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Abstract

While recent advancements in foundation models have allowed robots to handle general
tasks, applications have largely been restricted to simple pick-and-place tasks. In this thesis,
we address the challenge of enabling robots to perform complex manipulation tasks that
involve physical contact interactions in real-world environments. Identifying efficiency in
learning in the real system and estimation of an object’s representation as key challenges,
this thesis studies the following three pivotal questions.

e Part I: How can we train high-control-performance and sample-efficient RL policies?
Chapter [ investigates whether increasing input dimensionality improves control
performance and sample efficiency in model-free deep reinforcement learning (RL)
algorithms. We propose an online feature extractor network (OFENet) that utilizes
neural networks to generate effective representations as input for deep RL algorithms.
Chapter [3] proposes a novel framework that facilitates the training of larger networks by
combining OFENet, DenseNet architecture, and distributed training. This framework
enables the training of 150 times larger networks, achieving approximately 2 times
higher returns and 100 times better sample efficiency, making it suitable for real-world
applications.

e Part II: How can we estimate an effective object’s representation for performing
manipulation? Chapter [4] proposes a method “Hypothesize, Simulate, Act, Update,
and Repeat” (H-SAUR), a probabilistic estimation framework that efficiently estimates
objects’ articulation, an essential representation to manipulate articulated objects,
from a few interactions. Chapter [5] combines tactile sensing and the framework
developed in Chapter [4]to solve a general connector mating task, a partially observable
task due to the small size of the tactile sensor. We introduce Tactile Filter which
allows robots to interactively estimate the corresponding shapes of mating connectors
with unknown geometries.

e Part III: How can we solve a desired dexterous manipulation task? Chapter [0] tackles
the task of stably stacking an irregular object on top of an unknown tower. To solve
this task, it is essential to estimate an extrinsic contact patch, a contact area between
a grasped object and a bottom object, which is not directly observable, thus requiring
a robot to estimate from raw tactile signals. We utilize the probabilistic estimation
framework developed in Part II to reliably estimate the contact patch by aggregating
information from multiple interactions. Then, we input the estimated contact patch
into the RL framework developed in Part I. We demonstrate this combination allows
the robot to efficiently solve the task by training solely in the real system.

The conclusion in Chapter [7] summarizes the answers to the above three questions, high-
lighting the importance of the high-control-performance and sample-efficient RL framework,
and the probabilistic estimation framework that allows robots to estimate the essential
object’s representations from interactions. In addition, we address limitations and possible
future directions, including sim2real and combination with foundation models for better
efficiency and generalization capability, for further investigating the questions.
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(denoted by s € S) is generated using the tactile image from the first touch

and a trained part mating model, which predicts the correspondence between

parts that fit together. We compute an optimal action for sampling the next

image on the hole surface in order to minimize the uncertainty of the current

estimate using a maximum likelihood approach. This is also illustrated in

the figure, where, given an initial touch, we can select an optimal action

that maximizes uncertainty reduction. This method allows us to find the

peg for the right fit, as well as localize the hole (as we finally get the correct

hypothesis) while minimizing the number of interactions during the task.

(MLTF stands for Maximum Likelihood Tactile Filter). [Best viewed in color| | 66
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Data Collection, Training, and Inference of the part mating model: The
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set of 1images for pegs and holes, respectively. The middle block illustrates

the training procedure for the part mating model. It is trained in a self-

supervised manner using a contrastive loss that encourages the model to

produce high scores only when images corresponding to true mating parts

are provided. The right block demonstrates the model’s generalization to

different shapes after training. [Best viewed in color| . . . . . ... ... ..
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L fit within the size of the sensor 1f the robot makes contact with the center |

position. The sensor size is shown in the middle image. The board on the

right has large characters with a length ot 32 mm and a maximum width

of 40 mm, requiring multiple interactions with the tactile sensor to obtain

complete geometry for the object.|. . . . . . . ... o000

55

Classification accuracy ot the proposed method with a different number of

classes evaluated on the Large objects. The result shows that our method
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strategies. As can be seen in these bar graphs, our proposed method demon-

strates a significant improvement compared to the selection of random actions
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Visualization of beliet maps for holes categorized as “M”, “L”, “'I”" and “F”. In
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Estimating extrinsic contact from tactile sensing: This work studies

how eztrinsic contact (indirect contact between a manipulated object and

an environment) can be estimated in the context of stable placement of an

object in the environment with partial support. The figure above shows an

object stacking scenario using two lightweight wooden game pieces (from the

popular Bandu puzzle). (Left) The contact area between the two objects

being stacked 1s critical to the success ot the stack. Vision-based tactile

sensors mounted on the end effector and force-torque sensor provide us

with a composite signal that includes both intrinsic (direct) and (partially

observable) extrinsic contacts. Our key innovation is to propose a learning-

based method to estimate the extrinsic contact patch using only the composite

tactile signal and knowledge of the force applied by the end effector. (Right)

'This enables the robot to stack a highly irregularly shaped object on top of

a very unstable tower.| . . . . . ...
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Pipeline: Our method comprises four components. First, a robot probes

the environment to establish contact between the grasped object and the

target object upon which 1t must be stacked. During this probing phase, we

acquire a sequence of force/torque measurements and tactile images. We

then estimate the extrinsic contact patch and, in turn, the potential stability

of the resultant configuration. Subsequently, we aggregate the information

from multiple interactions to update the belief map of the contact state. We

choose the action that maximizes the contact patch between the objects.| . .
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This displacement and known contact surtaces of the two objects give the
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use the 3D printed objects for training data collection. The objects consist of

small and large cylinders with diameters of 15 and 25 mm and a rectangular

prism whose length of its top surface is 15 mm. (b) The first two pieces on the
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types: tactile displacements on the XY axes (only shows the maximum
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in each graph shows the contour of the bottom object. (b) Example contact

patch sampled from the star points (¥ ) in the left distributions. Although

these contact patches are very diflerent, the tactile signals look quite similar

as seen in the data around the star point, showing the difficulty of the task;

1.e., similar tactile signals can lead to very ditferent contact patches.|

[6.6
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Training curves on the combination ot three different grasped objects and

two different unknown bottom objects with ditterent methods. The black

horizontal lines show the half sizes [mm| of the surface of the grasped objects,

indicating that the distance below the black line allows the robots to stably

stack the grasped object. The proposed method denoted as Ours converges

faster than the other baselines. The average and £1 standard deviation
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Barrel piece on top of an already built tower consisting of Short and Long.| .
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Chapter 1

Introduction

1.1 Motivation

Approximately a decade has passed since the introduction of AlexNet [99], a Deep Neu-
ral Networks (DNN)-based method markedly improved performance on the ImageNet
challenge [37] in 2012. Subsequently, artificial intelligence (AI), particularly DNN-based
methodologies, has undergone rapid advancement, fundamentally reshaping traditional
paradigms. In domains such as Computer Vision (CV) and Natural Language Processing
(NLP), significant progress has been achieved through the development of sophisticated
architectures [78, [I81] [I82], enabling the training of large models on the Internet-scale
data [20} 97, [148]. This transformation has expanded to robotics, where DNN applications
have demonstrably improved performance across various domains.

Deep Reinforcement Learning (DRL) has proven to be well suited to solve sequential
decision-making problems. Policies trained using DRL techniques have either matched or
surpassed human performance in complex competitive games, such as Atari [45], 128, [154],
Go [154, 1611, [162], 163], chess [154] [162], StarCraft [183], and GranTurismo [51] [192]. While
most achievements have been confined to simulated environments, recent advances have
transcended these limitations, tackling complex real-world challenges. For example, legged
robots trained primarily in simulation have completed extended hikes [125], parkour [32], and
an autonomous system capable of drone racing at the level of human world champions [93].

Nevertheless, robotic manipulation remains a challenge [123]. Despite significant research
efforts, applications have largely been restricted to pick-and-place tasks, which necessitate
less intricate physical interactions. Recent strides in Large Language Model (LLM)- and
Vision Language Model (VLM)-based approaches have enabled robots to recognize large
numbers of objects in an environment, thereby enhancing generalization capabilities [18|
191 34]. However, these methods encounter limitations when applied to tasks that require
complex physical interactions, such as stable stacking of irregular objects or precise insertion
of objects into tight tolerant holes. Such limitations arise because these models primarily rely
on linguistic or visual data, lacking comprehensive understanding of physical interactions
like force-torque and/or tactile sensing.

Several promising approaches have emerged to address these challenges and enable

robots to perform dexterous manipulation tasks. These include training policies in high-



fidelity simulators and applying them to physical robots [I72], employing model-based
methods by providing object-specific information and numerically solving problems [159],
and utilizing teleoperation data for supervised learning [50} 206]. Despite their potential,
these methods have yet to achieve human-level proficiency and are generally applicable
only to straightforward manipulation tasks.

To solve complex robotic manipulation tasks, it is essential to bridge the gap between
current capabilities and complex physical interactions in the real world. The central question
thus emerges: How can we enable robots to accomplish complex manipulation tasks that

inwolve physical contact interactions?

1.2 Problem Statement

This thesis focuses on the question of how to
enable robots to perform complex manipulation
tasks that involve physical contact interactions.
By physical contact interactions we mean that
robots have to sense the contacts and utilize
them to solve manipulation tasks. An example
task we consider is shown in Fig. [I.1]

To conceptualize the problem, Eq. for-
mulates a typical robotic control problem using

the language of RIE

BAanDU BANDU

Figure 1.1: An example of the task we
consider in this thesis. The robot has to

stably place the grasped object without
max E, Z r(st, at)] (1.1a) falling down the bottom tower. The left
" ¢ configuration is stable while the right is
subject to unstable, meaning it fails to stack the
sii = flsuar) (1.1b) Iolibé]ss't upon release due to the misalign

ar = m(st), (1.1c)

where 7 is a policy to be learned through optimization, s; and a; are the state and action,
r is the reward function, and f represents the dynamics. To solve Eq. (|L.1f), specifically for

robotic manipulation, we need to discuss the following challenges:

1. In Eq., we focus on using Deep RL to train the policy m as demonstrated by its
impressive success in surpassing human experts described in Section However,
while previous human-level policies are primarily trained in simulation (typically
massively parallelized to improve wall-clock time efficiency), it is well-known that
simulating contact phenomena, which is crucial for solving manipulation tasks, is
highly challenging [I72]. Therefore, training the policy in the real system is essential,
necessitating a sample-efficient RL algorithm due to the limited time and available

robotic resources.

'We can also formulate the equations by using terminology from optimal control theory by using x:, ut,
¢t as state, action, and cost function and making it minimize costs instead of minimizing rewards.



2. In Eq., the state space is represented as s;. For typical robotic tasks, this state
space often encompasses the pose and joint angles of the robot, along with relevant
information about the environment. In addition, to address complex manipulation
tasks, it is crucial to integrate tactile information, obtained from force-torque (F/T)
sensor installed on the wrist and tactile sensors installed on tip of fingers. These
signals provide comprehensive data regarding contact formations and geometric details
about objects during interactions. For example, consider the task of stably stacking
a highly irregular object on top of an unstable tower, as illustrated in Fig.
Estimating the stability of such a configuration solely from visual input would be
extremely challenging. The stability of the tower is primarily influenced by the relative
positioning of the grasped and bottom objects, more concretely, the contact patch
between the two objects, which cannot be directly observed and must be inferred
from tactile signals. Therefore, deriving useful intermediate representations from

observations is essential for solving complex manipulation tasks.
Inspired by these challenges, this thesis investigates the following questions.

Question 1: High-Performance and Efficient RL How can we train high-control-

performance and sample-efficient RL policies?

Question 2: Object’s Representation How can we estimate an effective object’s

representation for performing manipulation?

Question 3: Integration How can we solve a desired dexterous manipulation task?

1.3 Contributions

This thesis consists of three parts, each addressing the above questions above to solve

manipulation problems. The summaries for each part are shown in Fig. [I.2]

1.3.1 PartlI

To address the question posed in How can we train high-control-performance and sample-
efficient RL policies?, Part I is divided into two chapters as follows:

Chapter [2 investigates whether increasing the input dimensionality enhances the perfor-
mance and sample efficiency of model-free deep RL algorithms. We introduce an online
feature extractor network (OFENet) that employs neural networks to deliberately generate
high-dimensional representations to serve as inputs for deep RL algorithms. Contrary to
the conventional belief that the lower dimensionality of the state vector facilitates faster
and more effective learning, we demonstrate that higher-dimensional input can achieve 1.3
times higher returns and 10 times better sample efficiency on the MuJoCo [175] standard
benchmark.

In Chapter [3] we make an attempt to comprehensively understand and address the
training of larger networks for deep RL. First, we show that simply increasing network

capacity does not improve performance. We then propose a novel framework comprising;:



1) wider networks with DenseNet connections, 2) decoupling representation learning from
RL using the OFENet developed in Chapter , and 3) a distributed training to address
overfitting issues. Employing these three strategies, we demonstrate that very large networks
(150 times larger than the original ones) can be trained, resulting in approximately 2.0 times
higher control performance and 100 times better sample efficiency, thus are suitable for
real-world challenging tasks. Furthermore, the proposed framework can solve challenging

sparse reward settings, some of which the original algorithms cannot solve.

1.3.2 Part II

This part answers the question: How can we estimate an effective object’s representation
for performing manipulation?, consisting of the two following chapters.

Chapter [4] proposes a method “Hypothesize, Simulate, Act, Update, and Repeat” (H-
SAUR), a probabilistic generative framework that simultaneously generates a distribution
of hypotheses about object articulation based on input observations, captures the un-
certainty of these hypotheses over time, and infers plausible actions for exploration and
goal-conditioned manipulation. Our results demonstrate that the proposed framework
significantly outperforms the current state-of-the-art in articulated object manipulation by
accurately estimating the joint configurations of objects through interactions. Furthermore,
we improve the test time efficiency of H-SAUR by integrating a learned prior from learning-
based vision models. We also introduce a novel benchmark, PuzzleBozes, which consists
of locked boxes that require multiple steps to solve. Unlike previous benchmarks, which
typically involve only one joint, this new benchmark allows us to measure the manipulation
performance for objects with multiple joint configurations.

In Chapter [5] we introduce Tuctile-Filter, a combination of tactile sensing and the
probabilistic estimation framework developed in Chapter [ to address a general connector
part mating task. This task involves estimating a mating part and its pose through multiple
touches of both pegs and holes, which is inherently a partially observable task due to the
limited size (19 x 14 mm) of the vision-based tactile sensor employed. We train a DNN
model that takes pairs of tactile images for pegs and holes, and predict the probability
if they fit together. This trained model, in conjunction with the probabilistic estimation
framework, enables the robot to incrementally reduce uncertainty in its estimates of the
objects’ correspondences. Utilizing this framework, we propose a maximum likelihood
method that generates actions to maximally reduce uncertainty, thereby minimizing the
number of interactions required during the perception task. We evaluate our method
with previously unseen pairs of pegs and holes in the real system, and demonstrate higher
performance compared to the current state-of-the-art method that does not use multiple

interactions.

1.3.3 Part III

Finally, in Part III, to address the question: How can we solve a desired dexterous manipu-
lation task?, Chapter [6] tackles the problem of stably stacking a highly irregular object on

top of an unknown tower. To solve this task, it is essential to estimate an extrinsic contact
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Figure 1.2: Summary of the thesis. Our thesis consists of three parts to answer the three
questions posed in Section. [I.2] Part I focuses on developing an RL framework that allows
us to train high-performant and efficient RL policies. The developed framework achieves
approximately 2.0 times higher returns and 100 times better sample efficiency depending
on RL algorithms and environments. Part II focuses on estimating object’s representation
that is essential to solve a task. We develop a probabilistic estimation framework that
allows us to reduce uncertainty through interactions, and demonstrate it can solve the two
tasks: articulated object manipulation and general connector part mating task using tactile
sensing. Part III tackles a stable stacking task that requires to estimate contact patch
between grasped object and its environment. We realize that by utilizing the probabilistic
estimation framework developed in Part II, and input the estimated contact patch to the
RL framework developed in Part I. This combination enables the robot to solve the stacking
task with 100 % success rate, with only 1000 interactions to train the model.

patch, a contact area between the grasped object and the bottom object (or environment)
that governs the stability of a configuration. However, since the extrinsic contact patch
is not directly observable, robots have to estimate it from raw tactile signals, that is,
F /T measurements and tactile images. To do this, we utilize the probabilistic estimation
framework developed in Part II to reliably estimate the contact patch by aggregating
information from multiple interactions. This estimated extrinsic contact patch is then
input into the RL framework, developed in Part I, to learn a policy that guides the robot
towards stable configurations. Through experiments in the real system, we demonstrate
that this combination allows the robot to train a policy solely in the real system within

1000 interactions (approximately 3 hours).

1.4 Related Work

A substantial body of research is related to this thesis. To present a clear and unified
perspective on this work, I will provide a concise overview of the primary areas of relevant
literature. Throughout the discussion, I will indicate the chapters in which additional
details can be found. The three main areas of related work for this thesis are reinforcement

learning, interactive perception, and robotic manipulation that are closely related to each



part.

1.4.1 High-performance and efficient RL

In this thesis, we will develop an RL framework that achieves higher sample efficiency and
control performance so that policies can be trained and solve challenging manipulation tasks
in the real system. Our basic strategy is to make the networks bigger, following CV and
NLP community, where larger networks make search space larger, resulting in convergence
to better local optima [28], 89]. However, in deep RL, it is known that larger networks make
training unstable [67].

The central problem of this instability is known as the Deadly Triad [I77], where deep
RL training becomes unstable when combined with function approximation, bootstrapping,
and off-policy training. This is shown in Eq., in which the gradient of the @Q-function

loss with the parameter 6 is shown.

VHZL(GZ) = Es,awﬂ(-);s’ND [(7’ + mE}X Q (3/7 a/; 972—1) - Q (37 a; 91))VGZQ (87 a; 01)] (12)
S—— a

Off-policy Training

Bootstrapping

While the bootstrapping problem has been mitigated, for example, by employing the
target network to fix the regression target [127], double @-networks to mitigate overestima-
tion problem [12§], and multistep return to reduce bias from the learned @Q-function [I7§],
these are not directly related to the network size. Therefore, we specifically focus on the
other two aspects: function approximation and off-policy training.

Regarding the function approximation problem, we make the network larger with
two main strategies. First, in Chapter [2| we increase the dimensionality of input to RL
algorithms by projecting the state space to a higher-dimensional feature space. The closest
work to ours is Munk et al. [I31], where they learn a compact representation, no greater
than one-third of its input, by using a loss function to predict the next state and reward.
In contrast, we deliberately obtain higher-dimentional features, while using the simpler loss
function of predicting the next state. Second, in Chapter [3| we increase the network size
of RL itself by employing sophisticated network architectures developed in the CV/NLP
community [78, [I82]. While some work has examined the effects of making networks
larger [48, [I77], we conduct a more extensive experiments to figure out when it fails by
changing number of layers and units, why it fails by visualizing the loss surface [100]
and measuring effective rank [9], and what can stabilize training by changing networks
architectures.

Regarding the off-policy training problem, the fundamental issue is the distribution
mismatch between the current policy and the data stored in the replay buffer (D in
Eq. [I77]. Therefore, previous work tried to mitigate it by changing the ratio of
exploration and update [46], and changing priorities when sampling data from the replay
buffer [153,177]. In Chapter we specifically employ distributed learning, where exploration
and update are decoupled. Although there is much work proposing different distributed
RL [77, 90, 126], 166], we specifically use a modified version of Ape-X [77] to improve



efficiency in the use of GPUs.

1.4.2 Object’s representation for manipulation

To efficiently manipulate objects, understanding their underlying structures is crucial.
Consider, for example, the simple daily task of opening a door. There are many types of
doors: hinged, sliding, vertical, and locked doors, each with varying joint poses, varioius
sizes, diverse visual textures, or even transparency. Despite major progress in computer
vision [85], 129, 197] and vision foundation models [120], understanding these structures
from vision alone remains quite challenging. In visually ambiguous situations, or more
generally, situations where only partial observations are available, it is important to
aggregate information from multiple observations to estimate the states of the environment,
such as the position and type of joint required for opening a door. In these situations,
perception can be facilitated by interaction with the environment. These approaches are
broadly called Interactive Perception (IP) [16], and we employ this for Chapter and |§|
to estimate essential objects’ representations for manipulation.

In Chapter [d], we estimate the joint configurations necessary for manipulating articulated
objects. As previously discussed, vision alone struggles with estimation, particularly in
ambiguous situations such as closed doors. To resolve this problem using IP, the existing
literature presents offline estimation approaches that rely on fiducial markers [I68] or
markerless tracking [92, [145], as well as online approaches [122]. While these methods
assume predefined actions, recent methods have also incorporated reasoning about actions
to actively reduce uncertainty [111 [62] [142], though they still rely on fixed actions or simple
settings with only one sliding joint [142]. In contrast, we introduce H-SAUR, a probabilistic
estimation framework that initializes various hypothetical joint configurations and refines
them through interactions with actions generated by a physics engine. Additionally, we
introduce the PuzzleBoxes benchmark, which includes a set of locked doors with dependent
joint configurations, and demonstrate that H-SAUR can effectively solve these challenges.

In Chapter [5] we estimate the correspondence of pegs and holes from tactile images,
again, using IP, specifically applying the framework developed in Chapter[d Pose estimation
with a tactile sensor is a partially observable task because the sensor size is typically much
smaller than the target objects. Tac2Pose [I5] attempts to estimate the pose of objects
from a single tactile image but fails due to ambiguity, i.e. distinguishable features often
cannot be captured from single interaction due to the small sensor size. MidasTouch [170]
addresses this problem by collecting multiple interactions by sliding objects on surfaces
and using a particle filter to reduce uncertainty. However, the sliding actions are performed
by human hands and their method requires thousands of interactions, which is impractical.
Furthermore, these methods typically require 3D models and simulators to compute objects’
correspondences. In contrast, our proposed method, TactileFilter, simultaneously estimates
the object’s class and pose without requiring 3D models of the objects and generates optimal
actions that reduce uncertainty.

In Chapter [6] we address the problem of stacking highly irregular objects on top of
unstable towers by estimating extrinsic contact patches — the contact patches between the

grasped and the bottom objects. This is a partially observable task because the robot can
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only observe tactile images of the grasped objects and force-torque data during interaction.
Previous works represent contacts as sets of points [95 [121] and lines [96, [I18]. While line
contacts require active exploration involving changes in gripper, which is challenging in
our setting, where the tower is extremely unstable. The closest work to ours is the neural
contact fields (NCF) [73], where the authors estimate the contact patch between a grasped
object and its environment. While NCF is evaluated in simulation and on a limited number
of objects, we will test our method on unknown geometries of the environment, which can

be applied to an appropriate downstream task in a real system, such as stable stacking.

1.4.3 Robotic Manipulation

Robotic manipulation has a long history, beginning with classical model-based approaches [114],
124] and evolving into more modern techniques [26] [76]. These approaches typically assume
that the robot has access to complete information about the environment, including state
and dynamics, often relying on motion capture systems such as Vicon or fiducial markers.
Recent advances in CV techniques have alleviated this problem and allowed robots to
perceive the pose of objects from vision sensors [119, 203]. However, achieving precise
manipulation, such as inserting a peg into a hole with a tolerance of less than 0.1 millimeters,
cannot be accomplished solely with vision sensors [139].

Humans rely on touch and tactile sensing for many dexterous manipulation tasks. Our
tactile sensing provides extensive information about contact formations and geometric details
of objects during interactions. For example, in Chapter [0 we address the problem of gently
stacking two lightweight objects on top of each other without visual assistance (see Fig. .
Humans can perform this task effortlessly by sensing fine tactile signals as they place and
release the grasped piece. Inspired by these human capabilities, vision-based tactile sensors
such as GelSight [I199] and GelSlim [I73] have been developed. These sensors capture the
contact formation between the fingers and the grasped object as high-resolution images.
Previous works have applied these sensors for insertion [14], 43|, harness following [157],
and tool manipulation [159].

When combined with RL, previous works have directly mapped raw tactile signals, such
as RGB images or marker displacements, to robot actions for insertion [42], pivoting [169],
and in-hand manipulation [I80]. However, since contact formation is complex and very
hard to interpret, mapping raw tactile signals to complex policies is likely to be sample-
inefficient. In Chapter [6], we combine interactive perception and RL by estimating an
effective intermediate representation of the task through interaction and inputting it into
the RL model. We demonstrate that this combination allows robots to solve the task more

efficiently than inputting raw tactile signals.

1.5 Outline

This thesis is divided into three parts.
Part I addresses the question of How can we train high-control-performance and sample-
efficient RL policies?, by enlarging networks for training deep RL policies while mitigating

potential issues that lead to instability during training. Chapter [2] increases the network
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capacity by increasing input dimensionality. Chapter |3|introduces a framework that enables
increasing the size of RL models.

