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Abstract

For modern robots that are equipped with a set of skills, such as manipulation and nav-
igation, it’s crucial that they can autonomously make decisions to complete tasks over ex-
tended periods of time. To this end, researchers have been developing planning algorithms
that allow robots to effectively sequence and use their skills to reach specific task-level
goals. Existing planning systems have a strong reliance on structured and predictive world
models which are often represented as symbol tokens. Symbol grounding is thus required
to establish a meaningful connection between these abstract symbols and their real-world
interpretations that robots can understand. A fundamental approach to symbol grounding
for robots involves utilizing their perception capabilities, allowing the mapping of sensory
readings to symbol tokens and thereby assigning perceptual meanings to symbols. Addi-
tionally, robots frequently need to plan their actions in the process of grounding, given robot
actions being tightly coupled with perception. Motivated by the above observations, this
dissertation focuses on 1) symbol grounding using perception and action, and 2) robot plan-
ning with grounded symbols. Our research draws on theories and methods from computer
vision and machine learning with both being integrated with Al planning and continuous

motion planning towards building long-horizon robot autonomy.
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1 Introduction

In recent years, service robots are playing an increasingly important role, taking on
complex, long-horizon tasks such as searching for objects, setting up tables, loading dish-
washers, and organizing bookshelves. For robots that are equipped with a set of skills (e.qg.,
manipulation and navigation), it's crucial that they can make decisions for task completion
over extended periods of time. To achieve this, robotics researchers have been developing
planning algorithmghat support robots to effectively sequence and use their skills to reach
speci c goals [1].

Existing planning systems have a strong reliance on structured and predictive world
models, enabling robots to reason about how the world is represented and functions so as
to make accurate decisions. Symbolic representations are widely used in modeling world
states and transitions [2]. Consider a robot given a taskMving the red and empty
coke can from the table to the chaiSymbol tokens such agd andempty can repre-
sent perceivable attributes of the coke can that the robot searches foe3{robot,
chair) can represent a robot physically being at a state that is close to the table [4, 5]
and getting ready for picking up the target coke can. In reality, such world states, as op-
posed to a set of discrete symbols, are usually perceived through sensors while robots are

operating in their continuous workspaces. Hence, a signi cant challenge persists in estab-



lishing a meaningful connection between these abstract symbols and their real-world inter-
pretations that robots can understand, which is commonly knowmeasymbol grounding
problem[6]. In this dissertation, we aim to address the symbol grounding problem by
developing novel frameworks and algorithms that bridge the gap between symbolic repre-
sentations and the continuous real-world observations made by robots. Furthermore, we
utilize grounded symbols for advancing the eld of robotic planning, making planning sys-
tems more adaptable, robust, and capable in unstructured and dynamic environments.
Breaking down the grounding problem and its robotic application, the rst topic of this

dissertation purely focuses agmbol grounding for robots, answering the question of:

How can robots ground symbols through perception and actions?

This grounding process is challenging because the robot has to rst overcome imperfect
perception due to sensor noise and partial observability [7]. This challenge usually persists
in grounding symbols that have rich perceptual meanings such as attributes of objects. As
an example, thempty attribute of an opaque can will always remain partially observable

to the robot. Thus, robots frequently need to use thetionsin the process of grounding,
given robot actions being tightly coupled with perception [8]. For the purpose of identifying
theempty symbol, the robot also needs to decide which of its many exploratory actions
to perform on an object in order to effectively identify one speci ¢ symbol. From a human
perspective, it is preferred shakethe object to gure out if it isempty according to the
multimodal sensory information (e.g., sound) it produces, instead of takpukeaction

which is less informative.

Grounding symbols that particularly have spatial meanings frequently requires mo-



bile manipulation capabilities. Consider an approach for groundingné¢lae(robot,
table) symbol, the robot needs to rst take a navigation action to the table for estimating
the distance from itself to the goal (e.g., the Euclidean distance between two points in the
occupancy grid map) while accounting for unpredictable navigation noise. Then the robot
may want to make sure the robot base is close enough by attempting to grasp an object
on the table, such thatkar(robot, table) also becomes meaningful for successful
manipulation [9, 10]. As the robot operates in cluttered environments, non-deterministic
action outcomes at the motion level introduce an additional dimension of complexity to
the above grounding process [11]. Navigation actions frequently lead to the robot being
at slightly different locations from the exact given goals, and manipulation actions such as
grasping is also an unsolved problem that many robotic researchers have been investigated
for decades.

The second topic of this dissertation is on applying grounded symbols to robotic plan-

ning. Speci cally, we investigate:

How grounded symbols facilitate robot task and motion planning for everyday

tasks?

and refer it agrounded planning in the dissertation. Task and motion planning (TAMP)

is one type of the planning algorithms that have been used for planning at both symbolic

(discrete) and geometric (continuous) levels, but it is not grounded in the sense that TAMP
assumes perfect perception and full knowledge about how the world functions. This dis-

sertation investigates a grounded version of TAMP that shares the same goal (i.e., com-

puting feasible plans for service robots) with original TAMP algorithms, but with visually



Figure 1.1: This dissertation focuses on symbol grounding and its robotic application on
planning. Robots can use their action and perception capabilities to ground symbols, and
grounded symbols canin turn bene t task and motion planning for completing long-horizon
tasks.

grounded symbols in the task planner thereby removing the hard constraints of perfect per-
ception. Operating in larger domains further require robot actions that take relatively long
time (e.g., minutes or even hours as navigating from one location to another), where it is
advantageous for TAMP algorithms to incorporate both plan ef ciency and action feasibil-
ity into the evaluation of plan qualities. However, without the previous strong assumptions
of deterministic action executions (made by classical planning), it will be much more chal-

lenging to achieve the optimality for grounded task and motion planning.



