controlling limbs and movement predictions. However, there might be
various motivations for transfer learning when it comes to different fields.
Nowadays, many promising machine learning techniques are developed and used
in practice, yet in many real-world problems, they face serious challenges. The best
problem environments for machine learning techniques are the ones with plentiful
data. However, in real-life scenarios, usually, data is expensive to collect, or very
time-consuming, or nearly impossible to annotate [36, 37]. In literature, these prob-

lems are called insufficient training data[38] where in the case of deep learning, is
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even more severe since these models are data hungry[39, 38]. Mentioned issues are
motivations for transfer learning in many fields such as robotics and bioinformat-
ics. So by considering a few data available, it is desired to reuse existing data or
models with the aim of improving or lowering the need for data. For example, re-
inforcement transfer learning is used to alleviate the imbalanced-class issue for loss
detection in power grids[40]. In a line of works, mapping-based deep transfer meth-
ods try to map data from source and target domain to a new domain where both
source and target data are similar[41, 42, 43]. Another type of transfer learning
methods are adversarial-based approaches that are inspired by generative adversar-
ial networks[28]. These adversarial-based deep transfer learning methods search for
a transferable representation that can be applied to both the source and target do-
mains[44, 45, 46]. Network-based transfer can be defined as reusing whole or part of
a network that is trained in the source domain by transferring its parameter weights,
structures, or connections to another network which will be used for target domain
problem[47, 48, 49]. So using a pre-trained model as the initial state and further
fine-tuning it for another problem is counted as network-based transfer learning.
In the context of robotics within learning from the demonstration framework,
we can define one of the transfer learning problems as such. Given a set of data to
learn specific task, it is desired to learn similar or related tasks with fewer data. We
then define source skill as a skill that enough amount of data for learning is present
and target skill as the desired skill to be learned with fewer data by incorporating

any information from source skill.
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Chapter 3

THE UTILIZED LEARNING FROM DEMONSTRATION
FRAMEWORK

3.1 Overview

In the following chapter, we cover the utilized learning from the demonstration
framework in our work. At first, we define some common terms and then define
different types of demonstrations. Next, monitoring in our framework alongside two
methods of monitoring using reversed and Near-miss demonstrations are explained.
The final section of this chapter depicts and explains our setup for imitation learning

and ends with a conclusion of the chapter.

3.2 Learning from Demonstration

In our case, a demonstration is kinesthetically showing a robot to execute a skill by
providing a trajectory or a set of keyframes[50] (kf) where keyframes can be defined
as a sequence of critical points in the desired state space that following them allows
the robot to perform a skill. After having demonstrations in the format of trajectory
or keyframe demonstrations, a robot can use different models to learn execution and
understand the meaning of successful execution in a task. A demonstration is called a
successful demonstration if following them by a robot, by assuming no change in the
environment compared to demonstration time, leads to successfully executing a task.
On the other hand, if following a certain demonstration can achieve execution of a
task up to a point but not fully successful, we call it Near-miss (NM) demonstrations.
Fig.3.1 shows an expert providing demonstration with the used setup.

Each demonstration contains the robot’s joint space (joint angles) and corre-

sponding perceptual features with our setting. Then we can learn a model using the
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Figure 3.1: Demonstration. The picture depicts a user providing close box skill
demonstration with a robotic hand (Pand robot by Franka Emika). The robotic
hand in white, an object of interest on top of the table in blue and a RGB-D
scanner (Microsoft Kinect) on a stand to capture perceptual data.

robot’s joint space or so-called action data, which provides us with an action model
that can be used to perform the execution. Also, the model learned from sequential
perceptual features is called the goal model that helps us to reason and monitor the
skill execution. We are mainly focused on the goal model in this work, and in the

next section, we dive deeper into the definition and methods of monitoring.

3.3 Monitoring

One critical usage of a learned model from demonstrations is to determine whether
a given demonstration is successful or not. For example, in the case of applying a
Reinforcement Learning method, we can leverage the output of such a model and
formulate a reward function. To this end, we can calculate the forward log-likelihood
of a demonstration, or more specifically, the sequence of perception states, and then
decide on the success or failure of the execution. However, this threshold varies from
one skill to another and drastically may change based on the change of the object.

Another way is to use the probability of ending a skill in a hidden state (terminal
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probability), yet we again need empirical threshold tuning in the presence of multiple
terminal states. Also, relying only on terminal probability is not practical, especially
in a very low data regime. To automate and improve the threshold picking procedure,
we need negative and positive training samples to use a simple classifier. We utilized
two different approaches, first, using reverse demonstrations as negative samples and

second, using NM demonstrations as negative samples.

3.3.1 Reversed Demonstrations as Negative Samples

Here we can consider closing a box wherein the beginning the object is fully open and
at the end, it is fully closed. By reversing the perceptual states of this demonstration,
we obtain a set of demonstrations where the start and end states are reversed. As
a result, calculating the forward log-likelihood value for such demonstration can
give us an estimation of the negative sample to leverage and pick a threshold for

monitoring.