Part II comprises two chapters and answers the question of How can we estimate
an effective object’s representation for performing manipulation?. Chapter [4 proposes a
probabilistic estimation framework for estimating object articulation, and Chapter [5| applies
this framework to a real robot equipped with tactile sensing to estimate mating pairs of
connectors (pegs and holes).

Part III addresses the question of How can we solve a desired dexterous manipulation task?.
In Chapter [6] we tackle the problem of stable placement of highly irregular objects by
integrating the high-control-performance and sample-efficient RL framework from Part I
with the probabilistic estimation framework from Part II.

Chapter [7] concludes the thesis, discussing key findings, limitations, and future research

directions.



Part 1

How can we train
high-control-performance and

sample-efficient RL policies?
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Chapter 2

Can Increasing Input Dimensionality

Improve Deep RL?

Deep reinforcement learning (RL) algorithms have achieved impressive success in various
difficult tasks such as computer games [127] and robotic control [56]. Significant research
effort in the field has led to the development of several successful RL algorithms [52] (60,
155], [156]. Their success is partly based on the expressive power of deep neural networks
that enable the algorithms to learn complex tasks from raw sensory data. Whereas neural
networks have the ability to automatically acquire task-specific representations from raw
sensory data, learning representations usually requires a large amount of data. This is one
of the reasons that the application of RL algorithms typically needs millions of steps of data
collection. This limits the applicability of RL algorithms to real-world problems, especially
problems in continuous control and robotics. This has driven tremendous research in the
RL community to develop sample-efficient algorithms [21], 88 [10T], 132].

In general, state representation learning (SRL) [105] focuses on representation learning
where learned features are in low dimension, evolve over time, and are influenced by actions
of an agent. Learning lower dimensional representation is motivated by the intuition that
state of a system represents the sufficient statistic required to predict its future, and in
general, sufficient statistic for a lot of physical systems is fairly small dimensional. In the
SRL framework, the raw sensory data provided by the environment in which RL agents are
deployed is called an observation, and its low-dimensional representation is called a state.
Such a state variable is expected to have all task-relevant information, and ideally only
such information. The representation is usually learned from auziliary tasks, that enables
the state variable to contain prior knowledge of the task domain [86] or the dynamics of
the environment. In contrast to auxiliary tasks, the task that RL agents need to learn is
ultimately called the actual task in this chapter.

Conventional wisdom suggests that the lower the dimensionality of the state vector, the
faster and better RL algorithms will learn. This reasoning justifies various algorithms for
learning compact state representations from high-dimensional observations, for example [188].
However, while probably correct, this reasoning likely applies to the intrinsic dimensionality
of the state (the sufficient statistic). An interesting question is whether RL problems with an

intrinsically low-dimensional state can benefit by intentionally increasing its dimensionality
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using a neural network with good feature propagation. This paper explores this question
empirically, using several representative RL tasks and state-of-the-art RL algorithms.

Additionally, we borrow motivation from the fact that larger networks generally allow
better solutions as they increase the search space of possible solutions. The number of units
in the hidden layers of multi-layer perceptrons (MLP) is often larger than the number of
inputs, in order to improve the accuracy of function approximation. The importance of
the size of the hidden layers has been investigated by a number of authors. Lu, et al. [115]
theoretically shows that MLPs with a hidden layer smaller than the input dimension are
very limited in their expressive power. In addition, in deep RL, neural networks often
have hidden layers larger than the dimension of observations [48| [67]. Since the state
representation is an intermediate variable of processing just like the hidden units, it is
reasonable to expect that high-dimensional representations of state might improve the
expressive power of the neural networks used in RL agents in their own right.

Based on this idea, we propose OFENet: an Online Feature Extractor Network that
constructs and uses high-dimensional representations of observations and actions, which
are learned in an online fashion (i.e., along with the RL policy). We use a neural network
for OFENet to produce the representations. It is desirable that the neural network can be
easily optimized and produce meaningful high-dimensional representations. To meet these
requirements, we use MLP-DenseNet as the network architecture; it is a slightly modified
version of a densely connected convolutional network [78]. The output of MLP-DenseNet
is the concatenation of all layers’ outputs. This network is trained with the incentive to
preserve the sufficient statistic using an auxiliary task to predict future observations of the
system. Consequently, the RL algorithm receives higher-dimensional features learned by
OFENet that have good predictive power of future observations.

We believe that the representation trained with the auxiliary task allows our agent to
learn an effective, higher-dimensional representation for input to the RL algorithm. This
in turn allows the agent to learn complex policies more efficiently. We present results
that empirically demonstrate that the representations produced by OFENet improve the
performance of RL agents in non-image continuous control tasks. OFENet with several state-
of-the-art RL algorithms [52} [60l 156] consistently achieves state-of-the-art performance in

various tasks, without changing the original hyperparameters of the RL algorithm.

2.1 Related Work

Our work is broadly motivated by Munk et al. [I3I] that proposed to use the output of
a neural network layer as the input for a deep actor-critic algorithm. Our method is also
based on this general idea. However, a key difference is that their goal of representation
learning is to learn compact representation from noisy observation, while we propose the
idea of learning good higher-dimensional representations of state observations. For clarity
of presentation, we describe the method in Munk et al. [I31] in detail later.

While the classic reinforcement learning paradigm focuses on reward maximization,
streaming observation contains an abundance of other possible learning targets [82]. These

learning tasks are known as auxiliary tasks, and they generally accelerate acquisition of
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useful state representations. There is a lot of literature on using different auxiliary tasks
for different tasks [5 [10} 30} [7T), 87, 105, 131, 179} 204]. In the proposed work, we use the
auxiliary task of predicting the next observation for training the OFENet with the motivation
that this allows the higher dimensional outputs of the OFENet to preserve the sufficient
statistic for predicting future observations of the system. Thus, these representations can
prove effective in learning meaningful policies too.

The network architecture of OFENet is based on the success of recently reported research
on deep learning. In the advertisement domain, Wide & Deep model [31] and DeepFM [58]
have an information flow that passes through deep networks, in order to utilize low-order
feature interactions. Similarly, OFENet also has connections between shallow layers and
the output to produce higher-dimensional representations. Contrary to ours, Rajeswaran
et al. [I49] enriches the representational capacity using random Fourier features of the
observations. Our proposed method is not orthogonal to their approach: OFENet can
be combined with any type of expanded input spaces, including RBF policy. That would
further expand the search space to explore, and it might result in even better performance.

The approach most similar to our method has been proposed in Zhang et al. [204]. Their
DDR ONLINE produces higher-dimensional representations than the original observations,
similar to our method. However, our approach to constructing good representations is
quite different. They used a recurrent architecture of the network in order to incorporate
temporal dependencies, and it contained several auxiliary tasks to increase the number of
training signals. In contrast, our method uses only a single auxiliary task, and we embed
additional information, such as information about the action, into the representation instead
of increasing the number of training signals. Consequently, our training algorithm is much

simpler than that presented in Zhang et al. [204].

2.2 Background

In this section, we provide relevant background and introduce some notations that are used

throughout the paper.

2.2.1 Reinforcement Learning

Reinforcement learning considers the setting of an RL agent interacting with an environment
to learn a policy that decides the optimal action of the agent. The environment is modeled
as a Markov decision process (MDP) defined by the tuple (O, A, p,r), where O is the
space of possible observation and A is the space of available actions. We assume that
observations and actions are continuous. The unknown dynamics p(og41|ot, at) represents
the distribution of the next observation o;41 given the current observation o; and the
current action a;. The reward function r(o, a;) represents the reward 7,41 obtained for o;
and as. The goal of the RL agent is to acquire the policy 7 : O — A that maximizes the
expected sum of rewards in an episode. Note that the word state represents the notion of
the essential information in the observation in SRL, so we call the information provided by

the environment an observation.
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2.2.2 Soft Actor Critic

Soft Actor Critic (SAC) [60] is an off-policy actor-critic algorithm. In actor-critic algorithms,
the critic learns the action-value function Qr(o¢, a;), while the actor learns a policy m(a|ot)
to frequently select a; that has a high value in Q. The SAC policy gives the distribution
of actions m(at|o), and the action is sampled stochastically during training. SAC favors
the policy that maximizes not only the expected sum of rewards, but also the expected

entropy of the distribution H(m(at|ot)). Consequently, its objective function is defined as:

T

J(m) =Y Bl aympr(opan 1 + H(m (o)),
t=0

where T is the final time step of an episode, and pr (o, a;) represents the distribution of
observation-action pairs given policy . This objective function .J () gives RL agents the
incentive to explore more widely, while giving up on less promising avenues.

In SAC, Qx(ot, ar) and 7(-|o;) are represented by neural networks whose parameters are
optimized to maximize the objective function J(7). In addition, the state value function
V(0¢) is introduced to stabilize training. The function Qr (o, at) is learned by V(ot). As a
consequence, SAC has three neural networks: Q(o¢,a¢), V(o) and 7(-|o;). Our objective is

to replace the inputs of these networks with our proposed representations.

2.2.3 Model learning deep deterministic policy gradient

Munk et al. [I31] proposed the Model Learning Deep Deterministic Policy Gradient (ML-
DDPG) algorithm to learn representations of observations. They introduced a model network,
which is trained to construct the observation representation z,,. The representation is
used as the input in the DDPG algorithm [I1I]. The model network is a three-layer
network, which produces z,, as an internal representation, and predicts the next observation
representation Z,, , and the reward 711 from the observation o; (Figure .

The model network is trained by minimizing the following loss function

Ly, = Hzot+1 - 20t+1"2 + )\mHTt—&-l - ft+1H27

where )\, represents the trade-off between predicting the reward and the next observation
representation. The minimization is done with samples collected before the agent starts
learning, and then the parameters of the model network are fixed during learning.

While we construct high-dimensional representations with OFENet, in the experiments
of ML-DDPG, the dimension of the observation representation z,, was not greater than

one third of the dimension of the observation o;.

2.3 Method

In this section, we describe our proposed method for learning higher-dimensional state
representations for training RL agents. In the standard reinforcement learning setting, an

RL agent interacts with the environment over a number of discrete time steps. At any time
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Figure 2.1: The model network of ML-DDPG. FC represents a fully-connected layer, and
concat represents a concatenation of its inputs.
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Figure 2.2: An example of the online feature extractor. FC represents a fully connected
layer with an activation function, and concat represents a concatenation of the inputs.

t, the agent receives an observation o; along with a reward r; and emits an action a;. During
training, standard RL agents receive observation-action pair as input to learn the optimal
policy. We propose the Online Feature Extractor Network (OFENet), which constructs
high-dimensional representations for observation-action pair, which is then used by the RL
algorithm as input to learn the policy (instead of the raw observation and action pair). The
observation used by the components is replaced by the observation representation z,,, and
the observation-action pair is also replaced by the observation-action representation z, 4,

OFENet learns the mappings z,, = ¢o(0¢) and 2o,,q, = Po.a(0t, a¢), which have parame-
ters 0y,,0s,, as depicted in Figure To learn the mappings, we use an auxiliary task
whose goal is to predict the next observation from the current observation and action. The
learning of the auxiliary task is done concurrently with the learning of the actual task (and
thus we call our proposed network as Online Feature Extraction Network, OFENet).

In the following, we describe in detail the auxiliary task, the neural network architecture

for the mappings ¢,, ¢o,q, and how to select hyper-parameters for OFENet.

2.3.1 Auxiliary task

In this section, we incorporate auxiliary tasks to learn effective higher-dimensional repre-
sentations for state and action that the RL agent will use. It is common knowledge that
incorporating auxiliary tasks into the reinforcement learning framework can promote faster
training, more robust learning, and ultimately higher performance for RL agents [44] [82].

We introduce the module fpreq, which receives the observation-action representation
Zos,a; @s input to predict the next observation o;41. The module fpeq is represented as a
linear combination of the representation z,, q,, which has parameters 0peq.

Thus, effectively, along with learning the actual RL objective, we optimize the parameter

set Oaux = {Opred, 0g,, 04, .} to minimize the auxiliary task loss defined as:

Loux = E(ot7at)~p,7r["fpred(zot,at) - Ot+1H2} (2'1)
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Algorithm 1 Training of OFENet

Initialize parameters Oaux = {Opred; 0p,, 04, }
Initialize experience replay buffer B

1: for each environment step do
2: a; ~ m(a¢|ot)

3 Ot41 ~ p(ogy1]o, ar)

4: B@BU{(Ot,at,Ot+1,Tt+1)}

5: sampling mini-batch {o; g, at g, 01418} from B

6: Haux <~ 6)aux - )\Gauxvﬁaux Laux

T: resampling mini-batch {o; g, as B, 0t+1,8} from B

8: 2o <— (Z)O(Ot,g)

9: Ro,a < ¢o,a(Z0a at,B)

10: Update the agent (e.g., SAC) parameters with the representations z,, Zo,a
11: end for

The auxiliary task defined by Equation is used by the OFENet to learn higher-
dimensional representations. This loss function incentivizes higher-dimensional representa-
tions that preserve the dynamics information of the system (or loosely preserve the sufficient
statistic to predict future observations of the system). The expectation is that the RL agent
can now learn much more complex policies using these higher-dimensional features as this
effectively increases the search space for the parameters of the policies.

The transitions (o¢, at, 0441) required for learning are sampled as mini-batches {o: 5, ar 5, 01418}
from the experience replay buffer B, which stores the past transitions that the RL agent

has received. Algorithm [I] outlines this procedure.

2.3.2 Network architecture

A neural network is used to represent the mappings ¢, ¢, in OFENet. As it is known that
deeper networks have advantages with respect to optimization ability and expressiveness, we
employ them in our network architecture. In addition to this, we also leverage the fact that
observations often have intuitively useful information in non-image RL tasks. For example,
when position and velocity of a robot are present in an observation, it is advantageous to
include them in the representation when solving reaching tasks. Moreover, because the
linear combination of position and velocity can approximate the position for the next time
step, outputs of shallow layers are also expected to be physically meaningful.

To combine the advantages of deep layers and shallow layers, we use MLP-DenseNet,
which is a slightly modified version of DenseNet [78], as the network architecture of OFENet.
Each layer of MLP-DenseNet has an output y which is the concatenation of the input x
and the product of a weight matrix Wi and x defined as:

y = [z, 0(Whz)]

where [z1, x2] means concatenation, o is the activation function, and the biases are omitted
to simplify notation. Since each layer’s output is contained in the next layer’s output, the
raw input and the outputs of shallow layers are naturally contained in the final output.

The mappings ¢,, ¢, are represented with an MLP-DenseNet. The mapping ¢,
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receives the observation o; as input, and the mapping ¢,  receives the concatenation of the
observation representation z,, and the action a; as its input. Figure 2.2] shows an example
of these mappings in the proposed OFENet.

RL algorithms take the learned representations z,, and z,, ., as input, and compute
the optimal policy by optimizing the regular objective of maximizing the expected reward.
It is important to note that these representations, however, are learned simultaneously
with the RL algorithms. This might lead to change in distribution of the inputs to the
RL algorithm. The RL algorithm, therefore, needs to adapt to the possible change of
distribution in those base layers constructed by MLP-DenseNet. To alleviate this potential
problem, we normalize the output of the base layer by using Batch Normalization [80] to

suppress changes in input distributions.

2.3.3 Hyperparameter selection

Effective training of agents with OFENet requires selection of size of the hidden layers and
the type of activation functions. In Henderson et al. [67], authors show that the size of the
hidden layers and the type of activation function can greatly affect the performance of RL
algorithms, and the combination that achieves the best performance depends strongly on
the environment and the algorithm. Thus, ideally, we would like to choose the architecture
of OFENet by measuring the performance on the actual RL task, but this would be very
inefficient. Therefore, we use the performance on the auxiliary task as an indicator for
selecting the architecture for each task.

In order to measure performance on the auxiliary task, first we collect transitions using
a random action policy for the agent. The transitions are randomly split into a training
set and a test set. Then, we train each architecture on the training set, and measure the
average loss Laux on the test set over five different random seeds. On the actual task, we
use the architecture which achieves the minimum on the average auxiliary loss. We call
this average loss the auziliary score. Since we can reuse the transitions for each OFENet
training, and do not have to train RL agents, this procedure is sample-efficient and doesn’t
incur much computational cost either.

We use an experience replay buffer to simulate the learning with the RL agent, where
OFENet samples a mini-batch up to the Nth data item of the training set at the Nth step.
The pseudocode for the proposed method is presented in Algorithm [I} It should be noted
that we do not tune the hyperparameters of the RL algorithm in order to show that agents
can learn effective policies by using the representations learned by the proposed method
during the learning process. This allows more flexibility in training RL agents for a wide

range of tasks.

2.4 Experiments

In this section, we try to answer the following questions with our experiments to describe
the performance of OFENet.

e What is a good architecture that learns effective state and state-action representations
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for training better RL agents?

e Can OFENet learn more sample efficient and better performant polices when compared

to some of the state-of-the-art techniques?
e What leads to the performance gain obtained by OFENet?

e How does the dimensionality of OFENet representation affects performance?

In the rest of this section, we present experiments designed to answer the above questions.

All these experiments are performed in the MuJoCo simulation environment.

2.4.1 Architecture comparison

We compare the auxiliary score defined in Section [2.3.3 with the performance on the actual
task for various network architectures on the Walker2d-v2 task, where the dimensions of
observations and actions are respectively 17 and 6.

First, we define the actual score, which is the metric of performance on the actual task.

In this paper,
e return represents a cumulative reward over an episode;

e step score represents the average return over 10 episodes with the RL agent at each

step;

e actual score represents the average of the step scores over latest 100,000 steps, where

the step score is measured every 5,000 steps.

We measure the auxiliary score and the actual score for each network architecture. In
this section, each architecture is characterized by a connectivity of architecture, number
of layers, and an activation function. We compare three connectivity architectures: MLP-
DenseNet defined in Section [2.3.2] standard MLP, and MLP-Resnet, which is a slightly
modified version of ResNet [64]. MLP-ResNet has skip connections similar to the original

one, and its layers have the output y defined as:
y =o(Wao(Wiz) + ) (2.2)

where W1, Wy are weight matrices, x is the input, and o is the activation function. The
biases are omitted to simplify notation.

Each architecture has multiple options for the combination of a layer number and
a hidden layer size. In this experiment, ¢,, ¢, have the same layer number for each
architecture. MLP has 1, 2, 3, or 4 layers for ¢,. MLP-ResNet and MLP-DenseNet have 2,
4, 6, or 8 layers for ¢,.

To find the most efficient architecture over same feature size, the dimensions of z,,, Zo,,q,
are respectively fixed to 137 and 263. This means that the dimensionality increments
of 2o,,%0,,a, from their inputs are 120. While the numbers of hidden units in ¢,, ¢o o
are respectively 137 and 263 in MLP and MLP-Resnet, the number of hidden units in
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Figure 2.3: The actual scores and the auxiliary scores of various architectures in Walker2d-
v2. The error bars represent the standard deviation of 5 trials. We can see a weak trend
that the smaller the auxiliary score is, the better the actual score is.

MLP-DenseNet depends on the number of layers. All the layers in MLP-DenseNet have the
same number of hidden units. For example, when ¢, has 4 layers, the number of hidden
units is 120/4 = 30.

Additionally, we compare the following activation functions: ReLLU, tanh, Leaky ReL.U,
Swish [150] and SELU [98]. In total, we compare 3 connectivity architectures, 4 layer-size
combinations, and 5 activation functions, resulting in a total of 60 network architectures.

To measure the auxiliary score, we collect 100K transitions as a training set and 20K
transitions as a test set, using a random policy. Each architecture is trained for 100K steps.
To measure the actual score, each architecture is trained with the SAC agent for 500K
steps with Algorithm [I] The SAC agent is trained with the hyper-parameters described in
[60], where the networks have two hidden layers which have 256 units. All the networks are
trained with mini-batches of size 256 and Adam optimizer, with a learning rate 3 - 107%.

Figure shows the actual score and the auxiliary score of each network architecture
in Walker2d-v2. The results show that DenseNet consistently achieves higher actual scores
than other connectivity architectures. With respect to the auxiliary score, DenseNet also
achieves better performance than others in many cases.

Overall, we can find a weak trend that the smaller the auxiliary scores, the better the
actual scores. Therefore, in the following experiment, we select the network architecture
that has the smallest value of the auxiliary score among the 20 DenseNet architectures for

the actual task for each environment.

2.4.2 Comparative evaluation

To evaluate OFENet, we measure the performance of SAC, twin delayed deep deterministic
policy gradient algorithm (TD3) [52] for off-policy RL algorithms, and proximal policy
optimization (PPO) [156] for on-policy RL algorithm with OFENet representations and raw

observations, on continuous control tasks in the MuJoCo environment. The dimensionality
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(a) Hopper-v2 (b) Walker2d-v2 (c) HalfCheetah-v2

—— SAC (OFE)
—— SAC (original)
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TD3 (original)
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—— PPO (original)
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Figure 2.4: Training curves on OpenAl Gym tasks. The solid lines represent average returns
over five instances with different random seeds. The shaded region represents the standard
deviation of the five instances. OFE outperforms original algorithm on both on-policy
(PPO) and off-policy methods (SAC and PPO).

increments of z,,, 2o, ¢, from their inputs are 240 in all experiments, and we select the best
network architecture for each task as described in Section [2.3.3 The network architectures
and optimizer, hyperparameters of SAC, TD3, PPO are the same as used in their original
papers [52, [60] 156] even we combine them with OFENet. The mini-batch size in Fujimoto
et al. [52], however, is different from original paper. We use mini-batches of size 256 instead
of 100, similarly to SAC.

Moreover, we measure the performance of SAC with the representations which are
produced by a model network of ML-DDPG, which we call ML-SAC. The hidden layer
size of ML-SAC is 100, its activation function is ReLU, and A, in Section [2.2.3|is 10. We
train the model network with an Adam optimizer, with a learning rate 1-1073. We set
the dimension of the observation representation to one third of that of the observation
according to Munk et al. [I31]. In addition to this, we measure the performance of ML-SAC
with the observation representation which has the same dimension as OFENet. Whereas in
Munk et al. [131] the model network was trained with samples collected before the learning
of the agent, we train the network with samples collected by the learning agent, such as
OFENet.

In order to eliminate dependency on the initial parameters of the policy, we use a
random policy to store transitions to the experiment replay buffer for the first 10K time
steps for SAC and 100K time steps for TD3 and PPO as described in Fujimoto et al. [52].
We also pretrain OFENet to stabilize the input to each RL algorithm with these randomly
trained samples. Note that as described in Section OFENet predicts the future

observation to learn the high-dimensional representations. In Ant-v2 and Humanoid-v2,
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Table 2.1: The highest average returns over five different seeds for each environment. The
bold number indicates the best score among each algorithm (SAC, TD3, and PPO). OFE
outperforms original algorithm in most environments.

SAC TD3 PPO

OFE Original ML-SAC - ML-SAC OFE Original OFE Original

(ours) (1/3) (OFE like)  (ours) (ours)
Hopper-v2 3511.6  3316.6 750.5 868.7 3488.3  3613.0 2525.6 1753.5
Walker2d-v2 5237.0 3401.5 667.4 627.4 4915.1 4515.6  3072.1  3016.7
HalfCheetah-v2 16964.1 14116.1 1956.9 11345.5 16259.5 133199 3981.8 2860.4
Ant-v2 8086.2  5953.1 4950.9 2368.3 8472.4 61486 1782.3 1678.9
Humanoid-v2 9560.5  6092.6 3458.2 331.7 120.6 345.2  670.3 652.4

Table 2.2: The network architectures of OFENet for each MuJoCo task.

NUMBER OF LAYERS ACTIVATION FUNCTION

HopPPER-V2 6 SWISH
WALKER2D-V2 6 SWISH
HALFCHEETAH-V2 8 SWISH
ANT-V2 6 SWISH
HuMANOID-V2 8 SWISH

the observation contains the external forces to bodies, which are difficult to predict because
of their discontinuity and sparsity. Thus, OFENet does not predict these external forces.
Table. 2.2l shows the network architecture of the OFENet for each environment. As described
in Section. the selected network architecture is the one that receives the smallest value
of the auxiliary score among 20 DenseNet architectures: the number of layers is selected
from {2,4,6,8}, and the activation function is selected from {ReLU, tanh, Leaky ReLU,
Swish, SELU} while the network architecture of the RL algorithms { SAC, TD3, PPO }
are the same with their original papers [52} [60] [156].

Figure shows the learning curves of the methods, and Table shows the highest
average returns on five different seeds. SAC (OFE), i.e. SAC with OFENet representations,
outperforms SAC (raw), i.e. SAC with raw observations. Especially in Walker2d-v2, Ant-v2,
and Humanoid-v2, the sample efficiency and final performance of SAC (OFE) outperform
significantly those of the original SAC. Since TD3 (OFE) and PPO (OFE) also outperform
original algorithm, it can be concluded that OFENet is an effective method for improving
deep RL algorithms on various benchmark tasks.