Table 1.1: Types of symbol grounding and the applied planning frameworks being used in
each chapter.

Chapters  Types of Symbols  Types of Grounding Planning Frameworks
4 object attributes interactive partially observable Markov decision process
5 spatial relationships data-driven task and motion planning
6 abstracted locations data-driven task and motion planning

To address the above challenges in symbol grounding and grounded planning, this dis-
sertation demonstrates our research drawing on theories and methods from computer vi-
sion and machine learning with both being integrated with symbolic task planning and
sampling-based motion planning. Speci cally, related research will be discussed in the fol-
lowing chapters as: 1) Grounding object attributes through interactive perception (Chap-
ter 3); 2) Visually grounded task and motion planning (Chapter 4); and 3) Optimizing task
planners with grounded symbolic state space (Chapter 5). As summarized in Table 1.1,
Chapter 3 focuses on grounding objects’ attribute symbols with their perceivable mean-
ings. Chapter 4 focuses on grounding task planner's symbolic predicates (i.e., spatial re-
lationships such asear ), and applying them for optimizing task-motion plans. Finally,
Chapter 5 looks into constructing and grounding location symbols at the same time for

optimizing task planners' state spaces.

1.1 Thesis Outline

The rest of this dissertation is structured into four chapters. Chapter 2 is a discussion
of important building blocks related to this study, including automated planning (i.e., task
planning), motion planning, and mobile manipulation. It is expected that this background

section will aid readers in better understanding the subsequent parts of the dissertation.



Chapter 3 discusses how to interact with objects and ground object attribute symbols
through exploratory actions. The robot task is to identify symbols suotdagndempty ,
and the grounding process is “interactive”, meaning the robot takes actions and grounds
symbols at the same time. In this work, we adapt partially observable Markov decision
processes (POMDPSs) to sequence robot actions. The challenge for this interactive ground-
ing process is that it requires the robot to learn an accurate and ef cient action policy over
the long term without pre-collected data. Attribute symbols from Chapter 3 are world rep-
resentations purely perceivable at the task level, so all the low-level action primitives being
used to ground such symbols can be prede ned.

Chapter 4 discusses how to ground symbols that touch both task level and motion
level. The proposed algorithm visually grounds spatial relationshipsr{ear(robot,
table) ), also known as the state-mapping function, to probabilistically evaluate action
feasibility, and is particularly suitable for large domains with long-term robot operations
(e.g., long-distance navigation). A “data-driven” approach is applied here for symbol
grounding, where we collected a dataset in simulation that includes robot's past experience
on conducting mobile manipulation tasks where in each data instance, a robot unloads an
object with dynamic obstacles surrounding a table. The symbols of spatial relationships are
then grounded into a form of action heatmaps generated from Fully Convolutional Neural
Networks (FCNSs) [12] that is trained on the collected data.

Location symbols from the above chapters are always prede ned by a domain expert
who manually speci es a symbolic state space in the task planner. Nevertheless, manually
constructing state spaces might not be desirable in some scenarios. For instance, if each

object is placed at a separate symbolic location as de ned in the task-level state space, the



robot will always need to navigate before picking up the next object. This is because the
task planner believes only a navigation action can bring the robot to the location required by
the next manipulation action. In practice, however, the robot often picks up multiple objects
from a single position, for example, as restaurant waiters can easily identify a standing
location that allows them to pick up multiple dishes at once. Especially when objects
are located close to each other, it is unnecessary for the robot to navigate before every
manipulation. This observation motivates the development of Chapter 5 on optimizing task-
level state spaces with grounded symbolic locations for task planners to generate feasible
and ef cient task-motion plans.
Finally, this dissertation concludes with a summary and an outlook on future work in

Chapter 6.

1.2 Other Doctoral Research

Apart from the works that are included in this dissertation [4, 3, 5], | have also spent
time conducting other research on robotic reasoning, planning and learning, brie y sum-
marized here.

GHAL360 is a human-involved learning framework that enables the Mobile Telepres-
ence Robots to learn a goal-oriented policy from reinforcements for guiding human at-
tention using visual indicators [13]. We have also used RL in robotic table wiping tasks
where we learned a policy using RL in simulation with a whole-body trajectory optimiza-
tion framework to realize the wiping action execution in real world [14]. One of our re-
cent works called SLAP uses imitation learning taking three-dimensional tokens as the

input representation to train a single multi-task, language-conditioned action prediction



policy [15]. For planning research, TMPUD is one of the very rst frameworks that ap-
plies task and motion planning in autonomous driving domains [16]. We then developed
Task-Motion Object-Centric planning (TMOC), a grounded TAMP algorithm that learns to
ground objects and their physical properties with a physics engine [17].