Raw Paoint Cloud Segmented Obejct Point Cloud High Dimension Low Dimension
Skill Agnostic features Skill Specific features

-‘._ ﬁ-

128 dim (e.g. 8 dim)

Object Segmentation
Method

RGE-D Scanner

Figure 3.2: Perception Pipeline. Utilized perception pipeline is demonstrated in
this picture. Procedure starts by capturing raw data from RGB-D scanner and then
feeding it to an object segmentation method to extract segmented object point cloud
data. Next, the skill agnostic PCAE encodes the point cloud data to 128 dimension
feature space. Based on our preference, we may reduce the resulted 128 dimension
data to lower dimensions using a skill specific method like PCA.
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3.3.2 NM Demonstrations as Negative Samples

The assumption behind using reversed demonstrations is that end and start per-
ceptual state of the object are not the same, which may not be the case in many
skills like closing followed by opening a box. Although even in this case, transitions
are different, still that is one issue with using reversed demonstrations. But most
importantly, reversed demonstrations tend to give us a likelihood estimation of ob-
vious failure cases, which most of the time is not the case. For example, imagine
a robot tends to pour pasta inside a bowl; if the robot pours the whole pasta in a
different place or doesn’t pour anything at all, that is an obvious failure. However,
in practice and especially during reinforcement learning, we observe that robots are
able to perform tasks successfully up to a point like pouring most of the pasta in-
side the bowl. As e result, by picking threshold using reversed demonstrations, we
can’t easily catch these near-miss cases. So instead, we propose providing such NM
demonstrations as an input during the teaching phase and then later leverage a set

of NM demonstrations to obtain a better threshold automatically.

3.4 Utilized Setup

During each demonstration, synchronized robot joint states and perceptual features
are being recorded as a demonstration. In the case of keyframe demonstrations,
states are captured upon the user’s request. Robot joint states are captured from
the robot controller that communicates with our system through robot operating
system (ROS) topics. We assume that our object of interest has a bluish color, but
we make no other assumption on the type or shape of the object. A stream of RGB-
D data in the form of point clouds is provided using the Microsoft Kinect device.
The point cloud data is then fed into the object segmentation method that extracts
points that belong to the object. Based on the state, size, and type of the object
number of points in the segmented point cloud may vary, which is not desirable for
applying many machine learning techniques. Plus, since point cloud data doesn’t
have a structure similar to images, we need to have permutation invariance features.

To this end, a skill agnostic Point Cloud Auto Encoder (PCAE) is trained, which
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applies to segmented objects and outputs a 128 dimension perceptual feature vector.
Given our low data regime, this 128 dimension data is big, so based on our need,
we may apply different skill-specific dimensionality reduction techniques such as
Principle Component Analysis to reduce the size of the feature vector. Since PCA
is fitted on demonstrations of a skill, it is called skill-specific, while the PCAE is
used for all perception data regardless of the skill type. Fig.3.2 shows our perception

pipeline utilized in our work.

3.5 Dataset

To evaluate suggested methods in this thesis, we collected a dataset of keyframe
demonstrations that consists of 7 objects and 3 skills of closing, opening, and pour-
ing. Perceptual states are encoded to 128 dimension skill agnostic features followed
by the perception stack described in chapter.3. Fig.3.3 shows objects and available
skills for each of them. To have diverse and comprehensive data, multiple expert
users have provided both keyframe and NM demonstrations for some skills which

more details in this regard in presented in table.3.5.

Drawer Talll Sqrl Octl Bowl Box2 Box1
Close, Open Close Close, Open Close, Open, Pour Close, Open Close, Open
Pour

Figure 3.3: Dataset Objects and Skills. .
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Table 3.1: Keyframe Demonstration Dataset Information.

Skill
# of
Object Name Close Open Pour
Users
Success | Near-Miss | Success | Near-Miss | Success | Near-Miss
Box1 40 40 40 40 - - 4
Box2 40 40 40 40 - - 3
Octl 30 30 30 30 30 30 3
Sqrl 30 30 30 30 - - 3
Drawer 20 20 20 20 - - 2
Bowl - - - - 30 30 2
Talll 10 10 - = = - 1

3.6 Summary

Fig.3.4 shows the overview of LfD framework. First, a user provides demonstrations

by moving the robot towards achieving a task and meanwhile recording action and

perceptual data. Then based on given demonstrations, goal and action model are

built. Then, action model can be leveraged to generate trajectory of joint angles

that will be sent to the robot controller. Finally, during robot execution, percep-

tual data (also called perception data) are collected to determine success or failure

(monitoring) of the execution with the help of the goal model.
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Joint Perceptual Angles Data
Angles Data Action
AN J
M ) [ Model } Execute Monitor
Demonstration | >

. Goal Action Goal
Learning Model Model Model

Figure 3.4: LfD Overview. Process of kinesthetic teaching, learning models and
then execution and monitoring are depicted as an overview of LfD.
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Chapter 4

STATE TRAVERSAL TRANSFER

4.1 Overview

The State Traversal Transfer chapter first introduces the motivation to look for a
transfer learning method. Then we continue with defining some terms to share
the same ground. Next, we go over our suggested method and demonstrate the
State Traversal Transfer algorithm with a pseudocode. Finally, the skill monitoring
methods of this algorithm are explained. Finally, experiment setup and results of

State Traversal Transfer method are provided at the end of this chapter.