ML-SAC (1/3), i.e. ML-SAC with low dimensional representation performed poorly
on all tasks. Since ML-DDPG is supposed to find compact representations from noisy
observations, the model network probably could not find a compact representation from
the non-redundant observations in the tasks. ML-SAC (OFE like), i.e., ML-SAC with the
high dimensional representations, also performed poorly. In addition to this, extracting
representation with MLP got much worse actual scores than MLP-DenseNet in Section
2.3.3] These show that constructing high dimensional representations is not a trivial task,
and OFENet resolves this difficulty with MLP-DenseNet.
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Figure 2.5: Training curves of the derived methods of SAC on Ant-v2. This shows that
just increasing the input dimensionality of the input representation doesn’t help in learning
better policies. The higher-dimensional representations need to learned with the auxiliary
task proposed in the paper.

2.4.3 Ablation study

Our hypothesis is that we can extract effective features from an auxiliary task in environ-
ments with a low-dimensional observation vectors. Furthermore, we would like to verify that
simply increasing the dimensionality of the state representation will not help the agent learn
better policies and that, in fact, generating effective higher-dimensional representations
using the OFENet is required to get better performance. To verify this, we conducted an
ablation study to show what components the improvement of OFENet comes from.

Figure [2.5] shows the ablation study over SAC with Ant-v2 environment. full and
original are the same plots of SAC (OFE) and SAC (original) from Figure.

no-bn removes Batch Normalization from OFENet. The bigger standard deviation of
no-bn indicates that adding Batch Normalization stabilizes the full learning process. Since
the OFENet is learned on-line, the distribution of the input to the RL algorithms changes
during training. Batch Normalization effectively works to suppress this covariate shift
during training and thus the learning curve of full is more stable than no-bm .

no-auz removes auxiliary task and train both OFENet and RL algorithms with actual
task objective of reward maximization. In other words, they have to be learned by only
scalar reward signal. The much lower scores of no-aux shows that learning the complex
OFENet structure from just the reinforcement signal is difficult, and using the auxiliary
task for learning good high-dimensional features enables better learning of control policy.

same-params increases the number of units of original SAC to (401,401), instead of
(256, 256) as suggested in Haarnoja et al. [60] so that it has the same number of parameters
with our algorithm. The performance does increase compared to the original unit size,

but its still not as good as the full algorithm in terms of both sample efficiency and
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Table 2.3: The number of parameters of SAC with OFENet for Ant-v2 environment.

INPUT UNITS OUTPUT UNITS PARAMETERS

1ST LAYER 111 40 4640
2ND LAYER 151 40 6240
3RD LAYER 191 40 7840
OFENET: z, 4TH LAYER 231 40 9440
5TH LAYER 271 40 11040
6TH LAYER 311 40 12640
TOTAL - - 51840
1ST LAYER 351 256 90112
SAC 2ND LAYER 256 256 65792
OUTPUT LAYER 256 8 2056
TOTAL - - 157960
SAC (OFE) ToTAL - - 209800

performance. This shows that just increasing the number of parameter does not help
improve performance, but the auxiliary task helps with efficient exploration in the bigger
parameter space. Table. shows the number of parameters for SAC (OFE) used in the
experiments. The number of parameters of same-params in Figure 2.5 matches the sum of
the parameters for OFENet and the number of parameters of SAC. Note that the OFENet
uses MLP-DenseNet architecture, and the output units of OFENet in Table. ignores
the units of previous layer.

As done in Munk et al. [I31], freeze-ofe trains OFENet only before training of RL agent
with randomly collected transitions as discussed in Section and does not simultaneously
train OFENet along with RL policy (i.e., skip line 5 and 6 in Algorithm. Since the
accuracy of predicting future observation becomes worse when an RL agent explores unseen
observation space, freezing the OFENet trained with only randomly collected data cannot

produce good representations.

2.4.4 Effect of Dimensionality of Representation

In this section, we try to test whether increasing the dimension of the OFENet representation
could lead to monotonic improvements in the performance of the RL agent. Figure[2.6]shows
the improvement in the performance of an SAC agent on the HalfCheetah-v2 environment
when we increase the dimension of the OFENet representation by increasing the numbers of
hidden units in an 8-layer OFENet from 4 to 128. The step score of the RL agent generally
increases with the increase of the dimensionality of representation, until a threshold is
reached. This shows that we need sufficient output dimensionality to get the benefit of

increasing the dimensionality of state representations using any feature extraction network.
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Figure 2.6: Comparison of various dimensional representations on HalfCheetah-v2. This
shows that increasing the size of the OFENet representation generally helps to improve the
policy performance.

2.5 Discussion

So, can increasing input dimensionality improve deep reinforcement learning? Recent
success of deep learning has allowed us to design RL agents that can learn very sophisticated
policies for solving very complex tasks. It is common belief that allowing smaller state
representation helps in learning complex RL polices. In this paper, we wanted to challenge
this hypothesis with the motivation that larger feature representations for state can allow
bigger solution space and thus, can find better policies for RL agents. To demonstrate this,
we presented an Online Feature Extractor Network (OFENet), a neural network that provides
much higher-dimensional representation for originally low-dimensional input to accelerate
the learning of RL agents. Contrary to popular belief we provide evidence suggesting
that representations that are much higher-dimensional than the original observations can
significantly accelerate learning of RL agents. However, it is important to note that the high-
dimensional representations should be learned so as to retain some knowledge of the task or
the system. In the current paper, it was learned using the auxiliary task of predicting the
next observation. Our experimental evaluation demonstrated that OFENet representations
can achieve state-of-the-art performance on various benchmark tasks involving difficult
continuous control problems using both on-policy and off-policy algorithms. Our results
suggest that RL tasks, where the observation is low-dimensional, can benefit from state
representation learning. Additionally, the feature learning by OFENet does not require
tuning the hyper-parameters of the underlying RL algorithm. This allows flexible design of

RL agents where the feature learning is separated from policy learning.
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Chapter 3

A Framework for Training Larger
Networks for Deep RL

We have witnessed considerable improvements in the fields of computer vision (CV) [28] 64]
78, 99], natural language processing (NLP) [20] 38| 89 207], and robotics [2, [19] in the last
decade. These developments could be largely attributed to the training of very large neural
networks with millions (or even billions or trillions) of parameters that can be trained using
huge amounts of data and an appropriate optimization technique to stabilize training [133].
In general, the motivation for training larger networks comes from the intuition that larger
networks allow better solutions as they increase the search space of possible solutions.
Having said that, neural network training largely relies on finding good minimizers of highly
non-convex loss functions. These loss functions are also governed by the choices of network
architecture, batch size, etc. This has also driven a lot of research in these communities
towards understanding the underlying reasoning for performance gains [106], [115], [134] 205]

In striking contrast, the Deep Reinforcement Learning (DRL) community has not
reported a similar trend with regard to training larger networks for RL. Some studies have
reported that deep RL agents experience instability while training with larger networks [1I
67, 164, 177]. As an example, in Fig. we show the results of the Soft Actor Critic
(SAC) [60] agent that uses Multi-layered Perceptron (MLP) for function approximation with
the increasing number of layers while fixing its unit size to 256 (also notice the loss surface).
These plots show that the use of deeper networks naively leads to poor performance for a
deep RL agent. Consequently, using larger networks to train deep RL networks is not fully
understood and thus is limiting in several ways. As a result, most of the reported work in
the literature ends up using similar hyperparameters such as network structure, number,
and size of layers.

Our work is motivated by this limitation. We explore the interplay between the size,
structure, training, and performance of deep RL agents to provide some intuition and
guidelines for using larger networks.

We present a large-scale study and provide empirical evidence for the use of larger
networks to train DRL agents. First, we highlight the challenges that one might encounter
when using larger networks to train deep RL agents. To circumvent these problems, we

integrate a three-fold approach: decoupling feature representation from RL to efficiently
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Figure 3.1: Training curves of SAC agents with the different numbers of layers while fixing
the unit size (256) on Ant-v2 environment, and the loss function surface [106] of the deepest
(16-layers) Q-network. The training curves suggest that simply building a deeper MLP
with a fixed number of units does not improve the performance of DRL while building a
larger network is generally effective in supervised learning. The loss surface shows that
deeper networks have a more complex loss surface that could be susceptible to the choice of
hyperparameters [106]. Motivated by this, we conduct an extensive study on how to train
larger networks that contribute to performance gain for RL agents.

produce high-dimensional features (also known as OFENet, developed in Chapter [2)),
employing DenseNet architecture to propagate richer information, and using distributed
training methods to collect more on-policy transitions to reduce overfitting. Our method
is a novel architecture that combines these three elements, and we demonstrate that our
proposed method significantly improves the performance of RL agents in continuous control
tasks. We also conduct an ablation study to show which component contributes to the
performance gain. In this paper, we consider learning from state vectors, i.e., not from
high-dimensional observations, such as images.

Our contributions in this chapter can be summarized as follows:

e We conduct a large-scale study on employing larger networks for DRL agents and
empirically show that, contrary to deeper networks, wider networks can improve

performance.

e We propose a novel framework that synergistically combines recently proposed tech-
niques to stabilize training: decoupling representation learning from RL, DenseNet
architecture, and distributed training. Although each of these components has previ-
ously been proposed, the combination is novel, and we demonstrate that it significantly

improves performance.

e We analyze the performance gain of our method using metrics of effective ranks of

features and visualization of the loss function landscape of RL agents.
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3.1 Related Work

Our work is motivated by Henderson et al. [67] which empirically demonstrates that DRL
algorithms are vulnerable to different training choices like architectures, hyperparameters,
activation functions, etc. The paper compares performance on the different numbers of units
and layers and demonstrates that larger networks do not consistently improve performance.
This is contrary to our intuition considering recent progress in solving computer vision
tasks such as ImageNet [37]: larger and more complex network architectures have proven
to achieve better performance [64] 78], Q9] 171].

Hasselt et al. [I77] identify a deadly triad of function approzimation, bootstrapping, and
off-policy learning. When these three properties are combined, learning can be unstable
and potentially diverge, with value estimates becoming unbounded. Several previous works
have attempted to address this issue by implementing various techniques, such as target
networks [128], double Q-learning [I78], and n-step learning [72]. Our challenge of training
larger networks is specifically related to function approximation. However, as the deadly
triad is entangled in a complex manner, we also have to deal with other problems. Regarding
network size, some studies investigate the effect of making the network larger for continuous
control tasks using MLP [I, 48] and concluded that larger networks tend to perform better,
but also become unstable and prone to diverge more. In a related investigation, Hasselt et
al. [I77] employed CNNs to approximate functions for Atari games, which also revealed the
instability that arises when expanding networks based on Deep Q Networks [128]. The study
also found that training stability can sometimes be achieved through the use of Double
Q-Networks, although it was not consistent with the size of the networks. Similar studies on
on-policy methods are performed in Andrychowi et al. [6] and Liu et al. [I13], showing that
too small or large networks could cause a significant drop in policy performance. Although
these studies are limited to relatively small sizes (hundreds of units with several layers), we
will have a more thorough study on much larger networks, specifically focusing on learning
from state vectors.

To build a large network, unsupervised learning has been used to learn powerful
representations for downstream tasks in natural language processing 38, [148] and computer
vision [27, [63]. In the context of RL, auxiliary tasks, such as predicting the next state
conditioned on the past state(s) and action(s) have been widely studied to improve the
sample efficiency of RL algorithms [59, [82] 109, [I58]. Researchers have generally focused
on learning a good representation of the state input setting that produces low-dimensional
features [105), I31]. In contrast to this, in Chapter [2] we proposed the use of an online
feature extractor network (OFENet) that intentionally increases input dimensionality and
demonstrates that a larger feature size enables improving RL performance in both sample
efficiency and control performance. We leverage this idea and use larger input (or feature)
for RL agents, as well as larger networks for the policy and value function networks.

One can also use the AutoRL approaches [I143] that dynamically adjust hyperparameters
during training to build large networks. For example, Wan et al. [I84] employ a combination
of the population-based method [81] and the Bayesian optimization framework to optimize

hyperparameters, including network architecture, to maximize returns during training.
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Figure 3.2: Proposed framework to train larger networks for deep RL agents. We combine
three elements. First, we decouple the representation learning from RL to extract an
informative feature z;, from the current state s; using a feature extractor network that is
trained using an auxiliary task to predict the next state sy41. Second, we use large networks
using DenseNet architecture, which allows for stronger feature propagation. Finally, we
employ the Ape-X-like distributed training framework to mitigate the overfitting problems
that tend to happen in larger networks and enable to collect more on-policy data, i.e., the
distribution of the data for updating the policy is closer to the data collected by the current
policy, which can improve performance. FC refers to a fully-connected layer.

Mohan et al. [130] empirically demonstrate that hyperparameter landscapes vary over time
during training, which requires AutoRL algorithms to adjust hyperparameters dynamically.
Although this work focuses on proposing a framework to train large networks while improving
the performance of RL algorithms, the proposed framework can also be easily combined

with these AutoRL approaches.

3.2 Method

While recent studies suggest that larger networks for DRL agents have the potential
to improve performance, it is non-trivial to alleviate some potential issues that lead to
instability when using larger networks to train RL agents.

Our method is based on three key ideas: (1) decoupling representation learning from
RL, (2) allowing better feature propagation using good network architectures, and (3) using
huge amounts of more on-policy data using distributed training to avoid overfitting in
larger networks. We first obtain good features apart from RL using an auxiliary task and
then propagate the features more efficiently by employing the DenseNet [78| architecture.
Additionally, we use a distributed RL framework that can mitigate the potential overfitting
problem. In the following, we describe in detail the three elements that we use to train larger

networks for deep RL agents. Our proposed approach is shown schematically in Fig.

3.2.1 Decoupling Representation Learning from RL

While the simplicity of learning the entire pipeline in an end-to-end fashion is appealing,
updating all parameters of a large network using only a scalar reward signal can result
in very inefficient training [I67]. Decoupling unsupervised pretraining from downstream

tasks is common in computer vision [63] 66] and has proven to be very efficient. Taking
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inspiration from this, we adopt the online feature extractor network (OFENet) proposed in
Chapter [2] to learn meaningful features separately from RL training.

As we have seen in Chapter 2, OFENet learns the representation vectors of states zg,
and state-action pairs zg, 4,, and provides them to the agent instead of the original inputs
s¢ and ay, delivering significant performance improvements in continuous robot control
tasksﬂ As the representation vectors z;, and z,,,, are designed to have much higher
dimensionality than the original input, OFENet matches the philosophy of providing a
larger solution space that allows us to find a better policy. The representations can be
obtained by learning the mappings zs, = ¢s(s¢) and zs, o, = ¢s,a(st,a:). The ¢s and ¢, 4
are neural networks with arbitrary architecture that have parameters 6,60y, ,, and trained
by minimizing an auxiliary task of predicting the next state s;+1 from the current state

and action representation z, 4, as:

Laux = E(st,at)wpﬂr [prred(zst,at) - 5t+1H2] y (31)

where fpreq is represented as a linear combination of the representation zs, 4,. The learning
of the auxiliary task is done concurrently with the learning of the downstream RL task. Our
experiments allow the input dimensionality to be much larger than previously presented
in Chapter [2} we explore maximum 2048 dimentional representations compared to 256 in
Chapter

3.2.2 Distributed Training

In general, larger networks need more data to improve the accuracy of the function
approximation |37, [70]. MLP with a large number of hidden layers is particularly known
to cause an overfitting of training data, often resulting in inferior performance to shallow
networks [I51]. In the context of RL, while we train and evaluate in the same environment,
there is still a problem of overfitting: the agent is only trained on limited trajectories it has
experienced, which cannot cover the entire state-action space of the environment [I13]. Fu
et al. [48] showed that the overfitting to the experience replay does exist. To mitigate this
overfitting problem, Fedus et al. [46] empirically showed that having more policy data in
the replay buffer, i.e., collecting more than one transition while updating the policy one
time, can improve the performance of the RL agent. However, it will be extremely slow.
In light of these studies, we employ the distributed RL framework, which leverages
distributed training architectures that decouple learning from collecting transitions by
utilizing many actors running in parallel on different environment instances [77, [90]. In
particular, we use the Ape-X [77] framework, where a single learner receives experiences
from distributed prioritized replay [I53], and multiple actors collect transitions in parallel
(see Fig. [3.2). This helps to increase the number of data close to the current policy, that is,
more data on the policy, which can improve the performance of off-policy RL agents [46]

and mitigate rank collapse problems in Q networks [9]. It is noted that one can collect

"While we denote state and state space as o; and O to strictly follow the notation used in state
representation learning [I05] in Chapter |2| we use s; and S to represent the state and state space in this
chapter.
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more on-policy data by collecting more than one transition at each policy update iteration
while being much slower, as shown in Fedus et al. [46]. Furthermore, while we employ
a distributed training framework proposed in Horgan et al. [T7], we do not use the RL
algorithm used there, but instead use standard off-policy RL algorithms: SAC [60] and the
Twin Delayed Deep Deterministic policy gradient algorithm (TD3) [52] in our experiments.
Furthermore, it should be noted that our approach uses a distributed training framework
as suggested by Horgan et al. [T7]. However, the RL algorithms we evaluate differ from
theirs; we employ two widely used off-policy RL algorithms, namely SAC [60] and TD3 [52]

in our experimental design.

3.2.3 Network Architectures

Tremendous developments have been made in the computer vision community in designing
sophisticated architectures that enable training of very large networks by making the gradi-
ents more well-behaved, such as skip connections and batch normalization [64] [78] [80, [171].
We focus specifically on the use of the Dense Convolutional Network (DenseNet) architec-
ture, which alleviates the problem of vanishing gradient, strengthens feature propagation,
and reduces the number of parameters [78]. DenseNet has a skip connection that directly
connects each layer to all subsequent layers as y; = fidense([yo, Y1y -y Yi—1]), Where y; is the
output of the i layer; thus all the inputs are concatenated into a single tensor. Here, fidense
is a composite function that consists of a sequence of convolutions, Batch Normalization
(BN) [80], and an activation function. An advantage of DenseNet is its improved flow of
information and gradients throughout the network, making large networks easier to train.
We borrow this architecture to train large networks for RL agents.

Although there are existing examples of applying the DenseNet architecture to Deep
Reinforcement Learning (DRL) agents, the full potential of this approach has yet to be
fully investigated. In this regard, Sinha et al. [I64] proposed a novel modification to the
DenseNet architecture, wherein the state or the state-action pair is concatenated to each
hidden layer of the multi-layer perceptron networks (MLP), except the final linear layer, in
their D2RL algorithm. In contrast to the modified version proposed by Sinha et al. [164],
the MLP-DenseNet we proposed in Section strictly adhered to the original DenseNet
architecture, utilizing the dense connection that concatenates all previous layer outputs
for OFENet training. We use this original DenseNet architecture to represent the policy

and value function networks. The schematic of the DenseNet architecture is also shown
in Fig.

3.3 Experimental Settings

In this section, we summarize the settings we use for our experiments. We run each
experiment independently with five random seeds. Average and +1 standard deviation
results will be reported, which are solid lines and shaded regions when we show training
curves. The horizontal axis of a training curve is the number of gradient steps, which is not
identical to the number of steps an agent interacts with an environment only when we use

the distributed training.
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3.3.1 Metrics

We evaluate the experimental results on two metrics: average return and recently proposed
effective ranks [9] of the features matrices of Q-networks. Kumar et al. [9] showed that
MLPs used to approximate policy and value functions that use bootstrapping lead to
a reduction in the effective rank of the feature, and this rank collapse for the feature
matrix results in poorer performance. The effective rank can be computed as sranks(®) =
min {k‘ : % >1- 5}, where 0;(®P) are the singular values of the feature matrix @,
which are the features of the penultimate layer of the Q-networks. We used § to calculate

the number of effective ranks in the experiments, as in Kumar et al. [9].

3.3.2 Implementations

RL agents We use the same hyperparameters as the original RL algorithms (SAC [60]
and TD3 [52]). We conduct experiments on five different random seeds and report the

average and standard deviation scores.

OFENet Regarding the parameters of OFENet, we also follow the implementation used
in experiments in Chapter [2] that is, all OFENet networks that we used for our experiments
consist of 8-layers DenseNet architectures with Swish activation [I50]. We also used target
networks [128] to stabilize OFENet training, since the distribution of experiences stored
in the shared replay buffer can change more dynamically utilizing the distributed training
setting as described in Sec. [3.2.2] The target networks are updated at each training step by
slowly tracking the learned networks: €' «— 76 + (1 — 7)8’, where we assume that 6 are the
network parameters of the current OFENet and 6’ are the target network parameters. We
use the target smoothing coefficient 7 = 0.005, which is the same as the one used to update

the target value networks in SAC [60], in other words, we do not tune this parameter.

Distributed training The distributed training setting we used is similar to Stooke
et al. [I66], which collects experiences using N cores on which each core contains
N environments. Specifically, we used N = 2 and N = 32. Figure [3.3] shows
the schematic of the distributed training. Since the actions are computed by the latest

parameters, the collected experiences result in more on-policy data.

3.3.3 Visualizing loss surface of Q-function networks

Li et al. [I06] proposed a method to visualize the loss function curvature by introducing
filter normalization method. The authors empirically demonstrated that the non-convexity
of the loss functions could be problematic, and the sharpness of the loss surface correlates
well with test error and generalization error. In light of this, we also visualize the loss
surface of the networks to specifically figure out why the deeper network could not lead to
better performance, while the wider networks result in high-performance policies (Fig. (3.5).

To visualize the loss surface of our Q-networks, we use the authors’ implementationﬂ

2Code used for these plots can be found at https://github.com/tomgoldstein/loss-landscape
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Figure 3.3: Schematic of asynchronous training. We use N = 2 cores for collecting
experiences, where each core has NV = 32 environments. Since the network parameters are
shared, and the training and collecting transitions are decoupled, the collected experiences
result in more on-policy data compared to the standard off-policy training, where the agent
collects one transition while it applies one gradient step.

with the loss of:
1 N 2
Jo(0) = E(st,at)ND [ (Qe (st,at) — @ (Staat)) } ) (3.2)

with
Q (st,at) =7 (st,ar) + VEs, 1 ~p [qu (St+1)] ) (3.3)

in which we exactly follow the notations used by SAC paper [60]. To compute this objective
Jg(0), we collect all the transitions used in the training of deeper and wider networks and
compute the target values of Q (st,a;) after the training has been completed and store the
tuples of (st, at, Q (st, at)) for all transitions in the training. Then, we use the authors’
implementation to visualize the loss with the stored transitions and trained weights of the
Q-network. Please refer to Li et al. [106] for more details.

3.4 Experimental Results

In this section, we present the results of numerical experiments in order to answer some
relevant underlying questions posed in this paper. In particular, we answer the following

questions.

e Can RL agents benefit from the usage of larger networks during training? More

concretely, can using larger networks lead to better policies for DRL agents?

e What characterizes a good architecture that facilitates better performance when using

larger networks?

e Can our method work across different RL algorithms as well as different tasks,

including sparse reward settings?

e How does the proposed framework perform in terms of wall clock time and sample

efficiency?
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Figure 3.4: Training curves of SAC agent with different number of units on Ant-v2
environment and the loss function surface of the widest (2048-units) Q-network. This shows
that performance improves consistently when using wider MLPs.
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Figure 3.5: Grid search results of maximum average return at one-million training steps
over the different number of units and layers for SAC agent on Ant-v2 environment.
This demonstrates that a deeper MLP (see horizontally) does not consistently improve
performance, while a wider MLP (see vertically) generally does.

3.4.1 Impact of network size on performance

In the first set of experiments, we try to investigate whether increasing the size of the
network always leads to poor performance. We quantitatively measure the effectiveness of
increasing the network size by changing the number of units N"™t and layers N while
the other parameters are fixed.

Figure shows the training curves when increasing the number of layers while the
unit size is fixed to N = 256. As we described in the beginning of this chapter, we
observe that the performance gets worse as the network becomes deeper. In Fig. we
show the effect of increasing the number of units while the number of layers is fixed to
N'ayer — 9 Contrary to the results when making the network deeper, we can observe a
consistent improvement when making the network wider. To investigate more thoroughly,
we also conduct a grid search, where we sample each parameter of the network from
NIt ¢ [128 256,512, 1024,2048}, and N'&er ¢ {1,2 4,8 16} and evaluate performance
in Fig. We can see a monotonic improvement in performance when we widen networks

at almost all depths of the network.
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Figure 3.6: Loss landscapes of models trained on HalfCheetah-v2 with one million steps,
visualized using the technique in [106].