Recently, | have been focusing on improving robotic reasoning and planning capabil-
ities with foundation models. In LLM+P, we investigated how to use LLMs to translate
a complicated planning problem (in natural language) into PDDL so as a classical plan-
ner can be used to solve it [18]. COWP is an open-world task planning framework that
uses knowledge from LLMs for robot situation handling [19]. We further extend the usage
of LLMs to the motion level, where we introduced LLM-GROP, an algorithm extracting
commonsense knowledge from LLMs for object rearrangement using task and motion plan-
ning [20]. To benchmark high-level perception and reasoning with foundation models, we
proposed OpenEQA, the rst open-vocabulary benchmark dataset for Embodied Question

Answering supporting both episodic memory and active exploration use cases [21].



2 Background

Within this section, key concepts related to this dissertation are examined. The initial
focus is on automated planning (classical Al planning), which will be used as the main tool
for robot high-level task planning. Subsequently, there is an introduction of continuous
motion planning from the robotics perspective, where we will cover the main concept of
motion planning as well as two widely used sampling-based motion planning algorithms

(i.e., RRT and PRM). Finally, we discuss the robot platform being utilized in this research.

2.1 Classical Planning

Task planning, or Al planning, is a important eld in arti cial intelligence. It involves
generating a sequence of actions that leads to a speci ¢ goal while satisfying certain con-
straints. Essentially, the planning process uses a formal representation of the world state,
along with actions and their potential outcomes, to nd a path from an initial state to a goal
state. As a process, it provides service robots with the capability to create a sequence of

actions, allowing them to operate autonomously in dynamic and open-world environments.

Planning Domain De nition Language (PDDL): The Planning Domain De nition Lan-
guage (PDDL), initiated by Drew McDermott and his associates in the late 90s, was created

to streamline research in automated planning [2]. PDDL aims to standardize the formula-



tion of planning problems, thereby enhancing the comparability of different planning sys-
tems and algorithms by ensuring they are tackling identical issues.

PDDL structures planning problems around states and actions. States are depicted by
logical propositions, while actions are determined by their preconditions (the circumstances
necessary for their execution) and their effects (the changes in the world state resulting from
the action). A PDDL planning problem encompasses an initial state, a group of actions,
and a goal state. The primary task of a PDDL planner is to identify a series of actions that
metamorphose the initial state into the goal state.

PDDL expresses planning problems in terms of states and actions. States are de ned
by logical propositions, and actions are de ned by their preconditions (what must be true
for the action to be executed) and their effects (what changes in the world state as a result
of the action). A planning problem in PDDL consists of an initial state, a set of actions, and
a goal state. The goal of a PDDL planner is to nd a sequence of actions that transforms
the initial state into the goal state.

In practical use, a PDDL problem will have two separate les: a domain le and a
problem le. The domain le contains the de nition of all the actions, including their
preconditions and effects. The problem le describes the initial state and the goal state.

For a service robot, using PDDL means that it can reason about actions it should take
based on its understanding of the world's state and its goal. It represents an effective and

exible tool for de ning and solving planning problems in open world scenarios.

Answer Set Programming (ASP):Answer Set Programming (ASP) is a declarative pro-

gramming paradigm rooted in research on non-monotonic logic and logic programming [22,
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23]. Initially designed for problem-solving using the concept of “answer sets” or stable
models, ASP is particularly effective for tackling combinatorial search problems.

The power of ASP lies in its ability to frame problems in terms of logical rules. An
ASP solver then seeks solutions that comply with all given rules. These solutions, termed
“answer sets,” epitomize models of the program, encompassing a set of facts validated by
the prescribed rules.

In ASP, problems are encapsulated by a logic program composed of a set of rules.
Each rule features a head and a body. The notion is that the rule's head is valid if all the
conditions in the rule's body are met. Ultilizing this principle, ASP solvers compute the
answer sets.

Emerging from research on non-monotonic logic and logic programming, ASP provides
a robust language for de ning problems. The logic rules encode the problems, and the ASP
solver computes their solutions, i.e., the "answer sets.” An answer set is essentially a model
of the problem'’s logic program and thus signi es a solution.

ASP nds its utility in automated planning, particularly when de ning complex plan-
ning problems using a high-level, logic-based language. This characteristic makes it espe-
cially valuable for service robots operating in environments that require intricate reasoning
or knowledge handling with inherent uncertainty. Through ASP, these robots can formulate

sets of actions (plans) that satisfy multiple constraints and achieve the desired goals.

Comparison of PDDL and ASP:PDDL and ASP, both effective in representing and re-
solving planning issues, rely on a declarative, logic-based methodology. This allows for a

exible problem representation and the application of advanced reasoning techniques.
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The signi cant divergence resides in their expressive capacity and solving strategies.
PDDL, as a language, accentuates the representation of states and their transitions induced
by actions. This makes it ideal for typical Al planning problems, characterized by an initial
state, a goal state, and an intervening set of actions.

ASP, conversely, provides for more intricate problem de nitions due to its rule-based
structure. It is equipped to tackle issues that demand sophisticated reasoning techniques,
such as managing defaults and exceptions. The solving procedure in ASP revolves around
identifying models that adhere to a speci ¢ set of rules rather than merely discovering a
sequence of actions that lead to a goal.