4.2 DMotivation

Motivated by rich knowledge embedded in an HMM learned from enough amount
of data, we aim to transfer some of this embedded knowledge to improve learning
another task in a low data regime. Here we assume a transfer scenario where we have
enough demonstrations for a specific skill and object (Source Skill), and given a few
number of demonstrations, we want to learn another task (Target Skill) iteratively.
Indeed a level of similarity is expected between source and target skill. We observed
that in learning a skill in case of very few data, emission estimation is critical,
while on the other hand, having a rough estimation of the transition model can be
done relatively easier. So we aim to find a method that can iteratively update the
emission model of an HMM and learn transitions using fewer data by reusing related

and similar data.
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Algorithm 1: HMM State Traversal Transfer Algorithm

1

2

3

4

5

10

11

12

13

14

15

16

17

Input: Target Demonstrations (D), Source Skill HMM
(HM Mg),Likelihood threshold (likelihood_th)
/* Emission (Mean(u), Covariance(Z)) */
Result: Transferred Target HMM (H M Mr)
HMMyp < HMDMg

for demo in D do

log_prob < log_pdf( HM My.emissions, demo)
decoded_seq < argmax(log_prob)
for kf in demo.keyframes do
/* Update a current state emission */
if log_problkf] > likelihood_th then
Hnew < Pod + @ X (Kf — fiora)
Zestimated < (tnew — k.f)(finew — kf)T
Znew < Zowa + & X (Zestimated — Zold)
end
/* Add a new state */
else
finew <= kf
Znew < Average(statesZ)
end
end
end

Run EM by fixing the emissions to learn transitions

4.3 Methodology

As mentioned, we observed that emissions are of utmost importance for transfer.

In our case, we assume HMMs with multivariate Gaussian distributions as emission

model. So given the scenario of a very low data regime, we want to incrementally
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update the covariance matrix and mean of emission model of a source HMM and
build a candidate HMM for the target task (transferred HMM). For now, we assume
that demonstrations are from a single user, and they are not vastly different, so a
level of similarity between demonstrations is expected.

First, we learn the source HMM using all demonstrations provided for the source
skill. Then we drop the source HMM transitions and treat the states of source HMM
as only different multivariate Gaussian distributions. Next, we traverse keyframes
in each demonstration; for each step, the log-probability of the current keyframe
with respect to all states is calculated. This gives us a measurement of how likely
a keyframe belongs to an existing state to be a candidate for an update. However,
there might be cases in a keyframe that may not belong to any of the current states,
and in fact, we need to add a new state. For this, a lower limit empirically is set for
log-probability values to decide whether a keyframe belongs to an existing state in
source HMM or not.

So, if a keyframe belongs to an existing state, we first update the mean using
eq.(4.1), then using the updated mean(fi,e,, We estimate a new covariance based
on eq.(4.2) and finally we update the current covariance matrix using eq..(4.3).
Otherwise, a new state is added with a mean (u) equal to the keyframe point and an
average of existing distributions covariances (Z) as this new state initial covariance.
After traversing all keyframes in the given demonstrations, we fix the emissions and
learn the transition model using the baum-welch [2] algorithm. The notion behind
update equations is to gradually update the emission model where the factor o tunes

this speed. State Traversal Transfer algorithm is demonstrated in Algorithm.1.
Hnew = fhold + @ X (kf - /flold) (41)
Zestimated - (/Jmew - k'f)(,unew - kf)T (42)

Znew = Zold + ¢ X (Zestimated - Zold) (43)
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4.4 Results and Discussion

4.4.1  Ezxperimental Setup

State Traversal Algorithm was designed to achieve transfer for single-user data.
So during State Traversal experiments, we only use demonstrations from a single
user. As shown in algorithm.2, we iteratively go over demonstrations, and in each
iteration, we perform our evaluation to compare the results and obtain the trend of
transfer versus the number of target skill data. Also, as a baseline to compare with,
we have an HMM with multivariate Gaussian emissions that are fitted on target
skill data. In other words, we want to investigate whether HMM transfer scenario
helped us improve over the baseline or not. We pick new data from the test set
and add it to the trainset in each iteration. For instance, in an experiment with 10
success and 10 NM demonstrations, in the case of using NM for picking threshold,
in the first iteration, we have only 1 train success and 1 NM while we have 9 success

and 9 NM test data.

4.4.2  Goal Model Transfer

We evaluate the monitoring performance of transferred and baseline models for goal
model transfer in terms of average Fl-score. For this purpose, we leverage the for-
ward likelihood of a demonstration and terminal probability to classify whether a
skill was successful or not. To be practical, we pick this threshold using training
demonstrations that are provided during each iteration. However, they are all suc-
cessful demonstrations and can be highly biased towards the trainset. Thus, we
provide the same number of NM demonstrations as the training set and use them as
unsuccessful samples as we explained in 3. Since we only use single-user demonstra-
tions, we can have many experiment variations. For example, transfer from boxl1,
userl, close skill, to box1, user2, close skill. In this regard, we group experiments in

4 different scenarios:

e Same Skill Same Object (different user demonstrations)

e Same Skill Different Object (can be same or different user demonstrations)
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@ Baseline: Same Skill Same Object @ Transfer. Same Skill Same Object @ Baseline: Same Skill Different Object Transfer: Same SKill Different Object
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(a) 1D Monitoring
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(b) 2D Monitoring

Figure 4.1: State Traversal Transfer vs. Baseline HMM: Depicts comparison
of state traversal transfer and baseline model in different transfer scenarios where in
(a) 1D monitoring used and 2D monitoring employed in (b).