This result is in line with the general belief that training deeper networks is, in general,
more difficult and more susceptible to the choice of hyperparameters [I5I]. This could be
attributed to the initialization of the networks — it is known that the wider a layer, the closer
the network is to the ideal conditions under which the initialization scheme was derived [55].
To understand why the deeper network is harder than the wider networks, we investigate
the loss surface curvatures [106] of both deeper and wider networks. We show the loss
surface of the deeper network (N = 16, NUit = 256) in Fig. and the wider network
(N'aver — 9 Nunit — 2048) of the SAC agent trained in the Ant environment in Fig. as
well as HalfCheetah-v2 environment in Fig. [3.6 using the visualization method proposed in
Li et al. [T06] with the loss of TD error of Q-functions of SAC agents. These figures show
that wider networks have a nearly convex surface while deeper networks have more complex
loss surface, which could be susceptible to the choice of hyperparameters [106]. Comparison
of deeper and wider networks has also been done in several works [64] 106, [134], 191, 201],
where wider networks are prone to have more generalization capability due to their smooth
loss functions.

From these results, we observe and conclude that larger networks can be effective in
improving deep RL performance. In particular, we achieve consistent performance gains
when we widen individual layers rather than going deeper. Consequently, we fix the number
of layers to N'&°" = 2 and only change the number of units to learn larger networks in the

following experiments.

3.4.2 Architecture Comparison

In the next set of experiments, we try to investigate the role of a synergistic combination of
connectivity architecture, state representation, and distributed training to allow the usage

of larger networks for training deep RL agents. A brief introduction to these techniques is
described in Sec. 3.2l

Connectivity architecture We first compare four connectivity architectures: standard
MLP, MLP-ResNet, MLP-DenseNet, and MLP-D2RL, which is a recently proposed architec-

34



7000 T L DenseNet 1850
—— LD2RL 1800
6000 - —— L ResNet
— LMLP 1750
—— S DenseNet
5000 -
— SD2RL 1700
—— S ResNet "
1650
c 4000-—— g MLP é r T
5 © 0 1
= le6
[ [
o 3000 .
5
o <
120 X
2000 5 —
115
1000
110
0L+ . . . . . 105
0.0 0.2 0.4 0.6 0.8 1.0 0 1
Million steps 1e6 1e6
(a) Average return. (b) Effective ranks.

Figure 3.7: Comparison of connectivity architecture on Ant-v2. Our proposed DenseNet
architecture produces the best return on both large (N"™i* = 2048, denoted by L) and small
(Nt = 128, S) networks while mitigating rank collapse as good as MLP-D2RL.

ture to improve RL performanceﬂ MLP-ResNet is a modified version of Residual Networks
(ResNet) [64), 65], which has a skip-connection that bypasses the nonlinear transformations
with an identity function: y; = ff(y;_1) + yi—1, where y; is the output of the i*! layer,
and f;® is a residual module, which consists of a fully connected layer and a nonlinear
activation function. An advantage of this architecture is that the gradient can flow directly
through the identity mapping from the top layers to the bottom layers. MLP-D2RL is
identical to Sinha et al. [I64], and MLP-DenseNet is our proposed architecture defined
in Sec. [3.2.3l We compare these four architectures on both small networks (Nt = 128
denoted by S) and large networks (N'"t = 2048, denoted by L).

The training curves of the average return are shown in Fig. [3.7a] and the effective ranks
in Fig. 37Dl The results show that our MLP-DenseNet achieves the highest return on
small and large networks while mitigating rank collapse comparable to MLP-D2RL. This
shows that MLP-DenseNet is the best architecture among these four choices, and thus we
employ this architecture for both the policy network and the value function network in the

following experiments.

Decoupling representation learning from RL Next, we evaluate the effectiveness
of using OFENet (see Sec. to decouple representation learning from RL. In order
to evaluate the performance on different network sizes, we sample the number of units
from NUMitS ¢ {256,1024, 2048}, which we respectively denote S, M, and L, and compare
these against the baseline SAC agents, which do not use OFENet-like structure with the
auxiliary loss and are trained only from a scalar reward signal. In other words, the baseline
agents are identical to the DenseNet architecture of the previous connectivity comparison
experiment.

The results in Fig. [3.8show separating representation learning from RL improves control

performance and mitigates rank collapse of Q-networks regardless of network size. Thus,

3Tt should be noted that while we have conducted a similar architecture comparison in Section [2.4.1]
here we compare different architecture for RL agents (policy and value functions), not OFENet.
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Figure 3.8: Training curves of w/ and w/o OFENet on Ant-v2. This shows decoupling
representation learning from RL is generally effective across the different sizes of the
networks in terms of both control performance and mitigating rank collapse issues.

we can conclude using bigger representations, which are learned using the auxiliary task
(see Sec. , contributes to improving performance on downstream RL tasks.

To investigate more in-depth, we also conduct a grid search over the different number of
units for both SAC and OFENet in Fig.[3.9 The baseline is SAC agent without OFENet (see
leftmost column). The results suggest that the performance does improve when compared
against the baseline agent (see horizontally), however, it saturates around the average
return of 8000. In the following experiments, we employ distributed replay and expect we

can attain higher performance.

Distributed RL Finally, we add distributed replay [77] to further improve performance
while using larger networks. We use an implementation similar to Stooke et al. [166], which
collects experiences using N cores on which each core contains NV environments,
specifically we used N = 2 and N*V = 32.

Similarly to the previous experiments, we perform a grid search on the different number
of units for SAC and OFENet with the distributed replay in Fig. [3.10] and also compare
the training curves of three different network size S, M, and L in Fig. Note that the
horizontal axis in Fig. is the number of times we applied gradients to the network,
not the number of interactions. Comparing Fig. [3.10] and Fig. [3.9] we can clearly see that
distributed training enables further performance gain in all sizes of networks. Furthermore,
we can observe a monotonic improvement when we increase the number of units for both
SAC and OFENet. Thus, we verified that combining distributed replay contributes to

further performance gain while training larger networks.

How about generalization to different RL algorithms and environments? To
quantitatively measure the effectiveness of our method across different RL algorithms and
tasks, we evaluate two popular optimization algorithms, namely SAC and TD3 [52] [60], on
five different locomotion tasks in MuJoCo [175]. We denote our method by Ours, which

uses the largest network of N"i* = 2048 among the previous experiments for the OFENet

36



8000 12000

N
v
o

7738 7655 7572

*79 +34 +147 7500

N
v
o

11000

(9]
=
£ 5
C
S Q s12 12067 12176 10000
O 512 7765 7816 7543 7000 x 3 E
< £20 %87 %25
n “6 9000
-
o w02 11849 12735
@ 1024 7878 7969 7655 2 8000
o) +414 *355 +76 E
=}
g =2 7000
2 6000 2048 12500 12430
2048 8076 7940 * *
+161 +150 +391 6000
T T . 5500 o © Nz > S
S o N o> o v o & A
Vv ° > S Number of OFE units

Number of OFE units

. . Fi .10: id h Its of
Figure 3.9: Grid search results of average sure 3.10: Grid searc FOSULLS Of average
. . maximum return over the different number
maximum return over the different num-

) of units between SAC and OFENet with
ber of units between SAC and OFENet. ApeX-like distributed training. Compared

OFENet i f in al- . . o
cb canl lprove periormance it ak- | Fig. 3.9, adding distributed RL enables
most all settings, but saturates around the — . .
monotonic improvement when we widen

return of 8000. SAC or OFENet.

and the RL algorithms. We compare the proposed method with two baselines: the original
RL algorithm denoted by Original. Furthermore, we also compare OFENet, which can
achieve current state-of-the-art performance on these tasks to the best of our knowledge.
We plot the training curves in Fig. [3.11] and list the highest average return in Table [3.1]
In the figure and the table, our method SAC (Ours) and TDS3 (Ours) achieves the best
performance in almost all environments. Furthermore, we can see that our proposed
method can work with both RL algorithms and thus is agnostic to the choice of the training
algorithm. In particular, our method notably achieves much higher episode returns in Ant-v2
and Humanoid-v2, which are harder environments with larger state/action space, requiring
more training samples. Interestingly, the proposed method does not achieve reasonable
solutions in Hopper-v2, which has the smallest dimensionality among five environments.
We consider that the performance in smaller dimension problems saturates early and even

additional methods cannot provide any significant performance gain.
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Figure 3.11: Training curves on five different MuJoCo tasks with two different RL algorithms
(SAC and TD3). The proposed methods denoted as SAC (Ours) and TD3 (Ours) improve
performance by employing larger networks.

Table 3.1: The highest average returns for each environment. The bold number indicates
the best performance. Our method outperforms OFENet [I40] and the original algorithm
in most environments.

SAC
ENVIRONMENT Ours OFENET ORIGINAL
HOPPER-V2 3467.3 3511.6 3316.6
WALKER2D-V2 8802.4 5237.0 3401.5
HALFCHEETAH-V2 19209.9 16964.1 14116.1
ANT-V2 14021.0 8086.2 5953.1
HUMANOID-V2 14858.2 9560.5 6092.6

TD3
ENVIRONMENT Ours OFENET ORIGINAL
HOPPER-V2 3206.7 3488.3 3613.0
WALKER2D-V2 7645.8 4915.1 4515.6
HALFCHEETAH-V2 18147.5 16259.5 13319.9
ANT-V2 12811.3 8472 .4 6148.6
HuMANOID-V2 13282.0 120.6 340.5
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Figure 3.12: Training curves on the performance of our proposed framework w/ and w/o
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Figure 3.13: Training curves of the derived methods of SAC on Ant-v2. This shows that each
element does contribute to performance gain, and our combination of DenseNet architecture,
distributed training, and decoupled feature representation (shown as Full ) allows us to
train larger networks that perform significantly better compared against the baseline SAC
algorithm (shown as sac ).

3.4.3 Ablation study

Since our method integrates several ideas into a single agent, we conduct additional
experiments to understand what components contribute to the performance gain. We
highlight that our method consists of three elements: feature representation learning using
OFENet, DenseNet architecture, and distributed training. Furthermore, we compare the
results without increasing the network size to reinforce that a larger network improves
performance. Figure [3.13] shows the ablation study on SAC with Ant-v2 environment. Full
is our method, which combines all three elements we proposed and uses large networks
(Nwit — 2048, N'aver — 2) for the SAC agent. sac is the original SAC implementation.

w/0 Ape-X removes Ape-X-like distributed training setting. As distributed RL enables
the collection of more experiences close to the current policy, we consider that the significant
performance gain can be explained by learning from more on-policy data, which was also
empirically shown by Fedus et al. [46]. Also, we believe that receiving more novel experiences
helps the agent generalize to state-action space. In other words, although the off-policy
training setting obtains a new experience by interacting with the environment, it is much
less compared to the on-policy setting, resulting in overfitting to the limited trajectories,
which becomes more problematic in harder environments, which have larger state/action
space and larger neural networks. Fu et al. [48] have also empirically proven this issue.

w/0o OFENet removes OFENet and trains the entire architecture using only a scalar
reward signal. The much lower return shows that learning the large networks from just
the scalar reinforcement signal is difficult, and training the bottom networks (close to the
input layer), i.e. obtaining informative features by using an auxiliary task, enables better
learning of control policy.

w/o Larger NN reduces the number of units from N'"t = 2048 to 256 for both OFENet

and SAC. This also significantly decreases performance; therefore, we can conclude that
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the use of larger networks is essential to achieve high performance.

Finally, w/o DenseNet replaces the MLP-DenseNet defined in Sec. with the
standard MLP architecture. The result shows that strengthening feature propagation does
contribute to improving performance.

It is noted that while fully using the proposed architecture improves the performance the
most, each component (decoupling representation learning from RL, distributed training,

and network architecture) also contributes to the performance gain.

3.4.4 Sparse reward setting

So far, we have evaluated the proposed framework in dense reward settings. In this section,
we apply our framework to the sparse reward settings in multi-goal environments discussed
in Plappert et al. [146], which includes a 7 DoF robot manipulator (Fetch) to perform
Reach, Slide, Push, and PickAndPlace tasks. Since our framework does not need to change
the underlying RL algorithms, it can be naturally combined with any plug-and-play method.
Specifically, we combine our framework with Hindsight Experience Replay (HER) [7], which
is a standard method for solving RL problems with sparse reward settings.

Figure shows the success rates of the four different sparse reward environments.
It clearly shows that the proposed framework enables the agent to learn a better policy
compared to the baseline method, which is a naive combination of HER and SAC; that is,
it does not include the proposed framework that consists of three components. Specifically
in difficult settings (Slide, Push, and PickAndPlace), our method quickly converges to a
success rate of almost 100 %, while the original algorithm does not achieve the goal in 300

thousands of steps.

3.4.5 Analysis on computation and sample efficiency

In the final experiment, we evaluate the performance of the proposed framework with

respect to wall clock time and sample efficiency.

Environmental and gradient steps per second First, we analyze the number of
environmental and gradient steps per second for the four different methods. Table [32]
compares the gradient and environmental steps averaged over all environments for QOurs,
Ours w/o ApeX, OFENet, and Original. Comparing Ours and Ours w/o ApeX, which
is our proposed framework without the ApeX-like distributed training, the proposed
method collects 70.6(= 1362.0/17.3) times more transitions per second by employing the
distributed training framework. Therefore, more on-policy transitions are stored in a replay
buffer compared to those without a distributed training framework, which is important
to train high-performance policy. Focusing on the gradient steps, Ours has more steps
than Ours w/o ApeX, because our framework conducts policy updates and transition
collection asynchronously, which will be effective for performance in terms of wall clock

time performance.
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Figure 3.14: Training curves on four different sparse reward tasks with SAC combined with
Hindsight Experience Replay. The proposed framework denoted as SAC (Ours) converges
to a success rate of almost 100 % compared to the naive baseline SAC' (Original) that does
not include our proposed framework.

Table 3.2: The number of environment and gradient steps per second averaged over all
environments. Note that the environment and gradient steps are different only for Ours
because of the distributed training.

Ours -
Ours w/o ApeX OFENet Original
Env. steps / sec 1362.0 154 29.8 43.9
Grad. steps / sec  19.3 15.4 29.8 43.9
Env. steps / Grad. steps  70.6 1.0 1.0 1.0

Wall clock time performance Next, we compare the performance of the models with
respect to the wall clock time, that is, we compare models trained over a fixed period of
time. Specifically, we compare the performance of all methods for the amount of time taken
by the naive baseline SAC' (Original) to complete the training.

The result in Table [3.3]shows that our method SAC (Ours) achieves the best performance
in almost all environments, although the number of gradient steps is 2.3(= 43.9/19.3) times
less than Original. This is achieved by using the distributed training framework; our method
collects more on-policy transitions thanks to the asynchronous data collection setup, which
enables the agent to overfit its networks to the experience replay (see Section 3.2 for more
details). Thus, we show that the proposed framework is effective with respect to the wall

clock time.

Sample efficiency Next, we analyze the sample efficiency, where we compare our method

with baselines with the same number of environmental steps (thus we do not consider the
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Ours

w/o Dist. R, 0%

Env. steps / sec 15.4 1362.0

Grad. steps / sec 15.4 19.3

Env. steps / Grad. steps 1.0 70.6

Table 3.3: The highest average returns for each environment with fixed wall clock time,
specifically as of the naive baseline SAC (Original) agent completed training, for analyzing
the performance gain with respect to wall clock time. The numbers in bold indicate the
best performance. Our method outperforms OFENet [140] and the original algorithm in
most environments for complex environments (HalfCheetah-v2, Ant-v2, and Humanoid-v2).

SAC
ENVIRONMENT Ours OFENET ORIGINAL
HoOPPER-V2 2798.9 3406.4 3316.6
WALKER2D-V2 4633.8 4813.7 3401.5
HALFCHEETAH-V2 18345.3 16214.91 14116.1
ANT-V2 13008.5 7748.0 5953.1
HUMANOID-vV2 12678.1 7944.0 6092.6

TD3
ENVIRONMENT OURrRs OFENET ORIGINAL
HOPPER-V2 1597.0 3458.4 3613.0
WALKER2D-V2 7336.2 4392.5 4515.6
HALFCHEETAH-V2 17784.5 15808.6 13319.9
ANT-V2 12463.4 8199.9 6148.6
HUMANOID-V2 12970.8 119.5 340.5

wall clock time).

Table. shows the performance of each method with a fixed number of environmental
steps (1 million for Hopper-v2 and Walker2D-v2 and 3 million for the others). Note that
the returns of SAC (Original) and SAC (OFENet) are identical to those in Table 1 of
the manuscript because these methods do not use the distributed training framework.
Comparing Ours with baselines (OFENet and Original), our proposed framework performs
worse than the baselines. This is because it collects a huge amount of samples very
quickly, thanks to the asynchronous training architecture (Fig. 3 in the manuscript); the
data collection speed of the proposed framework is 88 times faster than that of the naive
baseline. Therefore, effectively, our proposed method is able to apply only fewer gradient
steps (approximately 100 times less) than the compared baselines. This results in poor
performance, as there are simply not enough updates to train the model.

Finally, to show the effectiveness of the other two components of the proposed framework,
namely the DenseNet architecture and decoupling representation learning from RL, we also
added results without distributed training, denoted by Ours w/o ApeX in Table. From
the table, Ours w/o ApeX achieves much higher performance than the baselines, while it
has the same sample efficiency as the baselines, since it does not use distributed training.

Therefore, one can choose the framework with or without distributed training based on the
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Table 3.4: The highest average returns for each environment with the fixed number of
environmental steps to analyze the performance with respect to sample efficiency. The
numbers in bold indicate the best performance. Our method works worse than OFENet [140]
and the original algorithm in most environments due to the nature of asynchronous training.
However, our framework without distributed training (Ours w/o0 ApeX) works much better
than baselines, indicating one can remove distributed training when sample efficiency is
most important.

SAC
ENVIRONMENT Ours OuUrs w/0 APEX OFENET ORIGINAL
HOPPER-V2 532.1 3452.7 3511.6 3316.6
WALKER2D-V2 621.2 6385.3 5237.0 3401.5
HALFCHEETAH-V2 14548.5 17942.6 16964.1 14116.1
ANT-V2 8508.0 10249.5 8086.2 5953.1
HUMANOID-vV2 1177.3 10720.3 9560.5 6092.6
TD3
ENVIRONMENT Ours OURs w/0 APEX OFENET ORIGINAL
HOPPER-V2 367.5 3562.1 3488.3 3613.0
WALKER2D-V2 635.9 6021.3 4915.1 4515.6
HALFCHEETAH-V2 14474.9 17402.8 16259.5 13319.9
ANT-V2 7216.5 9820.9 8472.4 6148.6
HUMANOID-V2 4302.1 10235.3 120.6 340.5

importance of sample efficiency; While our full framework is not very sample efficient due
to the nature of distributed training, the proposed method without distributed training
still performs much better than the baselines. Implementing the distributed framework can
really improve performance due to the distributed implementation and the large amounts

of on-policy diverse data.

3.5 Discussion

Deep learning has catalyzed huge breakthroughs in the fields of computer vision and natural
language processing, making use of massive neural networks that can be trained with
huge amounts of data. Although these domains have greatly benefitted from the use of
larger networks, the RL community has not witnessed a similar trend in the use of larger
networks to train high-performance agents. This is mainly due to the instability when
using larger networks to train RL agents. In this paper, we studied the problem of using
a larger network to train RL agents. To achieve this, we proposed a novel framework
while reflecting on some of the important design choices that one has to make when using
such networks. In particular, the proposed framework consists of three elements. First,
we decouple the representation learning from RL using an auxiliary loss to predict the
next state. This allows more informative features to be obtained to learn control policies
with richer information than learning entire networks from a scalar reward signal. The
learned representation is then propagated to the DenseNet architecture, which consists of

very wide networks. Finally, a distributed training framework provides huge amounts of
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on-policy data whose distribution is much closer to the current policy, and thus enables the
RL agent to mitigate the overfitting problem and enhance generalization to novel scenarios.
Our experiments demonstrate that this novel combination achieves significantly higher
performance compared to current state-of-the-art algorithms across different off-policy
RL algorithms and different continuous control tasks. Although this paper focused on
learning from state vectors, we plan to apply the proposed framework to high-dimensional

observations, such as images, in future work.
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Part 11

How can we estimate an effective
object’s representation for performing

manipulation?
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Chapter 4

Probabilistic Estimation for

Understanding Objects’ Articulations

Every day, we are surrounded by a number of articulated objects that require specific
interactions to use: our laptops can be opened or shut, windows can be raised or lowered,
and drawers can be pulled out or pushed back in. A robot designed to function in real-world
contexts should therefore be able to understand and interact with these articulated objects.

Recent advances in deep reinforcement learning (RL) have focused on this problem
and have allowed robots to manipulate articulated objects such as drawers and doors
[57, 176, 190l 197]. However, these systems typically produce fixed actions based on
observations of a scene, and thus when the articulated joint is ambiguous (e.g., a door that
slides or swings), they cannot adapt their policies in response to failed actions. Although
some systems attempt to adjust policies during test-time exploration to recover from failure
modes [47, [I87], they only propose local action adjustments (pull harder or run faster) and
so are insufficient in cases where dramatically different strategies need to be applied, e.g.,
from “sliding the window” to “pushing the window outward from the bottom.”

In contrast, humans and many other animals can quickly figure out how to manipulate
complex articulated man-made objects, e.g., puzzle boxes, with very little training [8] [17,
174]. These capabilities are thought to be supported by rapid, strategic trial-and-error
learning — interacting with objects in an intelligent way, but learning when actions lead to
failures and updating mental representations of the world to reflect this information [4].
We argue that robotic systems that can learn how to manipulate articulated objects should
be designed using similar principles.

In this work, we propose “Hypothesize, Simulate, Act, Update, and Repeat” (H-SAUR),
an exploration strategy that allows an agent to figure out the underlying articulation
mechanism of man-made objects from a handful of actions. At the core of our model
is a probabilistic generative model that generates hypotheses of how articulated objects
might deform given an action. Given a kinematic object, our model first generates several
hypothetical articulation configurations of the object from 3D point clouds segmented by
object parts. Our model then evaluates the likelihood of each hypothesis through analysis-
by-synthesis — the proposed model simulates objects representative of each hypothetical

configuration, using a physics engine to predict likely outcomes given an action. The virtual
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Figure 4.1: Overview of our “Hypothesize, Simulate, Act, Update, and Repeat”
(H-SAUR) framework. We consider the task of estimating the kinematic structure of an
unknown articulated object and use that structure to manipulate the object efficiently. Left:
A generative model produces several hypothetical configurations given point cloud segments
and simulates possible actions that maximally deform a sampled configuration. Right:
By applying an action and observing the outcome, the posterior inference is performed
using the same generative model by simulating and updating the posterior distribution. We
repeat the process until convergence.

simulation helps resolve three critical components in this interactive perception setup:
(1) deciding real-world exploratory actions that might produce meaningful outcomes, (2)
reducing uncertainty over beliefs after observing the action-outcome pairs from real-world
interactions, (3) generating actions that will lead to successful execution of a given task
after fully figuring out the articulation mechanism. The contributions of this chapter can

be summarized as follows:

1. We propose a novel exploration algorithm for efficient exploration and manipulation
of puzzle boxes and articulated objects, by integrating the power of probabilistic gen-
erative models and forward simulation. Our model explicitly captures the uncertainty

over articulation hypotheses.

2. We compare H-SAUR against existing state-of-the-art methods, and show it outper-
forms them in operating unknown articulated object, despite requiring many fewer

interactions with the object of interest.

3. We propose a new manipulation benchmark — PuzzleBozes — which consists of locked
boxes that require multi-step sequential actions to unlock and open, in order to test

the ability to explore and manipulate complex articulated objects.

4.1 Related Work

Kinematic Structure Estimation. A natural first step to manipulate an object is to
predict the articulation mechanism of the object. Li et al. [I110] and Wang et al. [1806]
proposed models to segment object point clouds into independently moving parts and

articulated joints. However, this requires part and articulation annotations, and thus does
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not generalize to unexpected articulation mechanisms. Previous work address this by
proposing to visually parse articulated objects under motion [54} 68, [85, 911 [168] 208]. Yet,
most work assumes the objects are manually articulated by humans or scripted actions from
the robot. In this paper, we study how an agent can jointly infer articulation mechanism and
exploratory actions that helps to reveal the articulation of an object, i.e., in an interactive
perception setup [I6]. Hausman et al. [62] addresses a similar setup, but only handles
articulated objects with a single joint and assumes the robot knows where to apply forces.
Kulick et al. [12] and Baum et al. [I3] handle dependency joints but assume each joint is
either locked or unlocked, which is ambiguous for general kinematic objects. H-SAUR takes
raw point clouds and part segmentations as inputs, and infers both the joint structure of
the object and how to act. This model can handle articulated objects with an arbitrary
number of joints and joint dependencies by leveraging off-the-shelf physics simulation for
general physical constraint reasoning.