The practical choice between PDDL and ASP is predicated upon the unique require-
ments of the problem being examined. PDDL is potentially more apt for problems that can
be interpreted naturally as state transitions, while ASP might be a better t for problems
that call for complex logical reasoning.

From my experience, contemporary PDDL solvers are inclined to deliver a single so-
lution. This approach, while being computationally ef cient, inherently limits the explo-
ration of all possible solutions. A more exhaustive study of the solution space could reveal
superior or diverse plans that satisfy the de ned constraints.

In contrast, ASP offers heightened exibility. With con gurations that can present all
possible plans, ASP solvers provide a thorough set of solutions. This comprehensive view
enables a rigorous evaluation and comparison of various strategies, potentially leading to
optimal or diverse solutions that address the needs.

While not asserting the dominance of one over the other, this comparison clari es

a marked operational distinction between PDDL and ASP. The choice between the two
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should re ect the speci ¢ demands of the problem. A PDDL solver might be more suitable
if the focus is on computational ef ciency and nding a single feasible solution. Con-
versely, if the problem calls for an extensive examination of all possible solutions for a

detailed evaluation, an approach centered on ASP may be more appropriate.

2.2 Motion Planning

Motion planning is a fundamental concept in robotics concerned with nding a se-
guence of valid movements that would get an object from the start point to the goal point
without colliding with any obstacles in the environment. This aspect of robotics is espe-
cially critical in service robotics, where robots must navigate complex, dynamic, and open
worlds while performing tasks.

The challenge of motion planning increases exponentially with the dimensionality of
the problem, hence it often relies on algorithms and mathematical models. Two popular
techniques used in motion planning are the Rapidly-exploring Random Trees (RRT) [24]

and the Probabilistic Roadmaps (PRM) [25].

RRT: Rapidly-exploring Random Trees (RRT) is an ef cient, randomized data structure
designed for a broad class of path planning problems. The core idea of RRT is that it builds
a tree rooted at the starting con guration by using random samples from the search space.
As a “greedy” algorithm, it has a preference for exploring unvisited regions.

An RRT grows a tree in the con guration space by starting at the robot's initial con g-
uration (root of the tree) and expanding towards randomly chosen con gurations. The tree

eventually spans much of the reachable space, and with a high likelihood, it will reach a
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point near the target con guration. Once this happens, the path from root to target con g-

uration provides a solution to the motion planning problem.

PRM: Probabilistic Roadmaps (PRM) is another popular method for motion planning.

Unlike RRT, which builds a tree, PRM constructs a graph (the roadmap) over the entire
planning space. It works by taking random samples from the con guration space of the
robot, testing them for validity (e.g., collision), and using a local planner to attempt to

connect these con gurations to other nearby con gurations.

PRM tends to work well in multiple query scenarios, where there is a signi cant pre-
processing phase, after which a series of goal con gurations are given. The roadmap con-
structed can then be used to nd paths quickly for any given start and goal con guration
pair provided they are connected in the roadmap.

Both RRT and PRM are examples of sampling-based planning methods, which solve
high-dimensional problems by avoiding an explicit representation of the con guration space.
Instead, they generate samples and then connect these samples in a manner that tries to cap-

ture the connectivity of the free space.

2.3 Mobile Manipulation Platform

Our research mainly uses a mobile manipulator robot platform. It is a Segway-based
mobile robot platform, the RMP110, for experimental trials. This mobile manipulator is
equipped with a UR5e robot arm and a Robotiq Hand-E gripper. The platform incorporates
a SICK laser sensor for tasks such as mapping, localization, and navigation. Additionally,

an Astra Orbbec RGB-D camera is employed for human detection, interaction, and a wrist
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camera is used for object detection and vision-based object grasping.

The robot's software operates on the Robot Operating System (ROS) [26] and is built
upon the publicly available Building Wide Intelligence codebase [27]. This allows the robot
to navigate and manipulate objects, including grasping and ungrasping, using Movelt [28]
and GGCNN.

Additionally, we have developed a simulation platform based on the Gazebo physics
engine [29]. A difference is the use of the robotiq 2F-85 gripper in the simulation, as the

urdf model for the Hand-E is unavailable.
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3 Multimodal Embodied Attribute Learning

3.1 Introduction

Intelligent robots are able to interact with objects through exploratory actions in real-
world environments. For instance, a robot can usaolt action to gure out if an object
IS RED using computer vision methods. However, vision is not suf cient to answer if an
opaque bottle isuLL or not, and actions that support other sensory modalities, sudh as
andshake become necessary. Given the sensing capabilities of robots and the perceivable
properties of objects, it is important to develop algorithms to enable robots to use multi-
modal exploratory actions to identify object properties, answering questions su¢h as “
this objectRED and EMPTY?” In this article, we usattribute to refer to a perceivable
property of an object and udrehavior to refer to anexploratory actiorthat a robot can
take to interact with the object.