e Different Skill Same Object (can be same or different user demonstrations)

e Different Skill Different Object (can be same or different user demonstrations)

Fig.4.1 demonstrates the state traversal transfer and baseline HMM results. In

Fig.4.1a, we observe monitoring results comparison where forward_likelihood X
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Figure 4.2: With Near-Miss vs. W /O Near-Miss : This plot investigates effect
of utilizing NM demonstrations in monitoring threshold calculation where (a) is the
case without NM case, and (b) is where we utilized NM.

terminal _probability used as a 1 dimension value to use in monitoring while in
Fig.4.1b, forward and terminal probability used as a 2 dimension vector for mon-
itoring. As the plots suggest, state traversal transfer has proved useful in almost
all scenarios. In addition, using the 2 dimension vector of forward and terminal

probability showed to provide more flexibility in monitoring.
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Table 4.1: Baseline vs. Transfer Execution avg. Success. For the following
calculations, failure accounted as 0, NM as 1, and success as 2 points. Results are
average of 5 retries. Bold data shows outperforming model’s result.

Transfer Experiment | Model Iteration 1 | Iteration 2 | Iteration 3 | Iteration 4
Baseline 0.5 0.5 1 1.75
Boxl — Box2 Close
Transfer 1.75 1.75 2 2
Baseline 2 1.5 1.5 1.25
Box2 — Box1 Close
Transfer 1.75 1.75 2 2
Baseline 2 1.5 2 2
Box1l — Box2 open
Transfer 2 1.75 2 1.75
Baseline 1.25 1 1.25 1
Box2 — Box1 open
Transfer 2 1.75 1.5 1.5

Next, now that we have observed 2D monitoring performs better compared to
the 1D monitoring, we repeat the same experiments, but this time, instead of using
near-misses only as negative samples, we split them to train and test sets similar to
what we do for successful demonstrations to further use the near-miss training for
improving the monitoring threshold calculation. Results of these experiments are
provided in fig.4.2. Overall, we can infer that using near-miss demonstrations instead
of reversed demonstration in success threshold calculation improves the baseline and
state traversal transfer results. For example, we can see using near-miss helped the
method to achieve higher performance in the first and second iteration in Same Skill
Same Object and Different Skill Same Object while decreasing the performance of
Same Skill Different Object and Different Skill Different Object transfer scenarios.
Also, we should consider that by using NM we are accepting to increase the cost of
providing near-miss demonstrations as well in which it may not always be feasible
to provide natural near-misses by a demonstrator. Yet, having near-miss samples
helps us achieve a more realistic monitoring evaluation as reversed demonstrations

are hugely different.
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4.4.8 Action Model Transfer

Similar method of transfer leveraged for transferring Action model. In this case,
our evaluation metrics are being able to achieve the task with or without transfer
successfully. To this end, we picked a subset of experiments and performed the
action model transfer, while at the end of each iteration, we take the mean of action
HMM and generate a mean trajectory for execution. Then an expert user observes
the execution and decides whether it was a success, NM, or total failure. In addition
to action transfer, we do goal transfer and monitor the execution to evaluate our
goal model transfer again. Also, since we work with keyframe demonstrations and
models are trained in a similar manner, perceptual states during executions are
picked based on passing through action model keyframes.

Table.4.1 demonstrates the average score of baseline and transferred model exe-
cutions by scoring success as 2 points, NM as 1 point, and failure as 0. In addition
table.4.2 compares monitoring accuracy of a baseline HMM and the HMM obtained
from state traversal method. As best performing results in bold format show, we ob-
tained consistent results with the offline goal model transfer experiments. Although
State Traversal Transfer method showed improvement compared to the baseline in
transferring goal model, it is not without limitations and no noticeable improvement
observed in transferring action model. This can be from the fact that Gaussian as-
sumption for action data is a reasonable assumption. As a result we chose the path

of goal model to transfer and improve.

4.5 Conclusion

This chapter has provided path and motivations towards a transfer method for
HMMs. We suggested a simple approach to iteratively updating a current HMM
with multivariate Gaussian emissions. Indeed we assume that the HMM is used for
goal or action model and learned from keyframe demonstrations of a single user. We

also inferred that:

e Learning from various or multiple user demonstrations needs a lot of fine tuning

in number of hidden states
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Table 4.2: Baseline vs. Transfer Execution Monitoring accuracy calculated
for robot execution experiments. Reported results are average of 5 retries with
shuffling the data. Bold data shows outperforming model’s result.

Transfer Experiment | Model Iteration 1 | Iteration 2 | Iteration 3 | Iteration 4
Baseline 0 0.5 0.5 1
Boxl — Box2 Close
Transfer 0.75 1 1 1
Baseline 0.25 1 0.75 0.75
Box2 — Box1 Close
Transfer 1 0.75 1 0.75
Baseline 0.75 0.75 0.75 0.75
Box1l — Box2 open
Transfer 1 1 1 1
Baseline 0.5 0.75 0.25 1
Box2 — Box1 open
Transfer 0.5 0.5 1 0.5

e Transferring goal model showed to have more room to improve especially in
presence of mixed data compared to action model that was without significant

improvement.
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Chapter 5

CONDITIONAL FLOW HIDDEN MARKOV MODEL

5.1 Overview

After defining learning from the demonstration framework and the transfer learning
motivations plus suggesting the State Traversal Transfer method as a starting point
toward our aim, here we suggest a model called Conditional Flow Hidden Markov
Model (C-FlowHMM) that is designed based on experiences that emerged from pre-
vious chapters. First, we recite more motivations and then define the problem, and
finally, we suggest our solution, followed by details of the algorithm and mathemat-
ical derivations and then experiment details and related discussions. This chapter

ends with a discussion about an observed limitation of normalizing flows.