Model-free approaches for manipulating articulated objects. Instead of explicitly
inferring the articulation mechanism, recent works in deep RL learn to generate plausible
object manipulation actions from pointclouds [129, 187, 190], RGB-(D) images |57, [176, [197],
or the full 3D state of the objects and their segments [3, [144] [198]. While most of these RL
approaches learn through explicit rewards, recent approaches have learned to manipulate
objects in a self-supervised manner, through self-driven goals or imitation learning [40} [117].
However, all of these systems require a large number of interactions during training and
cannot discover hidden mechanisms that are only revealed through test-time exploratory
behaviors. Furthermore, while they focus on training-time exploration, our work focuses on

testing-time exploration where only a small number of interactions is permitted.

4.2 Method

We consider a task of estimating kinematic structure of an unknown articulated object and
use the estimation for efficient manipulation. We are particularly interested in manipulating
a visually ambiguous object, e.g., a closed door that can be opened by pulling, pushing,
sliding, etc. In such a situation, the agent needs to estimate its underlying kinematic
configuration, and update its beliefs over different configurations based on the outcome of
past failed actions.

We propose “Hypothesize, Simulate, Act, Update, and Repeat” (H-SAUR), a physics-
aware generative model that represents an articulated object manipulation scene in terms
of 3D shapes of object parts, articulation joint types and positions of each part, actions to
apply on the object, and the change to the object after applying the actions. In this work,
we assume to have access to a physics engine that can take as input 3D meshes (estimated
from a point cloud) of a target unknown object with an estimated kinematic configuration,
and produce hypothetical simulated articulations of this object when kinematically acted
upon. The method consists of three parts. First, we initiate a number of hypothetical
configurations that imitate a target object by sampling articulation structures from a prior
distribution. The prior distribution can be uniform or from learned vision models. Second,

we sample one of the hypotheses to generate an action that is expected to provide evidence
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for or against that hypothesis. Finally, we apply the optimal action to the target object

and update beliefs about object joints based on the outcome.

4.2.1 Generating Hypothetical Articulated Objects

Given the observed pointcloud O of a target object along with its part segmentation, m, we
generate a number of kinematic replicas of the object. Since the true articulation mechanism
is initially unknown, we generate these replicas by sampling different kinematic structures
from uniform prior distributions over joint types and parameters.

Object Parts. From the observed pointcloud O and segmentation masks, my, mo, -+ ,mp,,
where N, is number of available views, we can break the pointcloud into part-centric
pointcloud O, 02, --- , ONr where N,, is the total number of object parts.

Articulation Joints. Each object part is attached to a base of the object with a joint.
We consider three most common types of articulation joints: revolute (r), prismatic (p),
and fixed (f). For revolute and prismatic joints, we further generate possible joint axes and
positions, using the tight bounding boxes fitted to the part-centric pointcloud to obtain a
total of .J possible joints. The j* joint is denoted as 8Y) = (¢, d) where ¢ € {r,p, f} is the
joint type and d € RS is the 6-DoF pose of the joint axis. The prior distribution p(H(j))
for the joint type is assumed to be uniform at ¢ = 0. One can also use learned prior from
vision models that predict joint types.

In addition, most articulated joints have lower and upper limits of how much the
joint can be deformed. We denote the limits as #'°V and #"&". The prior distribution is
sampled uniformly from [—6yax, 0] and [0, Oyiax], respectively. The full state of the joint
for object part O is s* = (9(7(0) glowi ghigh; gours) where o (i) € {1,2,---,J} is the joint
configuration for the 7" object part, and "% is the joint position at the current time step.

The prior over all the latent variables is:

p(SLNp) - Hp(e(g(i)))pUHif[—eMAxvo}(HIOWi )punif[OﬁMAX} (ehighi)’ (4.1)
i=1
We approximate the distribution by maintaining a particle pool, S, where each particle in

the pool represents a particular setup for the articulation configurations.

4.2.2 Simulating and Selecting Informative Action

We utilize virtual simulations to generate an optimal action that reduces the uncertainty
of joint configuration hypotheses. Yet, computing the optimal action that maximizes the
information gain involves integral over all latent variables, which is intractable. One can
approximate this by a sampling-based method [16]. However, the high computational
requirements still prohibit the agent from solving the task within a reasonable time. We
address this by using only a single particle to make a noisy approximation of the optimal
action.

We sample a joint configuration from the set of particles s¥) ~ S and obtain the optimal
action by simulating different actions on the object with the physics simulation. The action

a; = (p,r) € RO is represented as a 3D point p; € R? on the object and the direction r; € R?
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to apply force. The optimal action is defined as the action that can maximally deform the
object or a target object part over a single step. For multi-part objects, we maintain a
list of parts-of-interest, which we will introduce shortly, and we sample a target part from

the list to act on. We measure how much an object part i deforms by d; = ||0;\y — ;" ||

t+1
Although one can naively sample a huge number of actions and pick the best action through

simulation, we found this can be extremely inefficient with large object parts. To improve
inference speed, we instead treat the action inference as a particle filtering problem: we
initialize a number of action proposals by randomly sampling 3D locations on the target
point cloud and assign random 3D directions to apply force, then we use the measured
distance d; as the likelihood to update the posterior distribution of the particles. We add
noise to the action while reproducing the particles from previous iterations. We continue
this process three times and finally sample a particle from the pool to obtain the action a*.
E| We found the inferred action a* is often close to the oracle optimal action that maximizes
d;.

The probabilistic formulation of an articulation mechanism given past observation and

action is

p(s¢|O1:4—1a1:4-1) = /p(5t|5t17at1)p(5t1|01:t17a1:t1)7 (4.2)

~
forward dynamics obtain through recursion

where the first term is handled by the physics engine by forward simulation, and the second
is initialized with the prior defined in Eq. (4.1)) and can be obtained through recursion.

4.2.3 Updating hypotheses through analysis-by-synthesis

We apply the inferred action a* on the target object O; to observe outcome O;41. We then
update the probability of each hypothesis through analysis-by-synthesis: we first apply the
same action a* on all the "imagined" objects, s € S in the physics engine. After applying

the action, we obtain OAYS_I?I for each particle s®). We define the likelihood of the particle s(*)
1

. _ 1 . 2 .
O O e where dist(01,02) = o] > wco, Milyeo, |2 — yl|5 is the chamfer
distance between two point cloud o; and oy. The overall updated posterior is:

as wy =

O¢|st)p(st|O1:t—1,a1:4—1)

p(st’Olztv al:t—l) xXp
(4.3)
k

(
K
Z wgp(8¢|01:4-1, G1:4—1),
—1

where the second term can be computed from Eq.(4.2)), and the whole inference is imple-

mented through particle filtering with weighted sampling.

4.2.4 Handling Joints with Dependency in Goal-Conditioned Manipula-
tion

A real puzzle box often consists of joints with dependencies, e.g., a lock needs to be open

first in order to operate on another lock. Randomly selecting a part to act on is ineffective

We found the particle filter (PF) generates nearly optimal action 1,500 times faster compared to an
oracle optimal action generated by exhaustive search (ES). We compare deformations caused by them and
found that PF with 100 particles almost always generates the same action (df'F /d¥S = 0.995).
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and may not be sufficient to solve the problem since (1) the agent can act on a segment that
is irrelevant to the task, e.g., a decoration on the box, and (2) the agent can underestimate
the joint limit by ignoring the possibility that another part is blocking the current joint.
To resolve this issue, we propose to keep track of the relevant parts and gradually grow a
dependency tree throughout the exploration process.

Given goals in the form of “moving part X towards Y”, we maintain a parts-of-interest
list gpor to keep track of task-relevant object parts and their desired position. For example,
consider a door with a few locks, whose goal is to pull open the door. Thus, we initialize
gpor by adding the “door” part, Op, and the desirable moving direction dy. When selecting
an action (see section , we always act on the most recently added object part. In the
first run, we select the door since it is the only part in the list.

Using the physics engine, we not only infer the optimal action that would cause desirable
changes to the target part, but also detect object parts, e.g., locks on the PuzzleBozes we
introduce shortly, that will collide with it. We consider these collided parts as having a
dependency with target part at hand. We can further infer the desirable change direction
d; for each of these collided parts O; that would unblock the current part. Then, we add
the part along with the desired changing direction to gpor. Sometimes multiple directions
might lead to a successful unblock, in this case, we randomly select one direction to be put
in the list. We expect the pool of particles to keep track of different sampling outcomes.
We can keep adding “unsolved” parts with dependencies to the current parts to the list. A
part is marked as “solved” and removed from the list if it can be and has been changed to a
desired configuration that unblocks its parent node in the dependency tree.

Algorithm [2] [ [ and [5] show the pseudocode for the proposed method. Specifically,
Algorithm handles joints with dependency, as described in this section. Since objects
in the PartNet-Mobility dataset do not have such dependency, they can be solved with
Algorithm [2] [3] without the dependency check. For objects in the PuzzleBox dataset,

including the dependency check is critical to achieve reasonable performance.
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Algorithm 2 Interactive Joint Type Estimation

Input Observed point cloud for the current movable part O, hypothetical joint

configurations @ = {#)|j € {1,2,---,J}}, number of particles NParticles threshold §ProP
to finish estimation, maximum steps to interact with the real-world object N™&*

Output Estimated joint type j* and indexes of the collided movable parts k
Initialize a particle pool SStat¢ = ()
for k < 1 to Nparticles qo
Sample a joint configuration 6(@*) ~ po(0) > Can use a learned prior distribution
Sample a joint upper limit A8 ~ Punif[0,0nax]
Sample a joint lower limit §1°%F ~ Punif[—0yiax,0]
Add the sampled particle s* = (H(U(k)), glowk ghigh geurk — () to the particle pool
Sstate . gstate | Sk:

7: end for
8: for t + 1 to N™** do

10:

11:
12:
13:
14:
15:
16:

17:

18:
19:

20:
21:
22:
23:
24:

Infer an informative action a* using Alg.
Apply the inferred action a* on the real-world object and observe the pointcloud
O¢41
// Handling movable parts/joints with dependency
if Detect contacts between the current movable part and other movable parts then
Break the current loop
end if
for all k < 1 to NPparticles do
Apply the inferred action a* on k-th hypothetical object and observe the point-
cloud Ofﬂ

Compute importance weight for the particle wy = 1

end for
Re-sample particles from S according to the importance weights. Compute
updated posterior p;+1(0) from the particles.
if maxjcqy gy pir1(09)) > 6P then
Break the current loop
end if
end for

return The most probable joint configuration j* = arg max p(9(j)) and indexes of the
je{l,...J}
collided movable part k
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Algorithm 3 Informative Action Selection

Input Observed point cloud for the current movable part O;, particle pool S5t*¢ number

of particles for generating action NParticles-action “nymher of particle updates NUPdate

— =
—= O

12:
13:
14:
15:
16:
17:

Output Informative action a*

Sample a joint configuration s ~ Sstate
Reproduce a hypothetical object using the joint configuration s in a physics engine
Initialize a particle pool Saction = ()
for k — 1 to Nparticles—action do
Sample a point to interact px ~ O;
Sample a force direction ry ~ {+x,-x, +v, -y, +z, -z}
Add the sampled particle aj = (pg, ) to the particle pool Saction ¢ Saction g,
end for
for n < 1 to N'date do
for k — 1 to Nparticles-action do
Apply the sampled action a; on the hypothetical object and observe the joint
state 07,4
Compute importance weight for the particle wy, = |67 , — 67 ;||
end for
Re-sample particles from S2°H°" according to the importance weights
Add noise to the position p; € Saction
end for

return The most probable particle a* = ap+, where k* = arg max W
ke{1,‘“’Nparticles-action}
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Algorithm 4 Unlock PuzzleBoxes

Input Pointcloud of the target object O, segmentation masks my, ma,--- ,mpy,, target
part ID ¢ to open, desired direction d* to displace the target part

Output “Success” or “Failure” to solve the task

1: Obtain segmented point clouds Oy, 03, -+ ,Op, from O and my, ma,--- ,mpy,

2: Initialize the part-of-interest queue with the target part, e.g., the door, and its desired
opening direction gpor = {(O%, d")}

3: while ‘qp01| >0do

4: Get the most recently added object part and its moving direction (O, d') from the
queue gpor

5: Estimate the joint type of the target part O' using Alg.

6: if Detect collided parts during joint type estimation then

T: Add the collided part O* and its unknown moving direction d* to the last of the
part-of-interest list gpor < qpor U {(OF, d*)}

8: else

9: if The moving direction d' is “unknown” then

10: Compute the moving direction d' that resolves collision using Alg.

11: end if

12: Infer an optimal action a* on the estimated joint type using Alg. [3| while replacing
the cost function wy = [|07,, ;, — d'|| in line.12 in Alg. [3| and apply it on the real-world
object

13: if Goal is achieved (e.g., “door is open”) then

14: Terminate this experiment with “Success”

15: else if Number of interactions exceeds N™@10t then

16: Terminate this experiment with “Failure”

17: else if part O' has been successfully displaced with d' then

18: Remove the current part and direction gpor < gpor\{(O',d")}

19: end if

20: end if
21: end while
22: return “Failure”

Algorithm 5 Compute Action Direction to Resolve Collision

Input Pointcloud of the current part of interest O, pointcloud of the collided object
part O, estimated current part’s joint configuration s = {6°%, 118" 9/} number of samples
to search for the desired joint state N

Output Desired joint state 8* for the collided object part

1: Reproduce a hypothetical object using the joint configuration s in a physics engine.

2: Obtain pointclouds {Ol17 ...,OéN} of different joint states 6 € {61,...,0n} by setting
the joint configuration s with joint position 6 in a physics engine, where 6 is evenly
spaced between 6°% and #hieh,

3: return The joint state §* = arg max dist(O}), O°)
0e{01,....0n}
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Figure 4.2: Categories from PartNet-Mobility dataset [194] used for our experiments.

Table 4.1: Statistics of the data splits.

Training Categories Test Categories
Instances Joints . ‘ . .
Category Train  Test Train Test Rev. Pris. ' Category Instances Joints Rev. Pris.

Box 10 3 10 3 X - Safe 29 29 X -

Door 26 7 33 8 X - Table 62 153 X X

Microwave 8 3 8 3 X - Washing 16 16 X -
Fridge 34 9 56 17 X -
Cabinet 269 68 630 157 X X

All 347 90 737 188 X X All 107 198 X X

4.3 Experiments

We evaluate H-SAUR on both the PartNet-Mobility dataset and the PuzzleBoxes dataset
on the SAPIEN [194] physics engine.

The PartNet-Mobility dataset provides a wide variety of synthetic articulated objects.
We specifically use 8 different categories as shown in Fig. [1.2] with two different settings: In
the closed setting, all movable joints are closed, which is often the most visually ambiguous
setup for an object. In the half-opened setting, all joints are initialized at the midway point
between the joint limits. Detailed instance statistics and their joint types for each object
category are listed in Table [£.1] For the object parts, we remove parts that are either too
small or have a function irrelevant to physical articulation. For example, some instances in
the Washing Machine category have tiny buttons to control the machines. We ignore these
parts and focus on articulated parts, such as doors.

For physics simulation setups, we use frame rate 100 fps, and all the other settings as
default in SAPIEN release. When interacting with an object, we apply the same force
for 10 simulation steps, resulting in 10 fps simulation. To simulate actions from position
control, we set the magnitude of the force by multiplying 100 x m, where m is the mass
of the target part. Following Where2Act [129], we disable collision simulation between
every pair of two parts connected by an articulated joint. We also set gravity to zero to
better simulate articulated objects that have an opener that needs to be opened upwards,
e.g., Boxes. Setting gravity to zero prevents the opener to gradually fall back from open
to close without any force applied. For the rendering settings, we use four cameras to get
pointcloud of the target object. We set the near plane to 0.1, far plane to 100, resolution
to 640 x 480, and the field of view to 35°. We obtain a pointcloud from the depth images
by back-projecting the depth image into pointclouds, removing the far-away (background)
points, and down-sampling the point to get a total of 10K points.
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1-chain
OOOOn -

----- 3chain Figure 4.4: Visualizations of how the puzzle
----- boxes will be opened by unlocking keys in
3-chain puzzle boxes.

"“““

Open the door step by step

Figure 4.3: All instances from the Puzzle-
Boxes Benchmark.

The PuzzleBoxes dataset has more challenging configurations and joint dependency.
We aim to create a more comprehensive version of Thorndike’s puzzle box experiment [174],
where a cat needs to escape a cage by exploring a locked door and finally opening it. We
design the boxes with different level of difficulties by varying the number of locks (N'°s)
and the number of decency chains (N""). As shown in Fig. we prepared five different
settings: (Nehain Nlocks)  f£(1.1),(2,1),(3,1),(1,2),(1,3)}, where each setting has 10
different configurations (joint type, axis, and position).

In the 1-chain N-locks setups, the door is blocked by a number of sliding locks and
revolving locks. To solve the task, an agent needs to figure out which locks are blocking
the door and how to manipulate these locks to resolve the blocking dependency. In these
1-chain setups, we assume the locks can be solved independently. To further test whether
an agent can optimally explore by only researching on task decency locks, we also include
boxes with dummy locks, e.g., locks that are already open and are not blocking the doors.
In the 2-chain and 3-chain setups, we test whether an agent can solve a chain of locks with
dependency, i.e., the locks need to be operated in a specific order to fully unlock the door.
In Fig. [£:4] we show some example design of the locks.

In both dataset, the 6-DoF action is implemented in the simulator by simulating a

directed force on a 3D point, imitating actions from a suction gripper.
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Table 4.2: Joint type estimation accuracy |%].

Novel instances in training Categories Testing categories

Box Door Microwave Fridge Cabinet Mean Safe Table Washing Mean

PN2 100.0 43.3 97.4 72.9 69.2 76.5 55.7 56.5 45.2 54.0
Closed Ours 100.0 85.4 100.0 98.6 96.7 96.1  89.7 98.7 100.0 96.1
PN2+Ours 100.0 80.5 90.9 98.6 97.7 934 96.6 99.3 93.8 96.5

PN2 100.0 875 100.0 99.1 99.8 97.4 1000 922 774 89.9
Half-opened Ours 100.0 97.6 81.8 100.0 99.0 95.7 100.0 928 100.0 97.6
PN2+QOurs 923  90.2 100.0 98.6 98.6 96.0 100.0 934 93.8 95.7

4.3.1 Joint type estimation

We first evaluate how well H-SAUR can estimate the type, location, and limits of joints on
an articulated object.

Settings. We test joint estimation performance using the PartNet-Mobility dataset
with both the closed and half-opened settings. To measure the performance, we cast the
problem into an eight-way classification problem where the model classifies the target joint
as one of the following: four different revolute joints attached to the right, left, top, or
bottom of the 3D bounding boxes for the object part, three different prismatic joints that
moves along each of the X, Y, and Z axes, or a fixed joint (see Fig. [4.5)).

Models. We initialize a uniform prior for H-SAUR with the eight possible joints, using
110 particles. The algorithm stops if one of the following conditions is satisfied: (1) the
model has good confidence with more than 90% of the particles belong to a single class, or (2)
the model interacts with the object 10 times. We compare our algorithm with a supervised
learning baseline PN2 [110], which uses PointNet++ [147] and implementation [I89]
as a feature extraction backbone to predict joint types given an input point cloud and
segmentation masks of the object parts connected to the joint. We feed the extracted
feature into a classification network which consists of two 256-dim fully connected layers
and 8-dim fully connected layer that classifies the input into the eight possible joints.

We also test the combination of H-SAUR and PointNet++, which we denote Qurs +
PN2, where we initialize the hypothesis distribution of the proposed model with prediction
from PN2. However, we found that PN2 can generates almost zero weight on a correct
hypothesis when it becomes over-confident about a false configuration. This can cause
the proposed model to fail since all the particles are initialized with the over-weighted
false configuration. To handle the problem, we impose a minimum weight 1/16 on all the
hypotheses to ensure all hypotheses are covered in the particle pool. We found this heuristic
can significantly improve the overall performance (from 80.5% to 96.5% on closed setting
with test categories).

Results and analysis. Table shows the joint type estimation accuracy. Our model
performs comparably with PN2 in the half-opened setting and significantly outperform
PN2 on the closed setting where joint type is mostly ambiguous from vision alone. We also
show, by integrating visual prior from PN2 with the proposed framework, we can improve
in cases where visual prior helps significantly, e.g., in half-opened Microwave. We visualize
the posterior over hypotheses in Fig. where we can see that our model becomes more

confident after a few interactions.
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Figure 4.5: Percentage of particles representing different hypothetical configurations during
interactions. The hypotheses start as a uniform distribution, then with an observed action,
belief tends to aggregate on the correct joint type.

Table 4.3: Joint type estimation accuracy on noisy dynamics [%].

o Box  Door Microwave Fridge Cabinet Safe Table Washing Mean

0.0 100.0 854 100.0 98.6 96.7 89.7 98.7 100.0 96.1
0.1 961 9438 100.0 87.8 90.9 959 96.6 87.5 93.6
0.2 954 92.8 100.0 82.9 100.0 959 828 87.5 92.2
0.3 95.2 92.8 100.0 85.4 100.0 93.2  96.6 93.8 94.6

4.3.2 Joint type estimation under stochastic dynamics.

Settings. We further evaluate the performance of H-SAUR under stochastic dynamics by
adding noise to action to imitate a stochastic dynamics. The action noise € is uniformly
sampled from € ~ [—a, 0] thus the action on the stochastic dynamics will be a}**¢ = a; + €.
We evaluate H-SAUR with o € {0,0.1,0.2,0.3}, where 0 = 0 corresponds to Ours in

Table

Results and analysis. Table [£.3] shows the results on different noise levels. At its
most extreme, the noise is sampled from a uniform range of width 0.6 meters, which is
the equivalent to the size of the articulated part in many cases, yet adding this noise
has little effect on joint estimation performance. This is partly because our method is a
probabilistic framework, thus it can handle any uncertainty including stochastic dynamics,

part segmentation, action noises, etc.

4.3.3 Action Proposal and Affordance Map

We next measure how well the H-SAUR model can use its estimates of joint properties to
estimate whether an action will be effective on the PartNet-Mobility dataset.

Settings. To evaluate all models, we collect 10,000 interactions on the closed setting
by randomly sampling a point belonging on a movable part and applying a force with a
uniformly distributed direction on the surface of the 3-d unit sphere. An action is labeled as
"success" if it causes the joint to move more than 5% of its full range. We counterbalance
"success" and "failure" interactions in the final test set. We use two metrics to evaluate
the models: (1) Binary classification Accuracy which is the proportion of actions correctly
predicted as success or failure, and (2) Distance Prediction which measure the ¢; distance
between the predicted point translation and the ground truth.

Baseline. We compare our model with the state-of-the-art articulated object manipu-
lation algorithm, Where2Act (W2A) [129], which takes the pointcloud of an articulated
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Table 4.4: The proportion of the part opened |%| with fifteen testing-time interactions.

Novel instances in training categories Testing categories

Box Door Microwave Fridge Cabinet Mean Safe Table Washing Mean

W2A (100K) 65.0 473 49.6 50.7 54.8 53.5 42,6 439 70.0 52.2
W2A+HP (100K) 96.2 51.3 91.0 98.4 92.9 85.9 728 720 94.3 79.7
Ours (0.01K) 83.9 90.2 99.0 94.8 95.6 92.7 828 98.0 93.8 91.5
Ours + PN2 87.2  86.0 100.0 94.7 97.1 93.0 856 99.0 97.7 94.1

1-chain 1-chain

Setting l-chain 2-chain 3-chain 9locks  3-locks

Random 23.3 6.7 0.0 13.3 3.3
Heuristic 36.7 13.3 0.0 23.3 10.0
CURL 33.3 0.0 0.0 0.0 0.0
Ours 96.7 86.7 80.0 93.3 86.7

Table 4.5: Manipulation performance (%) for solving PuzzleBoxes averaged from 3 runs.

object as input to predict an effectiveness score for all points. To train the model, we collect
{10K, 100K} number of counter-balanced interactions using the same procedure as above.
For a fair comparison, we collect both the testing and training data from only movable links
by applying a segmentation mask when sampling the position to interact as our method
assumes segmentation of the parts is given.

Results and analysis. We show the results in Table Our method significantly out-
performs the baseline, despite being 1000 times more sample efficient. We show qualitative
results of distance prediction by H-SAUR in Fig.

4.3.4 Manipulation

Next we evaluate the estimated joints for manipulation task on the PartNet-Mobility
Dataset.

Settings. The task is to open the movable parts as much as possible from completely
closed setting within N™* = 15 interactions. Our method uses first N'™ = 10 interactions
to estimate the joint type, and the rest to manipulate the object while the baseline models
use all N™* interactions to open the movable parts. For evaluation, we measure the
proportion of the part opened 7 = maxc(y . ymax) (0 — ity /(gmax _ ginit) wwhere r = 1
means the fully opened target part.