Given multimodal perception capabilities, a robot still needs to decide which of its
many exploratory behaviors to perform on an object. In other words, the robot needs to
generate an action policy for each given language request, as illustrated in Figure 3.1. For

instance, to obtain an object's color, a robot could adjust the pose of its camera, whereas

1The terms of “behavior” and “action” are widely used in developmental robotics and sequential decision-
making communities respectively. In this article, the two terms are used interchangeably.
2Project webpage: https://sites.google.com/view/attribute-learning-robotics/
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Figure 3.1: A robot is tasked with identifying if an objectR&D andEMPTY. Given the
various sensory modalities produced by exploratory behaviors, the robot must decide what
behavior(s) to perform to gain maximum information.

sensing the content of an opaque container requires two behagraspandshake The

robot has to select actions in such a way that the information gain about object attributes is
maximized while the cost of behaviors is minimized. Sequential reasoning is required in
this action selection process. For exampleakewould make sense only grasphas been
successfully executed. Also, robot perception capabilities are imperfect, so the robot some-
times needs to take the same behavior more than once. The above-mentioned observations
motivate the development of this article focusing on kheltimodal EmbodiedAttribute

Learning UEAL) problem. We informally de neveAL as follows:

Algorithms forMEAL problems aim to learn a policy for sequentially select-
ing exploratory behaviors to ef ciently and accurately identify perceivable at-
tributes of objects. Those behaviors might involve multiple sensory modalities

and are not necessarily always successful.
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The capability of solvingnEAL problems is important for robot multimodal perception. In
this article, we introduce and investigate two typesiagiaL problems: of ine and online.
Algorithms for OFFLINE -MEAL problems aim to learn robot behavioral exploration poli-
cies from a previously collected dataset. Probabilistic planning algorithms aim at comput-
ing action policies to help select actions toward maximizing long-term utility such as infor-
mation gain in our case, while considering the uncertainty resulting from non-deterministic
action outcomes. Markov decision processes (MDPs) [30] and partially observable MDPs
(POMDPs) [31] enable an agent to plan under uncertainty with full and partial observability
respectively. However, the observability of real-world domains is frequently mixed: some
components of the current state can be fully observable while others are not. A mixed ob-
servability Markov decision process (MOMDP) is a special form of POMDP that accounts
for both fully and partially observable components of the state [32]. IothaNE -MEAL

setting, the robot needs to learn an accurate and ef cient action policy for interacting with
objects without pre-collected data. As a result, algorithmefariNE -MEAL problems are
required to work on attribute classi cation and identi cation at the same ti@BLINE-

MEAL raises the fundamental trade-off between exploration and exploitation. The robot has
a short-term goal of identifying object attributes in the current task, and a long-term goal
of improving its identi cation accuracy over multiple tasks. An extreme solution is to let
the robot optimize its actions focusing on only the short-term goal. In doing so, the robot
still improves its performance in identi cation tasks over a long term as the robot collects
data along the way. However, the learning process in this extreme solution can be poor
with respect to regret minimization, because it lacks a mechanism for actively improving

its long-term attribute identi cation performance.
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 This article introduce#lixed ObservabilityRobot Control (MORC), as therst al-
gorithmic contribution of this article, where we modeFFLINE-MEAL problems
using MOMDPs because of the mixed observability of the world that the robot in-
teracts with. For example, whether an object is in the robot's hand or not is fully

observable, but object attributes such as color and weight are not.

» Thesecond algorithmic contribution of this article is an algorithm which is called
MORC with I nformationT heoreticRewardShaping MORC-ITRS) for ONLINE-MEAL
problems. MORC-ITRS, for the rst time, equips a robot with the capability of op-
timizing its sequential action selection toward ef ciently and accurately classifying

and identifying attributes at the same time.

MORC and MORC-ITRS are evaluated using three datasd&PY32 [33] which con-
tains 32 objects with eight exploratory behaviors and six types of sensory modalities;
ROC36 [34] which includes 36 objects with eleven behaviors and four types of modali-
ties; CY101[35] which has 101 objects with ten behaviors and seven types of modalities.
These datasets have previously been used for a variety of tasks including language ground-
ing [36, 37], object recognition [38], object categorization [39], and sensorimotor learning
[40]. Experiments OFFLINE-MEAL problems show that the policies framoRcCimprove
accuracy for recognizing new objects' attributes while reducing exploration cost, in com-
parison to baseline strategies that deterministically or randomly use prede ned sequences
of behaviors. FODNLINE-MEAL settings, compared with existing methods from e L
literature which also include a variant@DRC, MORC-ITRS reduces the overall cost of ex-

ploration in the long term while reaching a higher accuracy of attribute identi cation.
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Initial versions of thewvoRC andMORC-ITRS algorithms were introduced in two sepa-
rate conference papers [7, 41]. Both papers aimed to enable a robot manipulator to identify
object attributes using multiple exploratory behaviors and the produced multimodal sen-
sory data. Both papers modeled the non-determinism of action outcomes, and exploration
costs using a sequential decision-making framework under partial observability. Despite
the shared goals, the two conference papers were developed under different assumptions.
Next, we describe the relationship between this article and the two previous papers in the

three dimensions of “problem,” “algorithm,” and “evaluation.”

» Problems This article aims to solve two problems calleHFLINE-MEAL andONLINE-
MEAL. The two problems were initially de ned under the respective names of Robot
Attribute Identi cation (RAI) and Online Robot Attribute Learning (On-RAL) [41].

We observed that the initial problem statements [41] were incomplete, because nei-
ther the objective function nor the reward function was included in the de nitions.

We have xed the issues in this article, and renamed the problems for better clarity.