5.2 DMotivation

HMMs have been shown to be powerful in learning sequential data and learning
the structure even in low data regimes. However, the emission model assumption,
which in our case is multivariate Gaussian distribution, brings about shortcomings,
especially when the distribution of data is complex. In addition, we approached
to transfer and update the emission models and faced many challenges and had to
make many simplifying assumptions. So we are motivated to replace the emission
model of HMMs with a neural network density estimation model to improve the
model’s flexibility. Towards this end, normalizing flow models such as RealNVP(§]
which is an extension of NICE[7], is a suitable candidates. First, it is simple, has
fewer assumptions on the density model, and is tractable. This path is motivated by
a recent work of Liu et al.[4] work that used a mixture of RealNVP models as each
state emission. But this model is huge hence not suitable for a very low data regime.

As a result, we aim to redesign HMM by leveraging robotic domain knowledge for
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using the model as a flexible and powerful model in the LfD framework.

5.3 Problem Definition

Towards having a generative model with flexible emission models, we suggest realiz-
ing HMM emission model by a conditional RealNVP model conditioned on hidden
states of the HMM. As such, we define our problem domain.

Assuming that our sequential data is X = [z1, 7o, .., z7] where z, € RY. We are
interested in finding an HMM H € H where H is the space of all possible solutions.
Note that T is the number of keyframes in the demonstration X or, in other words,

the length of the sequence. Now we define the followings:
o H={H|H ={5,m A,p(z|s;0)} where H is solution space.

Set, of hidden states of H is S.

A is the transition matrix of states in H with size |S|x|S| where Vi,j € S,

Aij = p(st41 = jlse = 1)
o m={m,my,...,mg} are states prior probability distribution.

Sample z; is assumed to be generated using p(z;|s;; #) where 6 is parameters

of emission model.

Next, we formulate C-FlowHMM in detail, but we should keep in mind that our

aim is to build a probabilistic model that induces p(X; H).

5.4 Emission Model

As mentioned we denote a demonstrations as a sequential data X = [z1, z, .., Z7]
where z; € RY assuming that they follow an unknown distribution p(x). As Fig.5.1
visually demonstrates, we assume having R demonstration or sequences of data
where each can have different length that is denoted by 7T,.. Next, we replace the
p(z|s; ) with a conditional RealNVP generator as shown in (5.1) where g : RY —
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Figure 5.1: Sequential Data Notation. To clarify our sequential data notations,
we visualize the number of demonstrations (R) and length of each demonstration
(T") in this figure.

RY is a transformation in which z = f(z,s). Please not that we assume that g is
invertible so f~!(z,s) = z holds. Here z is a latent variable with density function
Drase(z) such that z € RY. Dpase can be any known parametric distribution but her

we assume it is a Standard Multivariate Gaussian distribution.

p(a]s:0) = prse (et L) (5.1

Fig.5.2 demonstrates a signal flow of our suggested model where a sample x is

transformed sample of py,se distribution given hidden state s.

fzs)
e, "Gt

9(z, s)

Figure 5.2: Induced Distribution Flow.

5.5 Learning Method

Given the following definitions, we want to learn parameters of C-flowHMM such
that it estimates p(x) with p(z; H) or in the other word maximizing the likelihood

of p(z; H) for all sequences of data as shown in eq.(5.2).
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R
1
— " H 2
argglg%R;logp(z, ) (5.2)
Note that s = [sq, 9, .., $7] is the sequence of hidden states corresponding to

observations x. Finding a closed form solution is not possible for problem(5.2)

hence we approch this problem in expectation maximization (EM) framework.

5.5.1 FExpectation Step

First we calculate joint posterior probability of observation sequence x and corre-
sponding hidden state sequences. Then we calculate expected likelihood of p(z) and

p(s|x; H) using eq.(5.3).
L(H) = Ep(a),p(sfe;m [logp(x|s; H)] (5:3)

5.5.2  Maximization Step

In maximization step we need to maximize eq.(5.4) to update emission model(5.7),

transition matrix(5.6) and prior probability distribution(5.5).
mng(H) = max L(m; H) —I—ijﬁ(A; H) —|—m0aX£(9;H) (5.4)

So the maximization step divides into three separate problem which are formu-

lated below.

L(m; H) = Epx) p(six.m)[logp(si; H)) (5.5)
T—1

L(A; H) = Bpx) plepen (Y logp(sisalse; H)J (5.6)
t=1

L(0; H) = Epx) p(six.mllogp(x|s; H)] (5.7)

5.5.8  Transition and Prior Probability Update Formulas

Since transition and prior probability update problems are known and, in fact, based
on our architecture, same with an HMM model, derivations are already available in

the literature, so we provide the resulted update equations.
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Eq.(5.8) demonstrates the transition probability update rule by considering that

A p(sj.q = j|s; =14; H) is definition of transition matrix entities.