Baselines. We again use Where2Act as the baseline for this experiment. We also add
Where2Act + HP, which employs an additional heuristic that filters out actions that has
a larger than 90 deg angle with last-step action as done in [197]. This heuristic helps to
avoid sequences of back-and-forth actions.

Results and analysis. Table[4.4shows our method significantly outperforms Where2Act
in all categories and performs better than Where2Act+HP in most settings except for boxes
and fridge. We found these two categories are simpler in the sense that all boxes open in
the same direction (upward), and so do the fridges (to the left), so it is easy for Where2Act

to overfit to a single action. We can also see that the performance of our method, when
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Table 4.6: Affordance prediction performance.

Novel instances in training categories Testing categories
Method Box  Door Microwave Fridge Cabinet Mean Safe  Table Washing Mean
Binary classification accuracy [%] 1
W2A (10K) 68.6 59.7 70.6 70.1 69.7 67.7 68.5 63.9 60.3 64.2
W2A (100K)  75.9 60.2 81.1 71.3 70.0 1.7 74.1 53.5 66.1 64.6
Ours (0.01K) 964 795 97.8 93.0 93.0 919 933 974 91.3 94.0

Distance prediction error |

W2A (10K) 0.051  0.074 0.040 0.068 0.062  0.059 0.0567 0.053 0.076 0.062
W2A (100K) 0.049 0.072 0.032 0.063 0.057  0.055 0.051 0.061 0.067 0.059
Ours (0.01K) 0.009 0.036 0.013 0.040 0.026 0.025 0.055 0.016 0.029 0.033

Pull Pull Push Push

Figure 4.6: Visualizations of distance prediction. The warmer color shows larger deformations.

combined with the learned PN2 model, slightly improves. It shows H-SAUR alone is
already robust to skewed prior, and one can easily improve its performance by incorporating

good prior from vision models.

4.3.5 Ablation on different scoring methods to update hypotheses.

In this section, we compare two different scoring functions to update the hypotheses: the
chamfer distance used in our method (described in Sec. and the cosine similarity
referring to [62]. The cosine similarity 8y measures the cosine of the angle between the
displacement of the real object d and the displacement of a hypothetical object. The
direction d is calculated by d; = p;11 — p¢, where p; is the center position of the observed
point cloud Oz as py = HTltH > coi T- The cosine similarity is computed using the direction
di-d®

]|
as wi = (Bx + 1)/2. This formulation results in an increase of the likelihood when a

as O = arccos< > We then use (i for the likelihood of the k-th particle s(k)

hypothetical object successfully imitates the movement of the real object. Following [62],
we assign wy = 1 when both objects do not move, and w; = 0 in the case where only one
of the two objects moves, where we assume that such a situation can happen when the
hypothetical configuration is wrong. To wrap up, the cosine similarity-based likelihood

function can be formulated as follows:

(B, +1)/2 ifdy#0and d™ #£0
wp =141 if d, = 0 and d'*) = 0 (4.4)

0 otherwise.

Table [£.7] shows the comparison of the two different scoring functions to update hy-
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Box  Door Microwave Fridge Cabinet Safe Table Washing Mean

Chamfer distance 100.0 85.4 100.0 98.6 96.7 89.7 98.7 100.0 96.1
Cosine similarity 78.4 83.0 69.2 73.2 2.7 73.5  74.0 82.8 76.0

Closed

Table 4.7: Comparison of different scoring methods to update hypotheses for joint type
estimation accuracy [%)].

potheses for joint type estimation experiments. It clearly shows that chamfer distance
outperforms the cosine similarity. We found that cosine similarity works poorly especially
when the joint state of the real object is close to the upper or lower limit. In such situations,
only either hypothetical or real object moves and results in w; = 0, and filtered out from
the particle pool. Chamfer distance, however, is robust to the wrong joint state or joint
upper /lower limit, because it still returns a reasonable value even if the estimated state or

joint limits is wrong.

4.3.6 PuzzleBoxes

Finally, we evaluate H-SAUR on a novel benchmark PuzzleBozes. The task is to open a
door outward more than 60° within 100 interactions. However, opening this door requires
first moving other “locks” that restrict the range of motion of the door, as shown in Fig. [1.4]

RL Baselines. To the best of our knowledge, none of the prior learning-based
approaches can solve this long-term manipulation problem without exhaustively interacting
with the objects before deployment time. To show this, we train an RL agent with
CURL [102], a state-of-the-art image-based RL algorithm that uses contrastive learning to
acquire a good image representation. The following summarize the settings for training the
RL agent:

State: For a fair comparison to H-SAUR, which requires part segments and 3D informa-
tion as point cloud, we define the state of the environment is two frames of RGBD image
JRGBD ¢ R100x100x8 " The RGB image corresponds to part segments because all parts in
PuzzleBoxes have unique color (see Fig. , and the depth image gives the 3D information
to an RL agent.

Action: The action of the agent consists of an interaction position and direction. The
position is defined by 2D continuous value aP* € [—1,1]?, and we find the closest pixel in
the RGBD image and then find the corresponding 3D position to the pixel. This enables
to make the action space smaller, and makes the RL agent easier to solve the task. The
interaction direction is defined by 3D continuous values a®'" € [~1,1]3, and normalized so
that it will be a unit vector.

Rewards: Since training an RL agent entirely from a sparse reward is too hard to solve,
we define a shaped reward to enhance exploration, which consists of changes in position of

shape — 119, .1 — 0;||, where @ is a joint state vector that consists of all movable

any joint r

joints.
Terminal conditions: An episode terminates with the same condition with other methods

as H-SARU and the other baselines; an agent opens the door outward for more than 60°,

or the total step of an episode is over 100.
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Training: The hyperparameters of the CURL [I02] agent is the same used in the
original paper. We use a random policy to collect 1K transitions to a replay buffer before
training an RL agent, and then train the RL agent for 10K timesteps. The configurations
of PuzzleBoxes for train and test are different; we use 7 configurations for training and 3
configurations for testing, and we train RL agents for each PuzzleBoxes type separately.

Naive Baselines. We also compare our algorithm to two learning-free baselines: (1)
Random: a policy that uniformly sample a movable link and apply randomly sampled
action on it at each time step, (2) Heuristic: a policy that selects an action in the same way
as Random, but keeps applying the same action if the object moves at the previous step.

Results and analysis. We show the results in Table [£.5] We can see that the RL
baseline trained with 10K timesteps, which corresponds to 100x more timesteps than ours,
performs poorly on all but the simplest levels. Deep RL algorithms generally needs enormous
amount of interactions to learn, and can fail drastically when the agent is allowed to have
a limited number of interactions. Aside from poor sample efficiency, most learning-based
policies would generate similar actions (drawn from a fixed distribution) given similar
observations (as PuzzleBoxes are designed to look similar but have different joint axes),
since most policies only take one or a few past observations as inputs and do not update
action distributions from past failed interactions. Even baselines that use knowledge of the
problem structure (both Random and Heuristic) perform poorly at all levels. In contrast,

H-SAUR can solve even the most complex levels far above chance.

4.4 Conclusion

In this work, we propose a physics- and uncertainty-aware exploration framework, H-SAUR,
that can manipulate diverse articulated objects in circumstances where visual inputs do
not uniquely specify the state. We show H-SAUR can open complex puzzle boxes requiring
several steps to solve by interactively updating hypotheses over different articulation
structures. We also show the proposed model outperforms baselines by a large margin,
highlighting the importance of quick behavior adaption through test-time exploration. Our
model operates directly on pointcloud segments without the need of detailed tracking using
AR tags or any other tracking system, which increases its chance to transfer to a real-world
setup. Current results show the model is robust to mismatch between the object of interest
and the reconstructed virtual objects from the pointcloud segments.

We note that more work is needed to extend H-SAUR to manipulate arbitrary real-world
articulated objects. First, our current model cannot handle articulated joints with arbitrary
joint axis, e.g., a door that rotates with a tilted joint, or joint types that have not been
prespecified in its hypothesis space. This problem can potentially be addressed using
motion-based kinematic prediction [85] to propose new hypothesis to include in the prior.
Second, we assume part segments are given. In ongoing work, we are investigating models
that jointly infers object parts and their articulations. Third, we assume a force can be
applied to any point on an object from any direction in order to separate reasoning about
joints from manipulating them. While this is roughly similar to using a suction gripper as

in [197, 202], we plan to explore practical constraints imposed by a real robot’s geometry,
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gripper, etc. in future work.
Nonetheless, H-SAUR demonstrates a promising avenue for systems that can reason

about articulated objects, manipulate them, and update beliefs in real time.
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Chapter 5

Understanding Objects’ Geometries
through Interactions using Tactile

Sensing

Humans rely on tactile sensing to monitor and control manipulation tasks during interactions
with the environment. Tactile sensing allows us to observe and respond to contact forces,
adapt to object slip during grasping, and perform various perception tasks to build models
of the environment. Even in situations where visual observation is not possible, tactile
sensing enables us to interpret different types of interactions with the environment. For
instance, we can locate objects in cluttered environments even in the absence of visual cues,
identify the correct key for a lock by feeling the different options, or determine the type of
video port (e.g., HDMI) on a monitor screen by touch alone. It has been the long-standing
goal of robotics to imitate such intelligent behavior during manipulation tasks. Motivated
by this goal, we present an interactive perception method for robots that utilize vision-based
tactile sensors to construct reliable models for part mating.

A lot of manufacturing tasks could be decomposed into a sequence of insertion tasks.
Object insertion is a well-studied contact-rich manipulation task in robotics [41] [160].
However, the task becomes extremely challenging when the geometry of the mating objects
is unknown. Also, this can make the task of part mating significantly complex as the
uncertainty in geometry can limit the ability to understand any possible contact formation
between the parts [41]. This complexity is further amplified in assembly tasks that require
precise geometric information, as tolerances between mating parts become critical. Achieving
the required level of precision in manufacturing tasks can be challenging when relying solely
on vision-based algorithms.

To address these challenges, we propose a method that leverages vision-based tactile
sensors located at the robot’s gripper for precise perception in these tasks. We present
an interactive perception method, Tactile-Filter, using vision-based tactile sensors for
estimating part correspondence for part mating, i.e., to estimate which parts fit into
each other using tactile sensors in the absence of any vision sensing. We train a deep
learning model to predict correspondence between the correct mating parts, observed using

a tactile sensor. In the presence of partial observation or non-unique contact patch, we
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Figure 5.1: Overview of the proposed Tactile-Filter. As shown in the figure, we consider the
task of part mating without any prior knowledge of 3D mesh of objects and which objects
fit together. We assume that the robot has access to a collection of tactile images for the
set of pegs as shown in figure (Offline data collection). During inference, the robot tries to
identify which peg would fit in a given hole by the proposed Tactile-Filter. An initial set of
hypotheses (denoted by s € S) is generated using the tactile image from the first touch
and a trained part mating model, which predicts the correspondence between parts that fit
together. We compute an optimal action for sampling the next image on the hole surface
in order to minimize the uncertainty of the current estimate using a maximum likelihood
approach. This is also illustrated in the figure, where, given an initial touch, we can select
an optimal action that maximizes uncertainty reduction. This method allows us to find the
peg for the right fit, as well as localize the hole (as we finally get the correct hypothesis)
while minimizing the number of interactions during the task. (MLTF stands for Maximum
Likelihood Tactile Filter). [Best viewed in color]

make use of an interactive perception approach, similar to that of Chapter [4] to aggregate
the information from multiple touches and improve the estimate of the correct fit for a
given hole. To minimize the number of interactions between the robot and the object, a
maximum likelihood-based action selection method is used during the proposed interactive
perception. The proposed method is tested on several different test environments with
objects of different shapes and sizes that are not used in training the model to show the
generalization of the proposed approach. Figure shows the abstract idea of the proposed
interactive perception method.

Contributions: This chapter has the following contributions:

1. We present a part mating problem that deals with objects of unknown shapes, aiming
to identify and estimate the pose of mating parts using minimal number of interactions.
To address this problem, we present a novel approach called Tactile-Filter, which

combines contrastive learning, particle filter, and tactile sensing for part mating.

2. Through our experiments conducted on novel objects, we demonstrate that our pro-
posed method effectively resolves uncertainty by iteratively updating its belief during
interactions. We demonstrate the ability to generalize to objects not encountered
during training. Furthermore, we introduce an action selection method within our

approach, which leads to significant improvements in efficiency.

At its core, we combine the interactive perception approach proposed in Chapter [4] and

tactile sensing to solve a real-world problem. It should be noted that for the sake of brevity
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and clarity of presentation, we will use the word peg for the male part and hole for the

female part in this chapter.

5.1 Related Work

Vision-based tactile sensors have attracted a lot of attention recently [I73, 199]. These
sensors provide a high-resolution capture of the contact patch during contact formation and
thus can help in localization of contacts, detection of slip, etc [42, 118 [173]. Consequently,
vision-based tactile sensors have been used for a lot of control and perception tasks [41],
75), 05, 157, 159]. Most of these methods make use of displacement of the contact patch
to recover a signal indicating slip which can be used for control of the manipulation task.
Similarly, there has been prior work that uses these sensors for object classification and
slip stabilization using feedback from these sensors |24, [200], or for learning visuotactile
servoing [25] [61].

Several studies have focused on estimating object pose using tactile sensors which
can be broadly categorized into two directions. The first group of studies addresses
pose estimation from a single touch [15] 49, 94] [108], employing regression [49, [108] and
contrastive learning [I5]. However, these methods exhibit limitations when applied to large
objects or objects with non-unique contact patches. The second group of studies focuses
on pose estimation of large objects, often utilizing particle filtering techniques to narrow
down the distribution of possible poses [23, 94, 116, 170]. However, these methods face
challenges when applied to real objects due to factors such as low-dimensional sensors [116],
the requirement of a large number of interactions for training interaction policies [94]
or collecting samples [I70]. Furthermore, some approaches assume they have access to
3D models of objects that limits their applications to unknown agents [15] 23] 04 [170].
In contrast to these two sets of works, we assume that the shape of the objects is not
known a priori, and allow only a limited number of interactions (a maximum of 10) by
generating informative actions that effectively reduce ambiguity. Furthermore, our method
not only estimates the pose of the object, but also identifies the type of object from multiple
candidates, i.e., simultaneously solving classification and pose estimation problems, adding
another layer of complexity to the problem.

There exists another category of work that integrates vision and tactile sensors to
estimate object pose [25] [39, 49, [I16]. By leveraging the capabilities of vision sensors,
these methods can reduce the number of interactions required to estimate object pose by
narrowing down the distribution of possible poses. While our study specifically focuses
on object pose estimation using vision-based tactile sensors, our method is not mutually
exclusive with the methods that combine vision and tactile sensors. By integrating both
modalities, we can leverage the strengths of each sensor type and potentially improve the
accuracy and efficiency of object pose estimation.

Our problem setup is relevant to the interactive perception literature, where the goal is
also to interact with the objects and update iteratively on the estimation of the states [16, [165]
193]. While previous work focuses mostly on state estimation from raw visual perception [16]
62], point clouds [129] 141} [190], or 3D states of the objects [136]. In contrast to these
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previous works, we consider state estimation using tactile sensors.

Our work is also related to perception during insertion or part mating. Vision is mostly
insufficient to perform a lot of insertion tasks due to the precision required during these
tasks [41 [104]. Consequently, there has been a lot of work making use of tactile and/or
wrench measurements on contact formation between the mating parts. The idea behind
most of these tasks is to make use of tactile measurements and a feedback mechanism
to iteratively correct the pose error between the mating parts [41} 43, [84]. In all these
methods, geometric information is not explicitly used. Furthermore, they do not explicitly
update the uncertainty in measurements. In contrast, we present a method where the robot
can make use of the geometric information upon contact formation using tactile sensors to

iteratively estimate the part correspondence as well as precise localization.

5.2 Problem Statement

In this section, we present a formal statement of the problem which is studied in this
chapter. We also motivate the problem by discussing some common scenarios in which the
proposed problem could arise and the proposed method could be useful.

We consider the task of perception during part mating while performing automated
assembly. We consider scenarios where the robot cannot use a vision sensor to perceive
the target object to perform the desired mating task. Such situations could arise in tasks
where a robot has to assemble a product where occlusions are created by other parts (e.g.,
consider the assembly of an electronic board). Apart from occlusion, these tasks could
also require precision in pose estimates which might be very difficult to obtain using vision
alone. To formalize the problem, we define the robot’s task as identifying the correct peg
from a known set of possible choices by multiple observations (touches) of the hole using
the vision-based tactile sensor(s). The goal here is to design algorithms that can identify
the correcSo,peg with minimum physical interaction with the hole using a tactile sensor. In

the proposed study, we make the following assumptions:
1. The possible number of pegs for the part mating task is fixed and known as a priori.

2. The rough location of the target hole is known so that the robot can establish initial
contact with the part, and it does not need to perform this rough localization using

touch.

3. The robot can collect a dense set of tactile images for all the candidate pegs by
touching each of the pegs at various different locations and orientations, prior to

experiments.

The first assumption is not restrictive as we will generally have a limited number of parts
to assemble. The second assumption is also very easily met using common vision methods
with rough precision in localization. The third assumption would require that the robot
has access to a detailed geometric model of the possible pegs observed using tactile sensors.

This would require that the robot performs some exploration to collect this data. This
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assumption is required as the size of the tactile sensor may be small compared to the size
of the objects that the robot is interacting with.

We focus on the setup where the target objects are larger than the size of a tactile
sensor such that the entire object can not be observed using a single touch, or a single
touch can result in non-unique observations (consider when parts of the objects could be
similar). Such problems would require multiple touches and a method to aggregate the data
from multiple touches. For example, consider the task of inserting pegs into the shape of
alphabet letters that are larger than the sensor size (see Fig. . If the target hole is the
letter “A”, whether we can be certain that it is indeed an “A” with a single touch depends
on where we land our finger. For instance, if the first touch is made on the horizontal line
segment of the letter “A.” this feature may also be present in other alphabets such as “B,”
“D,” “E” and so on. However, by making contact with features unique to the letter “A,”
such as the lower left intersection, the probability of other candidates can be dramatically
reduced. So, the question is how do we aggregate information from multiple touches, and
how do we select places to touch that will maximize the information so as to reduce required

interactions.

5.3 Method

We propose Tuctile-Filter, an uncertainty-aware interactive perception method to identify the
correct peg from a candidate set that fits into a given hole for assembly using tactile sensors.
At the core of the framework is a feature-matching model that computes the probability
that a peg can pair with a hole by measuring the distance between the corresponding tactile
images in a joint feature space. Using the feature matching model, we can construct the
three critical steps in an interactive perception method, such as the one in Chapter : (1)
we can initialize a set of possible hypotheses from the first touch by comparing the tactile
image on the hole with the candidate images for the pegs collected before the experiment,
(2) we then sample the most probable hypothesis and generate an action that maximizes
uncertainty reduction, and (3) we apply the inferred action to the real system and update
beliefs about the shape (class) and pose of the target hole. In this section, we detail each

of these components.

5.3.1 Learning to find mating part

Given a pair of peg and hole images, we train a model that maximizes the similarity score
if the image for the hole corresponds to the image for the peg. To this end, we use a
contrastive learning framework [27, [63] to learn the feature space, similar to the work
MoCo-v3 [29].

MoCo-v3 has two encoders, f, and fj, with output vectors ¢ and k. The goal of learning
is to find the key vectors k that correspond to the query vectors g. In our case, we consider
the query vectors ¢ to be the vectors from images of the holes and learn to maximize the
similarity score between ¢ and the vectors computed from the corresponding peg images k,
while minimizing the similarity between the query vectors and a set of vectors from the

negative peg images {k~}. In MoCo-v3, this is formulated by minimizing the InfoNCE
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loss [137]:

exp (¢ - k*/7)
& exp(q-kT/T)+ > —exp(q-k=/7)
where 7 is the hyperparameter. More details can be found in Chen et al. [29], implementa-
tions in [35], and the training procedure is shown in Fig. We denote the model used for

measuring similarities between the hole images and peg images as figp, and name it part

L=—

(5.1)

mating model. Additionally, we train a model, denoted as fpp and referred to as the peg
distance model, to calculate the similarity between peg images. This fpp will be utilized to
produce informative actions (as detailed in Section [5.3.3)).

5.3.2 Generating hypotheses

In cases where only a partial shape of a hole can be observed using a tactile sensor, multiple
corresponding choices for peg may exist. Thus it might be hard or impossible to determine
the object with a deterministic approach. To address this uncertainty, we explicitly generate
and maintain a set of hypotheses representing potential candidate choices using a particle
filter.

Since the class of the target hole and its orientation and location is unknown (Sec. , we
generate a set of hypotheses S where each hypothesis sy, is a quadruple: sx = (ck, Tk, Yk, Ok),
where ¢ represents the possible object categories ¢ € C, and xy,yx, 0 are the SE(2)
relative planar displacements from the center of the object. An example is shown in Fig. [5.1
and is also explained in Fig. [5.2

One can initialize the particle set by sampling from a uniform distribution within a
reasonable range (e.g., ¢x from candidate categories, zj from [—Xnmax, Xmax], which is the
lower and upper limits of reasonable sizes of the peg, etc.). However, it will be inefficient as
the sampling space becomes huge as the target object becomes larger, and/or the number
of candidate categories increases. As an alternative, we initialize the set of particles after
obtaining the first tactile image of the target hole IfL; (which we denote as I}!) by utilizing
the previously collected set of peg images Z¥ and the pre-trained part mating model fyp.
Specifically, we compute the similarities, w;, between the observed initial tactile image for

the hole I F and each tactile image of the peg IZ-P from the set of peg images IV as:

We sample a particle proportional to this likelihood. Therefore, the probability of a particle

given the initial hole image can be written as:

W;

p(s =i|I}'") = (5.3)

Zie{l,...,|IP|} Wy

where, i is the index of the set of previously collected peg images as i € {1,...,|Z"|}
(see Fig. [5.1). We then initialize the set of hypotheses by independently sampling K
particles with the above distribution. It is noted that the above distribution is a categorical

distribution over all peg images.

70



a = (dx,dy,d8)
= (—4,-16,30)

s;=("4",0,12,0) s34 = ("A",—4,—4,30) s, = ("B",0,8,90) S5, = ("B",—4,—8,120)

Figure 5.2: This picture defines particles and actions available to the robot. A particle s is
defined as a tuple consisting of the class of the object and a pose in SE(2) w.r.t. a frame
attached to the center of the object. Each particle s; is associated with the corresponding
image 1, fi observed via the tactile sensor at that location. An action a is equivalent to the
transform in SE(2) applied to a particle s;. The pose of a particle obtained by applying an
action a can be obtained by applying the transform in SE(2) to the pose of the particle
s, and we denote it as s; .. Thus, an action a will result in the observation of the contact
patch I Sia at the new pose corresponding to the particle s; 4.

5.3.3 Selecting informative action

In order to efficiently determine the category and pose of the target hole, we aim to calculate
an optimal action that can maximize uncertainty reduction. While it is possible to compute
such an optimal action by maximizing information gain against all possible peg images,
it necessitates the integration of all latent variables, making it computationally infeasible
within a reasonable time frame. As an alternative, we utilize the existing hypothesis set S
to enhance the sample efficiency, similarly to H-SAUR in Section 4.2

We sample the most probable hypothesis from the current set of particles s, =

arg max wg and determine the optimal action by simulating it on a set of previously
SLES

collected peg images Z' (see Fig. [5.1). The action a = (dz,dy,df) is represented as a
transform in SE(2) to the pose of the particles, and we denote the particle s with the
updated pose by applying the action a as s ,. With this updated pose and the set of
peg images Z', we can also obtain the peg image when applied to the action a, which we
denote Ifk .- If there is no corresponding pose in the collected set of images, we assign an
empty imalge which is a tactile image without any contact Inocontact- We visually explain
the definition of particles and actions in Fig.

Given a current most-likely hypothesis, the next optimal action can be selected by
finding the most informative action. To do that, we compute the distance between the
tactile images obtained by applying any possible action to the most probable hypothesis
and the remaining particles in set S. The action that maximizes the sum of this distance
over all the particles is selected as the optimal action. Such an action is favored only when
the peg image of the sampled particle is close to the hole image, while other images have a

greater distance when applying the same action to all the other particles. More concretely,

71



Algorithm 6 Tactile-Filter

Input Number of candidate pegs N¥. A set of dense tactile images for each peg
categories I8 = {Z}F, - -- ,IJ}\),P}, number of particles K, maximum number of interactions
N™2X pre-trained part mating model fgp and peg distance model fpp (Sec. , threshold
to stop iteration PP

Output Mating peg category and its displacement in x,y, # coordinate from the center
of the peg

1: Touch and observe the first hole image I{!
2: Compute similarity score w; between the hole image Ii' and a peg image IiP €IP as
= fup (1,17
Wy HP\{1 544 )
3: Initialize a particle pool S = ()
4: for k + 1to K do
: Sample a particle s; from the set of the peg images according to the categorical
distribution defined in Eq.(5.3])

6: Add the sampled particle s = (cg, g, Yk, 0x) to the particle pool: S < S U sy.
7: end for
8 for t < 2 to N™** do
9: Select the most probable particle s, = arg max wy,
SLES
10: Infer the optimal action a, according to Eq. using s, and S.
11: Move the robot with the inferred action a, and get the tactile image I}!
12: for k <+ 1 to K do
13: Compute importance weight for the particle wy, = fgp (I}, Is};)

14: end for

15: Compute the posterior distribution defined in Eq.