» Algorithms. This article develops two algorithms calle@bRc and MORC-ITRS.
Our naming strategy highlights theoRc-ITRS is based omoRcC. The key idea of
MORC was initially presented in a conference paper [7], where it was only informally
described. MORC-ITRS was initially presented in another [41] under the name of
ITRS. This article formally de nes both algorithms using the terminology speci ed

in the corresponding problem statements.

» Evaluations. The evaluation oMORC [7] was based on the two datasetd®PY 32

andROC36. The evaluation oMORC-ITRS [41] was based on the two datasets of
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ISPY32 andCY101. The different datasets in the two conference papers made it
hard to directly compare the different methods. In this article, new experiments were

performed to include all three datasets in the evaluations.

In addition, we discuss related work more comprehensively and point out the limitations of
both algorithms while identifying research directions for future work.

The remainder of this article is organized as follows. Section 3.2 discusses existing
research omeAL-related topics. Section 5.3 formally de nes thmraeAL problems, in-
cluding theoFFLINE-MEAL and theONLINE-MEAL. Section 3.4 presents existing research
on Action-ConditionedAttribute Classi cation (ACAC), which serves as a building block
of algorithms and systems developed in this article. Sections 3.5 and 3.6 describe two
algorithms respectivelyMORC for OFFLINE-MEAL and MORC-ITRS for ONLINE-MEAL.
Experimental results and demonstrations are detailed in Section 3.7. The article is con-
cluded in Section 3.8, including discussions about the limitations of our algorithms and

directions for future work.

3.2 Related Work

This section summarizes a few research areas that are relevant to Multimodal Embodied
Attribute Learning f1EAL), the focus of this article. We rst brie y describe the concept
of “attribute”, which is widely used in the computer vision community, and then discuss
existing research on robot perception (unimodal and multimodal). After that, a representa-
tive sample of algorithms for planning under uncertainty is described, based on which we

developMORC andMORC-ITRS. Finally, we present existing work on object-centric robot
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perception, which is the application domain of this article.

Visual Attribute Learning The word “attribute” refers to as “an inherent characteris-

tic” of an object in the computer vision community [42]. Attributes are also semantic and
machine-understandable properties that are used by people to describe images [43]. Early
vision-based attribute learning methods used image segments to learn visual attributes as
patterns [44]. Later, researchers studied visual attribute learning in the context of gen-
eralization across object categories [45], and considered transferring visual attributes for
previously unseen object classes [46]. More recent approaches focused on zero-shot or
few-shot learning for specifying attributes [47, 48, 49], relative attributes to enable visual
comparisons between images [50, 43], and attributes for an unconstrained set of objects by
providing large-scale datasets [51, 52, 53]. In contrast to traditional attribute learning us-
ing these vision methods, we focus on Multimodal Embodied Attribute LearMegL),

where objects are explored and attributes are detected by a physical robot. Modern robots
have the capability to actively interact with objects, producing rich sensory signals that go
beyond vision.

Early research on symbol grounding introduced the term of “category” as an invariant
feature of objects and events from their sensory projections [6]. In this article, we focus
on object-centric robot perception, and use “attribute” to refer to the categorical represen-
tations of object features that are perceivable through a robot's multimodal exploratory

behaviors.
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Unimodal Perception in Robotics Among various modalities that have been researched

in robotics, visual perception has been widely studied, including visual manipulation [54]
and navigation [55]. Language is another important modality that robotics researchers fre-
guently focus on, solving the challenge of grounding natural language into noisy percepts
and physical actions (as reviewed in a recent article [56]). Tactile sensing is traditionally
studied in the area of sensors, but recent papers have investigated more about correlations
with robot actions, as reviewed in articles [57, 58]. There are also a few works that demon-
strate the usefulness of smell for robots, especially in the application domain of gas source
localization [59]. A limited number of papers have even mimicked the sense of taste for the
interaction and cognitive abilities of modern robots [60]. Every single modality has been
shown its effectiveness towards improving the perception capability of intelligent robots.
Our agent learns from sensory modalities such as vision, audio, and haptics, and works
on the problem of robot multimodal perception, which is reviewed in detail in the next

paragraph.

Multimodal Perception in Robotics Signi cant advances have been achieved recently

in computer vision [61, 62] and natural language processing [63, 64]. While language and
vision are important communication channels for robotic perception, many object attributes
cannot be detected using vision alone [65] and people are not always available to verbally
provide guidance in exploration tasks. Therefore, researchers have jointly modeled lan-
guage and visual information for multimodal text-vision tasks [66]. However, many of the
most common nouns and adjectives suctsasT and EMPTY have a strong non-visual

component [67] and thus, robots need to perceive objects using additional sensory modal-
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ities to reason about and perceive such linguistic descriptors. To address this problem,
several lines of research have shown that incorporating a variety of sensory modalities is
the key to further enhancing the robotic capabilities in recognizing multisensory object
attributes, as reviewed in recent articles [68, 58]. For example, visual and physical interac-
tion data yields more accurate haptic classi cation for objects [69], and non-visual sensory
modalities, such as audio and haptics, coupled with exploratory behaviors stmichs