R ~~T-1 (4 _ . -

OV S R T—1 )
|k:|1 Zrzl thl p(s;” =1,8i11 = k|§T; H)

In addition, eq.(5.9) is the initial probability update update formula. Note that

i?j =

posterior probability calculation is also a known problem and in this study we used

forward-backward[2] algorithm to calculate them.

R
> p(st =ilx"; H)Vie1,2,3,..|9 (5.9)

r=1

T =

1
R
5.5.4  Conditional Coupling Layers

Now to obtain the solution to (5.7), we need to provide more details about condi-
tional normalizing flows. Generator f is realized by concatenation of L-layer neural
network that maps z given s to x where f(.,s) = fp o fr_10...f1 and f; is the l-th
layer. We need this mapping to be invertible. The concatenated mapping is invert-
ible if the mapping of each layer is invertible; hence we have f~!(z, s) = z. Carefully
designed neural network layers suggested in NICE[7, 8] and extension of it in [8] are
such layers and suitable for our purpose. In this work, we use the extended version
suggested in RealNVP that provides both more flexibility in learning as well as an
easy way of calculating the determinant of the Jacobian of this transformation by
leveraging the change of variable formula in (5.1). Layers suggested in RealNVP pa-
per are called affine coupling layers where each transformation is defined as follows
given our N — dimension observation x where y is the output of transformation,

and © is element-wise product.
Yin = T1n (510)
Unt1:N = Tpp1:n © exp(s(T1m)) + H(X1:) (5.11)

Here, S(.) and #(.) are function that map R™ — RY —n space. If we try to derive

the inverse transformations in (5.10) and (5.11) we can simply obtain the followings:

T1n = Yin (512)
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Tn1N = WYnirn = HY1n)) © exp(=5(y1n)) (5.13)

There are two main points here; first, we can see based on (5.12) and (5.13)
that inverse and forward transformations cost equal computations, and this is very
desirable for our generative model where inference and generation can have the
same cost. Secondly, transformation obtained from such coupling layer has known

Jacobian that is presented in (5.14), and it is triangular.

I 0
? e (5.14)
T % diag(exp(s(z1.,)))

As a result, we can observe that determinant of this Jacobian does not need s(.)
or t(.) to be invertible and can be any complex functions which, in our case, we
use multi-layer neural networks. Finally, the Jacobian determinant of the concate-
nated transformation can be obtained by multiplying each coupling layer’s determi-

nant(5.15) and hence similarly for the inverse of it.
det(A o B) = det(A)det(B) (5.15)

To make such layers conditional, we follow a common practice that is used in
deep neural networks, which is the concatenation of condition with the input of
the layer. We should note that in practice, indexing inputs fed to shift (s(.)) and
translation (¢(.)) functions are achieved by masking the input. We follow the same
approach, but indeed we do not mask the condition passed to each layer. Fig.5.3

shows a concept of consecutive conditional coupling layers used in this work.

5.5.5  Emission Model Update Formula

Now that we have defined our conditional normalizing flow model, we can continue
to solve (5.7) that takes us to maximizing the cost function of our neural network

based generator in (5.17).

R T
1
LOH) =5 > > v H) Y logp(ails; H) (5.16)
t=1

r=1 s"

|S|

R
- }%ZZ > p(s;|x"s H)logp(ay|s;; H) (5.17)

r=1 s" sj=1
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Figure 5.3: Conditional Coupling Layers. Depicts how hidden state s is passed
to each coupling layer to make them conditional.

If we name f~! = g and calculate the state posterior values p(s;|x; H) using
forward-backward approach we can get:

IS]

- = Z Z Z p(stla"s H)[logprase(9(xy, ) + Z log|det(Vg' (7, 5))]]
R

r=1 s" si=1 =1

(5.18)

The equation in (5.18) is the emission model cost function of a C-FlowHMM
that can be optimized using stochastic gradient descent. In fact, being able to
learn the emission model of C-FlowHMM using gradient updates provides a way of
network-based transfer for our method in which we update a current C-FlowHMM

by fine-tuning it with new data.

5.6 Pseudocode

Finally with having all the update rules and formulating our cost function we demon-

strate the C-FlowHMM method training algorithm in EM framework in algorithm.2.

5.7 Convergence Criteria

One important hyperparameter that usually is picked empirically is the number of
training iterations. Since our method is explicitly designed to be a lightweight model

and work in a low data regime, the number of iterations for training can vary based
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Algorithm 2: Learning method of FlowHMM
Input: Data from unknown distribution p(z), Learning Rate (n)

Result: FlowHMM params

1 Initialize H € H results:

2 H={S 7 A p(x|s;0)}

3 while H not converged do

/* Expectation Step */
4 Sample a batch of data {X}/, from p(z) with batch size R,

5 Compute posterior p(sy|x"; H)

6 Calculate loss L(6, H)

/* Maximization Step */
7 | 00+ VoL(0,H)

8 0+ 0+nx0o0

9 | m < argmax, L(m)

10 A+ argmaxy L(A, H)

11 end

12 return H

on the number of training data. So instead, we suggest convergence criteria instead
of deciding on the number of iterations. We propose leveraging change in forwarding
log-probabilities of training sample in each iteration so that if this difference goes

lower than a threshold, we stop the training.