16: Re-sample K particles from S using the posterior distribution

17: Compute updated posterior pt(C|IEt) of each peg category from the particles as

defined in Eq. (5.9)

18: if max;cqy, ey pe(cs) > §P™b then

19: Break the current loop

20: end if

21: end for

22: Select the most probable particle s, = (cx, Z«, Ys, 0x) = arg max wy, (to get the localiza-

SLES
tion estimate, i.e., T, yx, 0x)
23: return Object category c, and its displacement x., ¥, 0.

we define the likelihood of an action as

= > 1/fep(IL ,I¢ ). (5.4)

SZES\{S*}

The optimal action can be then selected by maximizing the likelihood as:

a® = arg maxl,, (5.5)

acA
where A is a set of actions with which the tactile sensor can observe the peg after applying
the action. This action set A can be obtained by calculating the L1 pixel distance between
the tactile image of the peg after applying the action [ f* , and the peg image that does not

have contact Ig and see if it exceeds a threshold as ]I(HISF; . — INoContact|[1 < Jact),

oContact’
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This procedure is visually depicted in Fig. [5.1} where the optimal action a* is shown
to generate a more distinct contact patch (observable through touch) when applied to
all particles (s, and s; in the figure). On the other hand, the non-informative action a;

produces similar contact patches that would not effectively disambiguate the current belief.

5.3.4 Update hypotheses

After obtaining the optimal action a; at time step ¢, we apply it on the real robot and
observe the tactile image of the hole I}I. We then update the probability of each hypothesis

by comparing the observed hole image I}' and the peg images from the current hypotheses
P

sk,at:
p(sil I, ar—1) o< p(I] s0)p(sil Iy 1, are—1)
K (5.6)
~ Zwkzp(stul}:lt—la art—1),
k=1
fap(IENI5 ) - . . .
where wy, = - is the likelihood (weight) for the hole image to match with

Sk fup(ILTE, )

the peg image of the k" particle. The second term can be written as:

p(sﬂ]ft,l,al;t_l): Z p(5t|5t—1,at—l)p(st—luﬁsfpal:t—l)v (5.7)

St 1€S * ~
- forward dynamics obtain through recursion

where the first term represents the deterministic forward dynamics. Given the particle is in
state s; at time step ¢, the dynamics can be expressed as:
1 if 8441 = Skq,

) (5.8)
0 otherwise.

p(sey1lse, ap) = {

The second term in Eq.(5.7)) is initialized with the prior defined in Eq. (5.3)) and can be
obtained through recursion. We update the distribution of the particles by regenerating a

new set of particles through weighted sampling based on w. The full algorithm is shown in

Alg. [6]

5.3.5 Terminal condition

After updating the posterior of the particles with Eq. (5.6), we compute the posterior
probability of each peg category as follows:

Zskes H(Sk € C)
S|

H
pt(c“llzt) = ) (59)
where I(s; € ¢) is an indicator function that returns 1 only when the category of the
particle ¢, belongs to the category c. The algorithm terminates when the majority of
particles belong to a specific class, indicated by max;cg . ney pe(cs) > 6PP which is a

user-specified parameter for termination.
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Figure 5.3: Data Collection, Training, and Inference of the part mating model: The left
block depicts the data collection process using the MAZE board that features various
shapes, including hole and peg shapes in the upper and lower halves, respectively. This
board is placed on the robot platform and the robot arm equipped with a tactile sensor
at the tip of the wrist makes contact with the board to collect data denoted as ZH and
ZP, which corresponds a set of images for pegs and holes, respectively. The middle block
illustrates the training procedure for the part mating model. It is trained in a self-supervised
manner using a contrastive loss that encourages the model to produce high scores only when
images corresponding to true mating parts are provided. The right block demonstrates the
model’s generalization to different shapes after training. [Best viewed in color]

5.4 Experiments

In this section, we evaluate the performance of the Tactile-Filter algorithm in two different
test scenarios. The first scenario, referred to as the small objects (Fig. left), involves a
collection of small objects that can be fully captured by a single touch of the tactile sensor,
thereby making the estimation problem relatively simpler to solve. The second scenario,
referred to as the large objects (Fig. right), involves objects that are larger than the
size of the tactile sensor, requiring multiple touch measurements to accurately estimate
their shape. All the test objects used in the pose estimation experiments are novel and are

not used for training the contrastive learning model.

5.4.1 Training the part mating model

Tactile sensor. We use a commercially available GelSight Mini [79] tactile sensor, which
provides 320 x 240 compressed RGB images through the Robot Operating System (ROS)
at a rate of approximately 25 Hz, with a field of view of 18.6 x 14.3 millimeters.

Robot platform. The MELFA ASSISTA robot [36], a collaborative robot with 6
DoF, is used in this study. The tactile sensor is mounted on the robot’s wrist during data
collection (see Fig. . It is noted that we do not use the force torque sensor mounted at
the wrist of the robot as shown in the Fig. [5.3]

Data collection. In order to train a model that is capable of generalizing to a
diverse set of shapes, we designed a board for data collection so that it features random
polygonal shapes to simulate pegs and holes of arbitrary shapes. The shapes were generated
through a process that involved creating a maze (we name it MAZE board), adding random
perturbations to the position and size of the walls that make up the maze, and then
exporting the result for 3D printing. This board was designed such that any arbitrary hole

patch sampled from the upper half has a corresponding mating peg patch in the lower
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half (see Fig. . To collect data for training, we sampled several different locations and
orientations on the upper half MAZE board from a high-resolution grid to collect the hole
images, and then collect the corresponding peg images from the lower half. This resulted in
a total of approximately 23,000 pairs of images of pegs and holes which perfectly fit with
each other.

Preprocessing. In this study, the tactile sensor used has RGB LEDs with different
colors on each of the three surfaces [79]. As a result, even when the same object is in
contact, the color may differ depending on the position of the image captured. To mitigate
the potential impact on generalization performance, we obtained an image of a non-contact
situation Inocontact during data collection, reducing the impact by subtracting the image.
Then, the average and variance of each RGB channel were calculated for all images, and
the images were normalized before being input into the model.

Training. As described in Sec. we use MoCo-v3 for our part mating model frp
and peg distance model fpp. We train the models with the collected images using the
MAZE board for 500 epochs. To improve generalization capability, we augment the data by
using random cropping and horizontal or vertical flips, which will be applied to the pairs of

images inputted to the model during training.

5.4.2 Small objects

We first evaluate the performance of the TactileFilter when applied to objects that fit in
the size of the sensor.

Baselines. To understand the challenges encountered when identifying objects that
might not be fully captured through a single touch, we compare our method against two
methods that only use the initial image. The first baseline, referred to as Pizel, computes
the L1 distance between the peg and hole images and returns the index of the nearest
neighbor image. The second baseline, MoCo, utilizes the pre-trained MoCo-v3 model to
calculate the distance (negative of the MoCo-v3’s output) based solely on the first tactile
image and without incorporating any subsequent interactions. The results of our method
are denoted as Ours (n), where n indicates the number of interactions. It is important to
note that the value of n includes the initial contact, therefore, Ours (n = 1) represents the
results obtained without any additional interactions.

Settings. For this experiment, we have designed an evaluation board consisting of 12
alphabet characters (ranging from “A” to “L”), each with a maximum width of 16 mm and
height of 12 mm, so the characters fit within a single touch. Since we would like to evaluate
the model in situations where the pose of the object is unknown, resulting in only partial
observation of the object and requiring multiple touches for accurate estimations, we collect
data with displacements in X,Y € {—8,—4,0,4, 8} millimeter and 6 € {—90, —60, ...,90}
degree from their center position. This results in 12 x 5 x 5 x 7 = 2100 images. Figure
shows examples of the characters we used for the experiment. The hyperparameter we used
for our algorithm is the number of particles K = 100, the maximum number of iterations
Nmax — 10, and the threshold to stop the iteration §P™P = 0.95.

Metrics. The performance of the results is assessed through two metrics. Firstly, we

evaluate the accuracy in classifying the objects. For the baseline calculation, we calculate
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Small objects GelSight Mini Large objects

Figure 5.4: Alphabet boards for our experiments. The left board contains small characters,
each with a length of 12 mm and a maximum width of 16 mm, to fit within the size of the
sensor if the robot makes contact with the center position. The sensor size is shown in the
middle image. The board on the right has large characters with a length of 32 mm and a
maximum width of 40 mm, requiring multiple interactions with the tactile sensor to obtain
complete geometry for the object.

the distance between a hole image and all previously gathered peg images, select the image
with the minimum distance, and consider the prediction to be accurate when the predicted
image’s class matches the class of the inputted hole image. Additionally, the distance
between the predicted pose and the ground truth pose is quantitatively measured.

With regard to the evaluation of the proposed method, we utilize the likelihood used
to update the particles to weight the prediction. The object with the highest weighted
probability is then evaluated with the target object. We also use weighted error between
the particles and the ground-truth image to compute the quantitative error.

Results and Analysis. The results are presented in Table A comparison between
the two baselines, Pizel and MoCo, reveals that the correspondences between parts cannot
be obtained simply by comparing pixel values. The contrastive framework captures the
features of the mating parts, resulting in better performance. However, the results using
only the first contact are still not sufficiently accurate as the tactile sensor only observes a
partial view of the object. In contrast, our method demonstrates a gradual improvement
in performance as interactions are added. Furthermore, as we can see from Table [5.1], our
method is able to achieve good localization accuracy in both position and orientation. In
particular, we are able to achieve a submillimeter average error in localization, which might

be required for industrial insertion tasks.

5.4.3 Large objects

Settings. In the next set of experiments, we evaluate the performance of the proposed
method when applied to objects larger than the sensor size. This scenario requires the
robot to interact multiple times with the object to gain a comprehensive understanding
of its shape. To this end, we have designed an evaluation board consisting of 12 alphabet

characters (ranging from “A” to “L”), each with a maximum width of 40 mm and a height
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Table 5.1: Quantitative evaluation of single touch experiments with small objects on the
alphabet board.

Ours
n=3 n=5 n=10

Accuracy |%] 0.0 396 81.8 90.7 95.0
Error XY |[mm)| - 0.7 0.2 0.1 0.1
Error 0 [deg| - 5.4 0.9 0.3 0.1

Pixel MoCo

Table 5.2: Quantitative evaluation of multiple touch experiments with large objects on the
alphabet board.

Ours
n=3 n=5 n=10

Accuracy %] 11.9 419 587 723 85.0
Error XY [mm)] 6.9 44 1.3 1.0 0.7
Error 0 [deg] 16.6 15.5 4.4 2.9 1.5

Pixel MoCo

of 32 mm. We tested the method in the location and orientation of the robot from
X,Y € {-20,-16,...,20} mm and 6§ € {—90,—60,...,90} with respect to the central
position of each character. Figure presents examples of the characters utilized in the
experimental setup. Regarding the baselines, we compare the method with the same
baselines as in the previous experiment on small objects.

Results and Analysis. Table shows the results on the large objects. Similarly
to the results obtained in the setting of small objects, our proposed model demonstrates
improved performance compared to the baselines. However, it is also observed that a larger
object size requires a greater number of interactions in order to achieve comparable accuracy.
In Figure we show the classification accuracy with respect to the number of interactions
and the results with smaller sets of 4 and 8 characters to evaluate the performance with
a smaller number of possible candidates. The bar plots demonstrate that the proposed

method can quickly identify the correct class if the number of classes is small.

5.4.4 Ablation on action selection strategy

Settings. To assess the effectiveness of the proposed action selection strategy, we compare
the proposed method with a random action selection method (which we call Random). We
evaluate the two methods on the Small and Large objects settings described earlier.
Results and Analysis. The results in Fig. indicate the proposed maximum
likelihood action selection approach demonstrates significant improvement in comparison

to the method with regard to classification accuracy.

5.4.5 Evaluation on industrial connectors

Settings. To further evaluate the performance of the trained part mating model in an

industrial setting, we collect tactile images of connectors from a Raspberry-Pi board, as
depicted in Fig. 5.7
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Table 5.3: Classification accuracy on the Raspberry Pi Board.

Pixel MoCo
Accuracy (%] 50.0  83.3

Results and Analysis. The results of the evaluation of the Pixel baseline and our part
mating model for the classification of connectors from the Raspberry-Pi board are presented
in Table The Pixel baseline demonstrates improved performance in comparison to the
small and large object experiments, due to the reduced number of classes in this setting
and the unique size of each connector, which simplifies the classification through the use of
only L1 pixel distance. Although the part mating model outperforms the Pixel baseline,
it misclassifies that the female HDMI connector fits the male USB-A connector. This is
attributed to the significant distribution shift between the training set and the test set,
where the pins on the surface of the male part are not present in the training data. To
address this issue, future work can focus on enhancing the generalization capabilities of the

part mating model.

5.4.6 Application to multi-object assembly

Settings. Once Tactile-Filter localizes the hole and identifies the corresponding peg, the
robot can successfully insert the peg into the right hole. This is facilitated by the algorithm’s
ability to estimate the pose with high precision, as demonstrated by the submillimeter
average prediction error (refer to Table and Table . Consequently, we assess the
proposed method in a real multi-object assembly scenario during the final experiment.
The task involves identifying and localizing four pegs and holes shaped like the alphabet
characters “M”, “L”, “T”, and “F” (“M”aximum “L”ikelihood “T”actile “F”ilter). Each peg
has a length of 32 mm and a maximum width of 28 mm, as depicted in Fig. (leftmost

picture). Although the algorithm achieves accurate pose estimation for the holes, the robot
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Figure 5.7: Experimental setup for industrial connector identification on a Raspberry-Pi
board. This image shows the observations of the six pegs and holes using the GelSight Mini
sensor. Table shows the classification results obtained by our model. [Best viewed in
color|

still fails in insertion due to errors during grasping. To account for this, we design holes
with a tolerance of 2 mm and treat insertion as a simple pick-and-place operation using an
impedance controller. For more precise assembly, we can combine our method with prior
work, such as [41 [4T].

Results and Analysis. The qualitative results are available in the video accessible at
https://www.youtube.com/watch?v=jMVBg_e3gLw. The video demonstrates the algorithm
successfully identifies the correct peg and pose of the hole, and the robot successfully inserts
the pegs. Moreover, the visualization generated from this experiment as shown in Fig. [5.§]
demonstrates that our method iteratively corrects its belief during the interactive perception.
Finally, in terms of computational time, the most time-consuming steps of the algorithm
involve updating importance weights using the part mating model fgp in Eq. and the
peg distance model fpp in Eq. . However, each of these steps takes approximately 0.3
seconds on a single GPU, which is significantly shorter than other robot operations. Thus,

our algorithm is suitable for online control.

5.5 Discussion

Tactile sensing can allow robots to build reliable models of their environment to perform
precise manipulation tasks. In this chapter, we presented a novel method called Tactile-
Filter. We presented an interactive perception method where a robot can improve its
estimate for the perception task using tactile sensors while minimizing the number of
interactions required with its environment. We considered the design of the method in
the context of the task of part mating. In the absence of any vision input, we described
a method where the robot could incrementally improve its estimate of correspondence

between parts within a fixed number of available choices. We also proposed a maximum
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Figure 5.8: Visualization of belief maps for holes categorized as “M”, “L”, “T”, and “F”.
In each figure, the red regions in the left column show the spatial and temporal region
captured by the tactile sensor during interactions, represented as ItH, where t indicates
the interaction number or timestep. The center image shows the hole image captured by
the tactile sensor, and the right figure illustrates the belief map generated by the current
particles. Across all hole types, the results indicate a rapid convergence of the distribution
of the hole’s initial contact pose and its corresponding category.

likelihood-based approach to select future actions to minimize the number of interactions
during the perception task. The proposed method was verified using a vision-based tactile
sensor and a physical robot on several tasks of part mating. The generalization of the
proposed method to previously unseen scenarios was also illustrated.

As our method was trained and evaluated on a physical system, data collection was
performed using a real robot. However, in future work, we aim to explore the possibility
of utilizing an appropriate simulation environment [33| [I85], [195] [196] to simulate contact
patches for various object geometries. This approach would enable us to reduce reliance on
physical robots for data collection and instead leverage simulations to acquire data. By
doing so, we can learn and develop complex perception techniques with minimal usage of
real-world data.

Another limitation of the proposed method is that we assume that tactile images consist
of only the peg and hole parts. Therefore, the underlying deep learning model can get
easily confused if distractors are present in the image (such as attachments to connectors
in Fig. [5.7). We are working on this limitation by converting RGB images to pointclouds

and finding mating pose in the poincloud space.
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Chapter 6

Solving Stable Stacking using
Probabilistic Estimation and Deep RL

Humans can perform very complex and precise manipulation tasks effortlessly. Consider,
for example, gently stacking two lightweight objects on top of each other without looking at
them, as shown in Fig. Successful execution of this kind of task requires the object not
to fall upon release of the grasp. In these scenarios, stability is not directly observable; it
must be implicitly inferred from tactile signals that entangle both intrinsic (direct) contact
between the end effector and the grasped object and eztrinsic (indirect) contact between the
grasped object and the environment. For example, in Fig. it is difficult to distinguish
the stability of the configuration on the left from the right by looking at it visually. This
work is motivated by how humans can disentangle a composite tactile signal to determine
the nature of extrinsic contact; and can further predict whether a given stack configuration
is stable. We present a closed-loop system that reasons about object stability using tactile
signals that arise out of extrinsic contacts.

The stability of an object is governed by the relative location of the environmental
contact and the center of mass location of the object, which could be estimated from the
contact forces experienced by an object during placement. The forces observed by the
force-torque (F/T) sensor mounted on the wrist of the robot, as well as the deformation
observed by the tactile sensors co-located at the gripper fingers, depend on the contact patch
between the object and its environment, as well as the geometric and physical properties
of the object. Since these observed tactile signals are entangled, it will be very difficult
to extract specific information, such as extrinsic contact patches. As a simplification, we
assume that the geometry of the objects is fixed, so the robot works with known pieces.
Under this assumption, the problem of estimating the stability of placement from tactile
observations is simplified. With this understanding, we try to estimate the contact patch
between the object and the environment using tactile signals. However, estimating contact
patches from a single tactile observation is a partially observable problem, as totally different
contact patches can generate similar tactile signals. Thus, a perfect estimate of the contact
from a single interaction is impossible.

To deal with the partial observability problem, we employ the probabilistic estimation
framework developed in Chapter ] and [5] which allows the robot to update the contact
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Figure 6.1: Estimating extrinsic contact from tactile sensing: This work studies
how eztrinsic contact (indirect contact between a manipulated object and an environment)
can be estimated in the context of stable placement of an object in the environment with
partial support. The figure above shows an object stacking scenario using two lightweight
wooden game pieces (from the popular Bandu puzzle). (Left) The contact area between
the two objects being stacked is critical to the success of the stack. Vision-based tactile
sensors mounted on the end effector and force-torque sensor provide us with a composite
signal that includes both intrinsic (direct) and (partially observable) extrinsic contacts.
Our key innovation is to propose a learning-based method to estimate the extrinsic contact
patch using only the composite tactile signal and knowledge of the force applied by the end
effector. (Right) This enables the robot to stack a highly irregularly shaped object on top
of a very unstable tower.

patch estimation from multiple tactile observations through interactions. Furthermore,
the estimated contact patch from the aggregated observations is then inputted to the RL
framework developed in Chapter 2] and [3] to train a policy that navigates the grasped
object toward a more stable configuration so that it can be released in a stable pose. We
demonstrate this behavior using several pairs of objects from a popular board game where
the objective is to incorporate a new block on an existing tower without destabilizing it.
We also perform ablations to understand which sensing modality, the F/T sensor or the
vision-based tactile sensor is helpful in understanding the phenomena during the considered
contact formation.

Contributions: In summary, the contributions of this chapter are the following.

1. We present a method for estimating extrinsic contact patches from end-effector tactile

signals that compose both a force-torque sensor and vision-based tactile sensors.

2. We demonstrate the application of the probabilistic estimation approach developed in
Chapter [ and [p] successfully reconstructs the surface of the bottom object, and allows
the robot to stably stack a set of extremely challenging real-world objects using solely
tactile sensing with combination of the large RL framework developed in Chapter
and [3

6.1 Related Work

Block stacking. Block stacking is one of the most widely studied problems in robotics.
Several studies have addressed the problem of robot stacking through various approaches.

These include learning to schedule auxiliary tasks for reinforcement learning (RL) [152],
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combining demonstrations and RL [22] 209], employing sim-to-real transfer [69] 83, 209],
and using task-and-motion planning [135]. The focus of these works primarily revolves
around stacking simple cubes. Lee et al. [I03] propose a benchmark that introduces
relatively irregular rectangles generated by deforming cubes. However, these objects still
maintain convexity and simplicity, allowing robots to employ relatively simple pick-and-
place stratergy. Furrer et al. [53] and Liu et al. [112] have explored the stacking of irregular
stones. Another related work discussing vision-based contact support could be found
in [I00]. Nevertheless, these studies make assumptions regarding knowledge of geometry
and assume that objects possess wide support and high friction, simplifying the problem
and, again, enabling basic pick-and-place strategies. Most importantly, these works do
not reason about stability using contact information, but rather perform placement using
open-loop controllers. These pick-and-place stackings would not work if there is ambiguity
in the location of the environment and / or the supporting contact surface is limited (for
example, the scenario shown in Fig. . To address this problem, our proposed method
considers the local contact phenomenon in which the object can topple and fall if it is not
placed with the proper support. Moreover, we remove assumptions regarding the geometry
of the underlying objects, necessitating the estimation of stability through interactions.
External contact localization Prior works represent contacts as a set of points [95]
121], lines [96], 118|, and patches [73]. Although line contacts give us more information
compared to point contacts, they require active exploration involving changes in gripper
orientation [96, [118|, making it difficult to apply them in our setting, where the tower is
very unstable. The closest work to ours is the neural contact fields (NCF) of Higuera et
al. [73], where the authors estimate the contact patch between a grasped object and its
environment. While NCF is evaluated on a simulation and a limited number of objects, we
tested our method on unknown geometries of the environment, which can be used for an

appropriate downstream task in a real system.

6.2 Problem Statement

We are interested in performing a stable placement in environments where the object might
have partial support for placement. Consider, for example, the scenario shown in Fig. [6.1
where just establishing contact with the bottom piece is not enough for stable placement
but rather the object’s stability needs to be estimated in the resulting contact formation.
Thus, we consider the problem of estimating the stability of an object in contact with
its environment in an attempt to release and place the object in a stable pose. This is
a partially observable task, as we cannot observe the full state of the system, and thus
stability needs to be estimated from sensor observations. We assume that the robot has
access to tactile sensors co-located at the gripper fingers and a F/T sensor at the wrist. A
certain contact formation is stable if the object can remain stable after being released from
the grasp.

The stability of a contact formation depends on the relative position of the center of
mass and the (extrinsic) contact patch between the object and the environment. However,

this cannot be directly observed during a contact formation, and thus leads to partial
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Figure 6.2: Pipeline: Our method comprises four components. First, a robot probes the
environment to establish contact between the grasped object and the target object upon
which it must be stacked. During this probing phase, we acquire a sequence of force/torque
measurements and tactile images. We then estimate the extrinsic contact patch and, in
turn, the potential stability of the resultant configuration. Subsequently, we aggregate the
information from multiple interactions to update the belief map of the contact state. We
choose the action that maximizes the contact patch between the objects.

observability. A robot can usually observe force-torque signals and/or tactile images during
interaction. The observed signals depend not only on the contact formation but also on
the geometry and physical parameters of the grasped object. Thus, although these data
have a lot of information, these are all entangled, and thus it is very difficult to extract
specific information, e.g., extrinsic contact patch. The stability estimation problem in its
full scope requires reasoning about the sensor observations while considering the geometric
information of the objects. To simplify the estimation problem, we make the following

assumptions to limit the scope of the current study.
1. Geometry and physical parameters of the grasped objects are fixed.
2. All objects are rigid and have flat surfaces.

It is important to emphasize that the robot is unfamiliar with the shape of the underlying
objects and needs to explore a stable configuration through several probing attempts. These
assumptions restrict the use of our proposed objects to known grasped objects. A full and

in-depth study of the problem is left as a future exercise.