or grasp have been shown useful for object recognition [70, 71, 72]. Grounding natural
language descriptors that people use to refer to objects has also been a promising method
for attribute recognition problems [33, 73]. More recently, researchers have developed end-
to-end systems to enable robots to learn to perceive the environment and perform actions at
the same time [74, 75]. A major limitation of these and other existing methods is that they
require large amounts of object exploration data, which is much more expensive to collect
as compared to vision-only datasets. A few approaches have been proposed to actively
select actions at test time, for instance, when recognizing an object [76, 39]. One recent
work has also shown that robots can bias which behavior to perform at training time, that
is, when learning a model grounded in multiple sensory modalities and behaviors, but they
did not learn an actual policy for doing so [37]. Different from existing wankgRC for
OFFLINE-MEAL problems is for learning an action policy when deciding whether a set of
attributes hold true for an objeatoRC-ITRS for ONLINE-MEAL problems learns an action
policy for object exploration that a robot can use when learning to ground the semantics of

attributes.
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Planning under Uncertainty Decision-theoretic methods have been developed to help
agents plan actions and address uncertainty in non-deterministic action outcomes [30, 77].
Existing planning models such as partially observable Markov decision process (POMDP) [31],
belief space planning [78] and Bayesian approaches [79] have shown great advantages for
planning robot perception behaviors, because robots need to use exploratory behaviors to
estimate the current world state. To learn semantic attributes, robots frequently need to
choose multiple actions, so POMDP which is useful for long-term planning is particularly
suitable. Many of the POMDP-based robot perception methods are vision-based [80, 81,
82, 83]. Compared to those methods, our robot takes advantage of non-visual sensory
modalities, such as audio and haptics. Our proposed algorithms both modeled the mixed
observability [32] in domains of a robot interacting with objects. The main difference be-
tweenOFFLINE- andONLINE-MEAL is that the former assumed that suf cient training data

and annotations are available for the robot to learn the perception models of its exploratory
behaviors, and the latter deals with data collection and task completion processes simulta-

neously.

Object-centric Robot Perception To select actions to identify objects' perceivable at-
tributes such asEAvY, RED, FULL, andsHINY, robots need observation models for their
exploratory behaviors. Researchers have developed algorithms to help robots determine
the presence of possibly new attributes [84] and learn observation models of objects' per-
ceivable attributes given different exploratory behaviors [33, 36, 85]. In the case where
the object attributes refer to the object's function, they are then referred to as 0-order af-

fordances [86]. Those methods focused on learning to improve the robots' perception
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capabilities. Once the learning process is complete, a robot can use the learned attributes
to perform tasks, such as attribute identi cation, for example, to tell if a bottleeisvy
andrReD. Compared to those learning methods, we consider beHnINE- andONLINE-

MEAL, where the robot learns the attribute classi ers (an exploration process) and uses the
learned classi ers to identify object attributes (an exploitation process). Becauss®E-

MEAL agents iteratively learn and identify attributes, the exploration-exploitation trade-off

is a fundamental decision-making challenge in this unknown robot perception environment.
While the problem has been studied in multi-armed bandit [87] and reinforcement learning

settings [77], it has not been studiedMEAL contexts.

3.3 Problem De nitions

In this section, we rstintroduce the terminology of our work. Then we formally de ne

three types of robot multimodal perception problems.

A robot has a set of behaviors, suchi@sk, push andlift, that can be used for interacting
with everyday objects as shown in Figure 3.2. bé&t Obj be an object and 2 A € be
anexploratory behaviarExamples of a robot executing some of the exploration behaviors
are shown in Figure 3.3.

Each exploratory behavior is coupled with a set of sensory modalities, e.g., vision,

haptics, and audio. We use2 M to refer to a sensory modality. This behavior-modality
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Table 3.1: Table of Notation.

Symbol/Notation  De nition

o An object

Obj The set of all objects

a A behavior

A¢® The set of all exploratory behaviors

m A modality

M The set of all modalities

Ga) A behavior and modality coupling function

Ma A set of modalities that a behaviamproduces

fmn A sensory data instance of a modalitybeing recorded
when a behavioa is applied

fa A set of sensory data instances from all modalitie2(M )
that a robot receives after performiag

N™ Dimensionality for a modalityn

P The set of all attributes

p An attribute

vP The Boolean value of an attribugeindicating if p applies to an object

ID(p;0) An attribute identi cation function

Y Values of a set of attributes

p A set of attributes

AT The set of all reporting actions

A The set of all actions including exploratory behaviors and reporting actions

S The global state space

X The state set speci ed by fully observable domain variables

X A fully observable state

Y The state set speci ed by partially observable domain variables

y A partially observable state

NP The number of queried attributes

z A set of observations including © (none) observation

zh A set of observations excluding @ (none) observation

R(s;a) The reward function

ta Time length for executing a behaviar

r Negative reward by given an incorrect report action

rt Positive reward by given a correct report action

X An episode for representing a single attribute identi cation task

s a An operation that outputs true (or false)
when the identi cation task is successful (or not)

Rs{(x) A function that outputs if a task is successful

Csi(x) A function that outputs the accumulative action cost in a task

D A dataset where each instance is in the fornifgf p) : vP

Y (fa; p) A binary classi er. A robot collect data instandg on an object
after performing actiom, andY (f4; p) outputs if attributep applies to
this object