5.8 Results and Discussion

5.8.1 FExperimental Setup

To evaluate the C-FlowHMM method for goal model transfer, we used the introduced
dataset consisting of various demonstrations from 7 objects and 3 skills. However,
contrary to state traverse experiments, here we combine demonstrations from all

users to build more significant and various sets of data for our experiments. Since



Chapter 5: Conditional Flow Hidden Markov Model 31

each user may achieve a skill differently; as a result, different occlusion cases and
perceptual object states happen, which makes our experiment scenarios more real-
istic.

One motivation behind designing C-FlowHMM was to alleviate the issue with
choosing the number of hidden states as we know HMM is highly dependent on
this hyperparameter. Doing all experiments with changing the number of hidden
states from 3 to 9 gives us a more fair comparison between the baseline HMM and C-
FlowHMM. The reason behind stopping at 9 is that almost all of the demonstrations
in our dataset have lower than 9 keyframes, so stopping until 9 hidden states is
reasonable. In the following experiments, we randomly pick 30% of success and NM
demonstrations for training while the rest will be used for testing. As the evaluation
measure, similar to state traversal transfer, the average F1l-score of monitoring is

reported where experiments are performed 5 times.

(o)) =

S

&

(a) C-FlowHMM (b) GenHMM

Figure 5.4: HMM modeled using GenHMM and C-FlowHMM.

In the following experiments, in addition to the HMM, we use the GenHMM
method as the second baseline to compare our method with. Although, we should
mention that the GenHMM model is not designed for our low data regime case, and
the comparison might not be completely fair. In this regard, we use the GenHMM
model with 2 and 5 generative components (mentioned as parameter K in their
work), and we denote it as GenHMM-2 and GenHMM-5, respectively. Fig.5.4 il-
lustrates a graphical comparison between the HMM obtained from GenHMM and
C-FlowHMM model. While GenHMM uses a mixture of normalizing flow models for
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Figure 5.5: Box1 Object Open and Close Skill Monitoring.
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each hidden state emission, C-FlowHMM employs a single conditional normalizing

flow to represent all emission distributions.

5.8.2  Skill Learning Monitoring

Since GenHMM results are not comparable to the baseline and C-FlowHMM, in

fact, were not designed for our problem, GenHMM results are added to a subset of
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Figure 5.6: Box2 Object Open and Close Skill Monitoring.

experiments to provide enough notion of the model performance. Note that more
skill learning monitoring results are provided in Appendix A for the space structure
and space constraints.

As figures 5.5, 5.6, A.4, A.1, A.2, and A.3 show, overall C-FlowHMM performs
better in terms of avg. F1-score of monitoring. Also, we can claim that C-FlowHMM

is more robust to number of hidden states compared to GenHMM and HMM yet it
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doesn’t remove the need of an expert to estimate this hyperparameter empirically.
For example, 5.5b presents that with 3 hidden states C-FlowHMM improved baseline
yet fell short in competing with GenHMM approach suggestion that 3 states is
not enough. This is completely dependent on variety of object perceptual state
in demonstrations. Fig.5.6a and fig.5.6b further demonstrate this fact since box2

object has much less variation in perceptual states compared to box1.

5.8.8  Multi-object Skill Learning Monitoring

In addition to learning skills from an object, we investigate whether we are able to
learn the same skill for similar objects or not. To this end, demonstrations from box1
and box2, that has the highest similarity in shape and dimensions among dataset
objects, are combined. Next, a similar monitoring experiment was performed to
evaluate this hypothesis. In this scenario, due to the diversity of perceptual states,
issues related to the number of hidden states become more severe. As fig.5.7 plots,
C-FlowHMM is able to handle the data thanks to the neural network generators
employed in the model. On the other hand, the baseline shows great change in
performance by change in the number of hidden states and, in fact, after having

enough hidden states, is able to compete with C-FlowHMM.

5.8.4  Skill Transfer Monitoring

As opposed to state traversal transfer, now we have better infrastructure to move
toward transfer. In this scenario, we learn a C-FlowHMM from a source skill, and
then we try to use the resulted method as the initial state for learning the target
skill. For learning source skill, again 30% of demonstrations used while for target
skill only 15% of demonstrations is used to fine-tune the model on the target domain.
Then we compare the transferred model with an HMM and C-FlowHMM trained
with only 15% of target skill demonstrations. Similar to the previous experiments,
avg. Fl-score of monitoring with 5 retries are reported. As fig.5.8 suggests, a level
of transfer is achieved, and the suggested transfer model performs better than HMM

baseline. However, in two of the experiments, we only achieved comparable results
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Figure 5.7: Cumulative set of Box1l and Box2 Objects Skill Monitoring.

compared to the C-FloHMM baseline. Yet, the investigated transfer method is naive
and is only to show that with C-FlowHMM, directions for transfer can be explored

more.
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Figure 5.8: Skill Transfer Results. To clarify, close / box2 -; box1 means trans-
ferring close skill where the source object is box2 and the target object is boxl1.

5.8.5  Loss Function Plots and Convergence Criteria

Fig.5.9 demonstrates negative log-probability of demonstrations during training. On
aim of C-FlowHMM is being able to distinguish between NM and success demon-
strations. So, here we plot same values for train success, near-miss, and a validation
set from the success demonstrations which only is used here for visualization pur-
poses. Here, the mode is trained for a number of iterations but the iteration that

convergence criteria is met is distinguished with an arrow.