6.3 Method

This work addresses the primary challenge of estimating stability during placing irregular
objects. Since the contact formation between a grasped object and the environment
generates sensor observations, we estimate the contact patch between the two objects
from force and tactile measurements. We propose a framework consisting of four key
components. First, the robot estimates the contact patch between the grasped object and
its environment from an observation obtained by interacting with the environment. Then,
it assesses stability based on the estimated contact patch; and releases the grasped object
if it believes the current configuration is stable. Otherwise, it aggregates information from

multiple estimated contact patches to predict a belief map using the probabilistic estimation
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Figure 6.3: Definition of the probabilistic contact patch. (Left) (z,y) denotes the
displacements from the origin of the bottom object O during data collection. This dis-
placement and known contact surfaces of the two objects give the ground-truth contact
patch S. (Right) The discretized contact patch S consists of a set of probabilities p(s;)
that represents whether a specific position s; of the contact surface of the grasped object is
in contact or not.

framework developed in Chapter [4 and [5, which gives us a sense of the contact surface of
the environment. Finally, the robot selects an action that moves the grasped object to a
position that it believes can improve stability using a policy trained by the RL framework
developed in Chapter 2] and [3] In this section, we describe these four modules in more
detail.

6.3.1 Contact Patch Estimation

Tay T

Given the observed sequence of tactile images 07 and F /T measurements o' *, our objective
is to learn a model that generates a probabilistic contact patch S , which consists of a set of
probabilities indicating which part of the grasped object is in contact.

Contact representation. We represent the contact patch by discretizing the contact
surface of the grasped object S into N points as S = {si, ..., sy} each of which corresponds
to a specific location on the contact surface of the grasped object (see Fig. right). For
each point s;, we predict the probability of being in contact or remaining uncontacted
p(sj). Consequently, we represent the probabilistic contact patch S as a set of probabilities
S ={p(s1), -, p(sn)}.

Data collection by interaction. During a duration of 7' seconds, the robot applies a

¢ ofT from tactile

downward force along the negative Z axis for d mm, while collecting o™®
and force-torque sensors at a frequency of 10 Hz. Specifically, o012 = {o;rac};fzo, where
0f%¢ € R?? with 252 = 2 x 2 x 7 x 9, where we use two tactile sensors mounted on each
finger and measure marker displacements on the XY axis in the tactile image, and 7 x 9
is the number of markers in column and row (see Fig. [6.2| (a)), which can be obtained by
post-processing the tactile image 12, Similarly, o' ' = {o} T};Z“ZO, of T € RY is the 6-axis
F/T measurement. We use a suitable impedance control to prevent the object from falling
by using excessive force. In the data collection process, we sample random displacements in
the XY plane from uniform distributions & ~ U(Zmin, Tmax) and y ~ U (Ymin, Ymax) Whose
origin is the center position of the contact surface of the lower object O (see Fig. , and

the minimum and maximum ranges are defined to ensure contact between the flat surfaces
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of the upper and lower objects. We use known geometries and displacements to generate
ground-truth contact patches for training a model. The data collection process for each
interaction takes approximately 10 seconds. This process consists of four distinct steps:
(1) transitioning to the next interaction position, (2) gradually going down the robot until
contact is established based on a predetermined force threshold, (3) recording data during
the interaction, and (4) gradually moving the robot up to prevent the bottom object from
toppling down.

Training. Finally, we train a contact patch estimation model f¢°m*at that takes the

Tac, OFT

observation o and learns to generate a probabilistic contact surface S as:

S _ Jz-contact(OTaC7 OFT). (61)

This model is trained by minimizing the binary cross-entropy loss for each data point s;.
To allow robots to understand contact phenomena, such as slip inside the fingers, we use
LSTM [74] with two layers, each having 256 units, to build the model to capture patterns

in time-series data.

6.3.2 Stability Estimation

We utilize the estimated contact patch S to estimate the stability of the current configuration.
To do that, we first construct a convex hull C' € Convex(S) (see Fig. (b)) using points
whose associated probability exceeds a predefined threshold denoted by d, which we use
0 = 0.9 for our experiments. Subsequently, we check that the convex hull includes the
position of the center of mass of the grasped object. In the affirmative case, the gripper
releases and stacks the grasped object. Otherwise, the gripper aggregates information and
moves towards a stable position by an action selection strategy described in the following

sections.

6.3.3 Aggregating Information from Multiple Interactions

Since the estimation of the contact patch from tactile signals is a partially observable task,
that is, multiple different contact patches can yield similar tactile signals, it is difficult
to reliably estimate the contact patch from a single interaction. Therefore, we aggregate
information from multiple interactions to disambiguate the estimate.

We denote the aggregated contact patch at the time step 7 as S’lB, again representing a
probabilistic contact surface of the bottom object SA’ZB = {p(sfi), ...,p(sﬁu)}, where M is
the number of discrete points. Following the formulation of the Tactile-Filter in Section
the probabilistic formulation of the contact p(s?) (note that we remove lowercase m for

simplification) given past observation and action can be formulated as

P(8?|01:i—1,a1:i—1) = /p(S;B!SlB1,%‘—1)1?(8?1!01:i—1,a1:z‘—1), (6.2)

where the first term is 1 as we assume deterministic dynamics, and the second term is

initialized with the prior distribution and can be obtained through recursion. The posterior
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can be computed as:
p(sPlori, ari—1) o ploils? )p(sP|01:i-1, ar:i-1), (6.3)

where the first term is given by the contact patch estimation model fe™at and the
second term can be computed from Eq.(6.2). Specifically, we initialize the probability with
p(s8) = Bernoulli(0.5) since we do not know whether the specific point is in contact or not

before interaction.

6.3.4 Action Selection

To achieve a stable configuration, we employ an RL agent that learns to maximize the
contact surface area in subsequent actions. As detailed in Section [6.3.1] a single interaction
takes approximately 10 seconds, necessitating a sample-efficient algorithm to avoid a long
training time in the real system. We address this by utilizing the framework introduced in
Chapter [3] which enables RL agent training with significantly fewer samples, as empirically
demonstrated in Section [3.4.5] Furthermore, to address the potential partial observability
problem, we define the observation of the RL agent as the global contact surface S5 rather

F/T Consequently, at timestep 4, the policy takes

than the raw tactile signals 01® and o
the global contact patch S’ZB as input and learns to predict which direction the robot should
move in the next step a; = {dz;,dy;}. The RL agent is trained with a reward function that
measures the distance from the center of mass of the grasped object and the bottom object
(thereby allowing the agent to move towards a stable configuration), r; = f\/x% + y?, as

shown in Fig. [6.3

6.4 Experiments

6.4.1 Settings

Tactile sensor. We use a commercially available GelSight Mini tactile sensor [79], which
provides 320x240 compressed RGB images at a rate of approximately 25 Hz, with a field
of view of 18.6 x 14.3 millimeters. We use gels that have 63 tracking markers.

Robot platform. The MELFA RV-5AS-D Assista robot, a collaborative robot with
6 DoF, is used in this study. The tactile sensor is mounted on the WSG-32 gripper
(see Fig.[6.2). We use a Force-Torque (F/T) sensor mounted on the robot’s wrist and used
two-fold. First, we collect force observations used as input to the contact patch estimation
model feontact  Second, the stiffness control of the position-controlled robot.

Bandu. We use pieces from Bandu for our experiment. Bandu is a toy game that
involves stacking light-weight wood pieces onto a base plate. The players take turns stacking
these objects and compete to see who can stack the most. Each piece has a highly irregular
shape and very limited contact surface (the average size of most pieces is several centimeters,
which is much smaller than, for example, rgb-stacking benchmark [103]), requiring robots
to estimate stable placements based on the shape of the objects. Figure [6.4] illustrates the

Bandu pieces used in our experiments.
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Figure 6.4: The 3D printed objects and Bandu pieces used in our experiments. (a) We use
the 3D printed objects for training data collection. The objects consist of small and large
cylinders with diameters of 15 and 25 mm and a rectangular prism whose length of its top
surface is 15 mm. (b) The first two pieces on the left serve as the bottom objects (or the
environment), while the subsequent three on the right are designated as the grasped (top)
objects. These pieces have been assigned the following names: Short, Long, Mushroom,
Barrel, and Pot from left to right.

6.4.2 Data Collection

Settings. We first show the distribution of the observed tactile signals to understand the
difficulties of the task. We collect 2000 tactile signals for each pair of top-bottom objects to
train the contact patch estimation model fe°™3°t by interacting with three objects in the
3D printed objects as shown in Fig. [6.4] (a), resulting in 6000 training samples. During data
collection, we add random displacements on the XY axes as defined in Fig. [6.3] and let the
robot go down for d = 1.5 mm after establishing contact with the bottom object for T = 2
seconds using the stiffness controller whose gain parameter is (K, Ky, K,) = (30,30, 5)
[N/mm|. We use the grasping force of 10 N.

Results and Analysis. Figure shows the data distribution (left) and example
contact patches (right). From the first to the fourth columns, we can observe the inherent
difficulties of the estimation task. In many cases, we do not observe any symmetric

distribution of olac Og‘ac

22, and the moment measurements 73,7, about X =0 or Y =0

while the shapes of bottom objects are symmetric (circle or rectangle). This could possibly
be attributed to the inaccuracy in the manufacturing of the wood Bandu pieces or the
slip of the object in the grasp during the contact interaction. Fig. [6.5 (b) shows three
contact patches sampled from the star positions in each row. While tactile signals near
the star positions are very similar, the resulting contact patches are quite different. This
highlights the partial observability of the underlying contact formation, indicating that
a single tactile observation may not be sufficient to localize the contact formation. This
ambiguity makes training of a machine learning model very difficult because similar inputs

(i.e., tactile observations) can lead to totally different outputs (i.e., contact patches).

6.4.3 Contact Patch Estimation

Settings. Next, we compare the performance of the contact patch estimation on different

input modalities. We train the model f°™3t for each top object using the dataset collected
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Figure 6.5: Distribution of contact patches: (a) Training data distribution with Pot
as the grasped object and three different 3D printed shapes as the bottom objects (see
Fig. |6.4). Each row shows the data obtained from different primitive shapes and each
column shows the distribution of different data types: tactile displacements on the XY axes
(only shows the maximum absolute values from all 63 tracking markers), moments on the
XY axes and force F,. The horizontal and vertical axes show the displacements randomly
added during data collection (see Fig. , and the black circle or rectangle in each graph
shows the contour of the bottom object. (b) Example contact patch sampled from the star
points (%) in the left distributions. Although these contact patches are very different, the
tactile signals look quite similar as seen in the data around the star point, showing the
difficulty of the task; i.e., similar tactile signals can lead to very different contact patches.

in Section m and we evaluate the model using the intersection-over-union (IoU) and
binary classification accuracy metrics. We compare the performance with three different
input modalities, F/T sensor, tactile sensors, and the combination of the two denoted as
FT, Tac, and FT+ Tac, respectively. The evaluation is carried out using unseen two Bandu
pieces (see Fig. , which we denote as Short and Long. We used a 3D-printed jig to
ensure that the robot always grasps the same position of the top object and collected 400
interactions with random displacements for the two Bandu pieces.

Results and Analysis. The results are presented in Table Comparing the three
modalities, we can clearly see that the combination of the F/T sensor and tactile sensors
(FT+Tac) yields the best performance. Consequently, for our subsequent experiments, we
will utilize both of these modalities. However, it should be noted that the model is not
confident enough to estimate the contact patch. This is because the same tactile signals
can lead to different contact patches, as discussed in Sec. Therefore, in the next
experiment, we will aggregate multiple contact patch estimations from interactions and

compare performance in stability estimation.

6.4.4 Stability Estimation

Next, we assess the stability estimation performance of the proposed method.
Settings. We reuse the same data as used in the previous experiments with an additional

binary label indicating whether the current configuration is stable by checking whether
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Table 6.1: Comparison of the contact patch estimation performance on different input
modalities measured by IoU and binary classification accuracy. Bold numbers show the
best results among the three different input modalities. The S and L of the bottom objects
correspond to the Short and Long objects, respectively (see Fig. 6.4)).

Mushroom Barrel Pot

S L S L S L

FT 274 377 29.6 44.5 238 53.2
IoU Tac 33.6 222 315 426 165 375
FT+Tac 38.4 50.7 31.9 412 24.8 54.8

FT 674 655 753 73.1 68.0 719
Acc Tac 729 604 765 77.5 669 717
FT+Tac 779 73.8 77.0 754 673 74.9

Table 6.2: Stability estimation performance measured by binary accuracy. n indicates the
number of interactions and bold numbers show the best results.

Mushroom Barrel Pot
S L S L S L

Implicit 73.7 73.0 639 69.8 642 66.0

n=1 69.8 810 637 714 61.7 694
Ours n=2 884 930 92.7 889 832 839
n=3 93.0 93.2 97.3 92.1 91.1 85.7

the geometric center of the bottom surface of the grasped object (i.e., the projection of
the center of mass of the grasped object on the bottom surface) lies inside the contact
patch. We compare our method with a baseline model that directly produces the stability
probability by replacing the final layer of £t with a fully connected layer with a single
unit and sigmoid activation. We name it Implicit because it implicitly estimates stability
from an intrinsic contact, while our framework explicitly predicts the stability through
estimating the eztrinsic contact patches.

Results and Analysis. Table shows the qualitative results. Single interaction
leads to poor performance, as seen in the results of the baseline (Implicit) as well as our
method with single interaction (Ours n = 1). However, by aggregating the estimates of
multiple interactions, the stability estimation performance improves significantly, leading
to an average accuracy of around 90%. Figure shows how the probability of a contact
patch changes during interactions. It shows that the method corrects the initial inaccurate
estimate and improves stability prediction accuracy with additional interactions, and the
method finally reconstructs the contact surface of the bottom object with reasonable

accuracy.

6.4.5 Stable Stacking

Finally, we evaluate the stable stacking performance of the method.
Settings. For training the RL agent, we use the same architecture as the one used in
Section that is, the framework consisting of the OFENet and the SAC algorithm [60]
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Figure 6.6: An example of how the proposed method aggregates multiple estimations and
updates contact probability map. The circle in a solid line shows the ground-truth contour
of the bottom object. Although the initial estimate (n = 1) is incorrect, the estimation
accuracy monotonically improves with multiple interactions (n = 3,5).

with DenseNet architecture. Among many design choices, we specifically use the largest
networks used in Section [3:4.2] which were shown to achieve the best control performance
and sample efficiency. To demonstrate the effectiveness of the large network architecture,
we compare our method with the network consisting of the original SAC implementation,
i.e., without OFENet, DenseNet architecture, and large networks, and denote it as Ours
(w/o large RL) H In addition, to demonstrate the effectiveness of our representation of the
probabilistic extrinsic contact patch (estimation of the contact surface of the bottom object
denoted as S5 ), we compare our method with another SAC agent that takes raw tactile
signals 0™ and of T, which we denote as Raw . Similar to f2 e replace the first
fully-connected layer with LSTM [74] to capture patterns in time-series data.

We train all RL agents for 5000 steps for each grasped object (see Fig. , with a
single training takes approximately 14 hours in the real system using the 3D-printed objects
as the bottom ones. We define an episode length as 10 steps. To evaluate the methods, we
always initialize the first interaction from an unstable contact state (i.e., the object would
topple upon release of grasp). We run the method 20 times for each piece and evaluate the
distance d to the center of the bottom object, that is, d = \/W as shown in Fig.

Results and Analysis. Figure [6.7] shows the distance to the center of the contact
surface of the bottom object, with the horizontal solid line on each plot showing the
half-size of the contact surface of the bottom object, indicating the distance below this
line meaning the robot can stably stack the grasped object upon release. When comparing
Ours (w/o large RL) with Raw , the better performance of using the estimated probabilistic
contact patch shows the importance of extracting effective representations for the task by
aggregating information from multiple interactions compared to directly learning from raw
tactile signals. Again, this is because the tactile signals from a single interaction do not
have sufficient information to reason about the indirect (extrinsic) contact interaction. This
is also indicated in the poor binary classification accuracies in Section and in the data
analysis in Section [6.4.2

Next, comparing Ours and Ours (w/o large RL) , we can clearly see that Ours converges

'We still name the method “Ours” for this method because this baseline (Ours (w/o large RL) ) takes
the global contact patch estimation as its input, which is a contribution of this work, while it does not use
the large RL developed in Chapter @
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Figure 6.7: Training curves on the combination of three different grasped objects and two
different unknown bottom objects with different methods. The black horizontal lines show
the half sizes [mm]| of the surface of the grasped objects, indicating that the distance below
the black line allows the robots to stably stack the grasped object. The proposed method
denoted as Ours converges faster than the other baselines. The average and +1 standard
deviation results are shown as solid lines and shaded regions in the figures.

much faster with around 1000 interactions (approximately three hours in the real system).
This result shows the effectiveness of the large RL framework proposed in Chapter [3]even for
a real-world dexterous manipulation task. The framework allows the RL agent to converge
much faster and to a better local minima, which reaches closer to the center position of the
surface of bottom objects, thus more stable configurations. Figure [6.8 shows a qualitative

result of how it moves to the more stable position.

6.5 Discussion

The key to precise and fine manipulation is to design systems that can interpret and
disentangle useful contact information from observed tactile measurements. We proposed
a framework for estimating extrinsic contact patches from tactile and force-torque mea-
surements. Contact patch estimation allows us to explicitly estimate the stability of the
placement of several different objects in novel and unstable environments. We tested the
proposed approach for the placement of several pieces of the game of Bandu, which is known
to be a difficult stacking task. Importantly, this system is built on top of the probabilistic

estimation framework proposed in Chapter [ and [5] and the RL framework developed in
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Figure 6.8: The robot moves towards a stable configuration and successfully stacks the
Barrel piece on top of an already built tower consisting of Short and Long.

Chapter [2]and [3] This work proved that adopting an interpretable and essential abstraction,
the extrinsic contact patch, as an intermediate representation, allows an RL agent to
efficiently learn a useful policy while dealing with the partial observability by aggregating
information.

In the future, we would like to improve the performance by training on a wider variety
of objects and relaxing the assumption of the known geometry so that the trained model

can be used for the stacking task with arbitrary objects.
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Chapter 7

Conclusion

This thesis began with the question: How can we enable robots to accomplish complex ma-
nipulation tasks that involve physical contact interactions?, and has explored the challenges
surrounding this fundamental question.

In summary, we developed an RL framework that achieves 2 times higher control perfor-
mance and 100 times better sample efficiency in Part I. We then developed a probabilistic
estimation framework that allows a robot to interactively estimate an essential object’s
representation for solving a given task in Part II. In Part III, we combine the two frameworks
and demonstrate that it enables the robot to achieve a stable stacking task that involves
complex physical interactions.

In this chapter, we elaborate the key findings and conclude the thesis by addressing
limitations and suggesting possible future directions to further investigate and address the

question.

7.1 Key Findings

At the beginning of the thesis, we considered two major challenges (high-control-performance
and sample-efficient RL and effective objects’ representations) in Section . We then
formulated questions to address these challenges. In this section, we summarize our answers

to these questions.

e How can we train high-control-performance and sample-efficient RL policies?—

Make networks larger!

To address the challenge of sample efficiency and control performance of RL, we pro-
posed a framework consisting of three key components: 1) decoupling representation
learning and RL, 2) DenseNet architecture with large networks, and 3) distributed
training to mitigate overfitting and distribution mismatch. While it has been shown
that naively increasing the network capacity fails RL training, our proposed framework

achieves much higher performance and sample efficiency than baselines.

e How can we estimate an effective object’s representation for performing

manipulation?— Probabilistic estimation using interaction!
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Probabilistic estimation using interaction serves as a more efficient, interpretable, and
widely applicable way to reason about the essential representation of environments
through interactions. We prove this in two use cases: articulated object manipulation
and general connector mating task, both showing state-of-the-art performance in

understanding objects’ structures.

e How can we solve a desired dexterous manipulation task?— Integrate

probabilistic estimation and RL!

To achieve dexterous manipulation, we incorporated the probabilistic estimation and
the RL framework developed in Part I and II, into one framework. We apply it to
a stable stacking task, where a robot has to stack a highly irregular object on top
of an unstable tower. This integration enables the robot to estimate the extrinsic
contact patch that cannot be directly observed, and solve the task by training an RL
policy, which takes the estimated contact patch instead of raw signals, within 1,000

interactions, corresponding to three hours of training in the real system.

7.2 Limitation and Future Directions

Although the work in this thesis has made progress towards answering the questions posed
in Section we are still far away from a robotic system that can manipulate complex

objects. Getting there will require advances in several areas.

7.2.1 Generalization over diverse objects

While the proposed methods showcased the effectiveness in solving a general connector part-
mating in Chapter [5| and stable stacking in Chapter [6] the challenge lies in generalization to
unseen objects. This section discusses how to improve generalization capability to unseen
objects.

In the case of part-mating, as shown in the experiments with industrial connectors in
Section the learned part mating model does not generalize to, for example, a male
HDMI connector that has 19 tiny pins on the contact surface, which are not included in
training set, and thus the trained model failed to find the mating parts. This distribution
mismatch problem is not avoidable if we use any learning-based method. Therefore, we
are currently replacing this vision-based model with a 3D pointcloud-based method, and
removing any learning-based method in the pipeline to improve performance on unknown
objects that may have complex geometries.

For the stable stacking, we assumed that the grasped objects were fixed, which limits
its applicability to unknown objects. Again, since this model includes a learning-based
method for estimating extrinsic contact patches, the model does not generalize due to the
distribution mismatch. As described in Section the stability of a tower is governed by
the geometry, physical parameters, and contact patches between the two objects. Covering
all possible sets of these parameters in the real system would be exceedingly difficult,
making it challenging to train such an object-agnostic contact patch estimation model.

While this is an open problem, one potential solution could involve using a simulator to
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collect extensive data with various geometries and physical parameters, and applying it to
the real system. Although evaluated only in simulation, Higuera et al. [73] train a model
that takes a sequence of tactile images, robot joint angles, and, importantly, the point
cloud of the object to improve generalizability toward diverse objects. This is a promising
approach; however, simulating tactile signals remains an open problem, as discussed in the

next section.

7.2.2 Sim2Real: simulation to real-world transfer

There are few, if any, reliable simulators capable of accurately replicating tactile observations.
Although significant efforts have been made toward simulating tactile signals, force/torque
sensing from simulators remains unreliable. Moreover, simulating tactile signals for vision-
based tactile sensors (e.g., GelSight [199], used in our experiments) is even more challenging
as simulating RGB images involves 1) estimating the force distribution on a gel surface
given contacts, 2) simulating the deformation of the gel by the force, and 3) conducting
optical simulations to generate RGB pixel values produced by LEDs inside the sensor. This
requires us to know accurate physical parameters of objects, which is typically very difficult
to obtain.

Some problems are too difficult to simulate accurately without substantial engineering
expertise and effort. The engineering of simulation setups for complex manipulation skills
is particularly challenging. For example, in the stable stacking task discussed in Chapter [6]
reliable results are difficult to achieve without detailed information on the physical properties
of the objects involved, such as the mass and inertia of both the grasped and bottom objects,
the friction parameters of the fingers (gels of GelSight) and objects, and the geometries of
the grasped object and its environment. Since physical interactions are simulated on the
basis of these parameters, understanding these values is essential to obtain reliable results.

Nevertheless, obtaining a reliable simulator would pave the way for manipulation with
more complex interactions that might require a vast number of interactions, which could be
challenging to train solely in the real system. We can begin with a quasistatic setting, where
the simulator does not need to simulate the dynamics of objects, making the simulation
significantly easier. Additionally, using depth information instead of RGB pixel values can
lead to more reliable estimates. Under these assumptions, simulators can be beneficial
for solving, for example, part-mating tasks discussed in Chapter [5] where we can collect
peg images in simulation instead of physically interacting with pegs (see the leftmost data
collection in Fig. . In any case, developing high-fidelity simulators, particularly for

simulating tactile signals, remains an open problem.

7.2.3 Integration of vision and tactile

In the real experiments described in Chapter |5 and |§|, we focused on using force/torque
(F/T) and/or tactile sensors to estimate the object’s pose and extrinsic contact patches
during manipulation. However, tactile sensors can only capture local contact information.
Especially for the part-mating task in Chapter , this limitation (small sensor area)

necessitates multiple interactions when the contact region does not contain distinguishable
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geometric features.

In contrast, vision can capture the global information of the object, though it suffers
from occlusion and lower accuracy. Recent advances in vision foundation models [97] [138]
and vision-language models (VLMs) [107] provide functionalities such as depth estimation,
instance segmentation, and dense matching. This information would be very useful when
designing a system that solves tasks such as stable stacking comprehensively, where the
robot must first estimate how to grasp an object for stacking and determine where to make

initial contact with an already built tower.
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