5.9 Limitations

As mentioned during introduction of density estimation methods, normalizing flow
models are tractable and equipped with high learning capacities. However, when
assuming a standard Gaussian as base distribution, induced distribution inherits
features of base Gaussian distribution. Few of the studies investigated this issue
mostly due to usage of these methods in high dimension data. But inclined with

our work, we present this limitation with a small toy dataset and discuss why it is
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Figure 5.9: Negative Log-probability of Sequences and Convergence. To
depict how the convergence criteria works, the iteration that convergence criteria
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Figure 5.10: Toy dataset samples.

important in our field especially for modeling action states.

Fig.5.10 shows a toy dataset with 4 clusters and 3 states where points belonging
to each state is represented with the same color. Let us imaging these are data
points belonging to a task that can be achieved in 2 ways. All valid sequences start
with cluster in left, then goes to one of the middle clusters, which both of them are

from a same state, and then ends with the rightmost cluster. Now, lets say we are



Chapter 5: Conditional Flow Hidden Markov Model 38

o ae,0 S
.
® °
.
o af Q9 53

o b
e SO

v,
.

830

’.3.‘.'"'" tu’,‘fé
& ;

0 %0,
“,0

toat ' & :_'. y
o

(a) Induced Heat map (b) Sampled point

Figure 5.11: 3 State Conditional RealNVP Heat map and Samples

)
1.0 L A
-12 &
‘s
0.8 ° '.'x .
-14 “‘ ;&;
0.6 °
o '..o
P
16 041 '. K4
o N {
L
0.2 4 'oc‘ .
-18
L]
0.0 1 ©n
-20 -0.2 . ‘ . . ‘ .
02 00 02 04 06 08 10 12 —02 00 02 0.4 056 058 10 12
(a) Induced Heat map (b) Sampled point

Figure 5.12: 4 State Conditional RealNVP Heat map and Samples

interested in learning this task with conditional normalizing flow models. The aim
is to obtain two separate induced distributions for the middle clusters. Fig.5.11a
depicts the learned heat map of the generative model and fig.5.11b shows sampled
points from this generative model. It is obvious that our base assumption imposes a
limitation in achieving separate clusters in the middle while fig.5.12 illustrates how
this models can fit perfectly on data in presence of enough number of states and we
believe this issue is more critical in dealing with action data of any skill that can be
achieved in multiple ways.

A simple workaround can be leveraging the density evaluations of generated
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Figure 5.13: Samples from Likelihood-guided Sampling.

samples or as we call it likelihood-guided sampling. For this, we first generate
enough samples then we only pick samples with high density values estimated by
the model itself. However as shown in fig.5.13 this will harshly limits the samples

to very high likely space and cannot model the distribution of data properly.
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Chapter 6

CONCLUSION

In this thesis, we first presented a method for iterative transfer of HMM models,
and we showed that using transfer in a very low data regime can help boost the
monitoring performance of the goal model for single user demonstrations. In addi-
tion, we presented that using demonstration likelihood and terminal probability as
a 2D feature vector improves the monitoring performance in terms of avg. F1l-score.
However, we observed that this approach is only suitable for a very low data regime
and is not a substitute for the HMM, especially for the action model. In addition, we
presented that using NM demonstrations instead of reversed demonstrations leads
to better monitoring, but it will increase the effort of demonstrations needed.

Next, given our problem in a low data regime, efforts have been made to lever-
age promising conventional methods like HMM and further customize them with
our field knowledge. In this line, C-FlowHMM is suggested, which is an HMM pow-
ered by neural network-based generators. Here, conditional normalizing flows are
employed as the emission model to simplify the model while bringing more modeling
flexibility. Then learning method of C-FlowHMM is suggested in the framework of
expectation maximization. As the experiments present, C-FlowHMM has the capa-
bility of training in the presence of a low number of data and improve monitoring
tasks for our existing dataset. Next, we showed that C-FlowHMM is more robust to
change in the number of hidden states compared to HMM, and we further certified
that by learning the same skill for multiple similar objects. Finally, we investigated
a naive and simple approach for transfer using C-FlowHMM that showed their pos-
sibilities of skill transfer, but more experiments and specific transfer methods based
on C-FlowHMM may be needed. We believe that this thesis represents the fact that
with field-specific designs and combining conventional methods with deep neural

network modeling power can make such models applicable for few data.
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6.1 Future Directions

There are avenues for improvement and future work, but we illustrate a few here.
Other than similarity in perceptual states of objects, there are similarities in order
of execution to achieve a specific task. As a result, the investigation of paths to
re-use transitions for transfer in C-FlowHMM seems interesting. In addition, in
case of having more data with more complex or various transitions, replacing the
transition matrix of C-FlowHMM with a recurrent method can be another direction.
We represent this abstract idea in fig.6.1 where the hidden state of C-FlowHMM
is decided using a recurrent model. Another line of improvement can be replacing
the conditional normalizing flow model of emission with a stochastic conditional

normalizing flow with aim of alleviating the seperate cluster issue.

8t

Ty —>» State Encoder 1

St+1
b )
Coupling Coupling Coupling
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Figure 6.1: Abstract concept of using a State Encoder
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Appendix A

ADDITIONAL C-FLOWHMM RESULTS

In this appendix we have provided more skill monitoring results of C-FlowHMM.
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Figure A.1: Sqrl Object Open and Close Skill Monitoring.
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