¢ An action cost budget

F(f]p) A binary classi er that is similar tof (f; p)
but with modality speci cations

a A normalization constant

wg' A weight for a binary classi e (fI; p)

Q% A confusion matrix that are computed by cross-validation at training stage

Tx Transition functions for fully observable states in MOMDP

Ty Transition functions for partially observable states in MOMDP

g A discount factor in MOMDP

O(sa;2) An observation function that speci es the probability of observing
when actiora is execute%' state

Vs The true value of thé affribute in state

v The observed value of th& attribute in observation

Ent(s;a) The entropy that is used for indicating the perception quality



Figure 3.2: Everyday objects in the three datasets that are used in the experiments of this
article: (a)ISPY32 [33] (b)ROC36 [34] (c)CY101 [35].

coupling is formulated using functio@&

Ma= Ga) (3.1)

whereM 5 M . For examplef audig hapticsvisiong = (push means that behavior
pushproduces signals from audio, haptics, and vision modalities. Vdhsmperformed

on an objecb, for eachm2 M ,, the robot is able to record a data instarfge2 RN™
whereN™ is the dimensionality for the modalitsn. Table 3.2 shows the set of viable
combinations of behavior-modality pairs for one of the datasets used in our experiments
(detailed in Section 3.7), along with the feature dimensionallty We usef, to represent

a set of sensory data instances from all modalitre® (M 5) that a robot receives after

performinga.
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grasp(22.0s) lift (11.1s) lower (10.6s)

drop (9.8s) push(22.0s) press(22.0s)

Figure 3.3: Examples of behaviors and their durations in seconds (behaviors are from the
ISPY32 dataset detailed in Section 3.7).

Let P specify a set of attributes that are used to describe objects in a domain. Given
an objeci, VP is eithertrue or false depending on ip applies too, where we uséD(p;0)
to refer to this attribute identi cation function. Here we “override” the functlénto use
it to process a set of attributes:

v=1D(p;0) (3.2)

wherev=[vP;vP1: ] p=[po:pi; ], andvP is the value of thé" attribute of objecb.

For instance, given a red empty object (i®.and two attribute$sLUE; EMPTY] (i.e., p),
ID([BLUE;EMPTY];a red empty objegtoutputs[falsetrue]. The reporting action seX '
includes actions that are used for the robot to repaatthe human user. For the same red
empty object, there will be two binary variables specifying whether each of the attributes
is true or false. As a result, there will be four reporting actions corresponding to the four
combinations of the attributes' values. The actionset A €[ A ".

The robot state space is mixed observable and has two compoRerasdY . The
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Table 3.2: The number of features extracted from each combination of robot behavior and
perceptual modality for ISPY32. “VGG” modality is computed from 2D image of the
object and is deep visual features from the 16-layer VGG network [33].

Behavior Modality
color shape VGG
look 64 308 4096

audio haptics  proprioception

grasp 100 60 20
drop, hold, lift, lower, press, push 100 60

global state spac®includes a Cartesian productxf andY ,

S=f(xy)jx2 X andy2Yg (3.3)

X is the state set speci ed by fully observable domain variables. In our g@s¥, rep-
resents the current state of the robot-object system, e.g., whigtlaeddrop behaviors are
successful or not, or whether the object is in hand or not (i.e., the effect of belyaasy.
Y is the state set speci ed by partially observable domain variables. In our case, these
variables correspond to the values of object attributes that are queried about, Tleus,
1Y |= 2N" 'whereNP is the number of queried attributes, i.jgp,j. For instance, given an
object description that includes three attributes (¢RED; EMPTY;BOTTLE]), Y includes
23 = 8 states. Sincg2 Y is partially observable, it needs to be estimated through obser-
vations, which will be de ned in the next paragraph. Note that there is no state transition
in the space of , as we assume object attributes do not change over executions of robot
actions.

LetZ = Z "[ 0 be a set of observations. Element&iti include all possible combi-

nations of object attributes (i.ex) and have one-to-one correspondence with elements in

30



A ". For instance, whep = [ RED; EMPTY; BOTTLE], there exists an observatia? Z "
that is[true; false true] that represents “the object's color is red; it is not empty, and it is a
bottle.” Behaviors that produce no information gain (including those failed behaviors) and
reporting actions i\ ' result in a 0 (none) observation.

R! R is the reward function. Eacéxploration behavigra® 2 A €, has a cost that
is determined by the time required to complete the behavior. These costs are empirically
assigned according to the datasets used in this research. The cosp®mdihg actions

depend on whether the report is correct.

R(s;a) =

8
% tg;if s2Sa2A°¢€
§r ifs2Sa2A', s a= false (3.4)

“rt:ifs2Sa2A'", s a= true

wheret, is the time length for executing the behavigr (orr*) is negative (or positive)
given an incorrect (or correct) repod. a outputs true (or false) when the identi cation
task is successful (or not). We further de ne an episode ag so;ap;ro;S1;a1;r1; | for
representing a single attribute identi cation task, whg2 S, g 2 A , andr; 2 R. Function
Rs{x) outputs if a task is successful:

8

% lifthereexistss;a2 x,52S a2A'", s a=true
Rs(x) = (3.5)

- 0;otherwise
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FunctionCsi(x) outputs the accumulative action cost in task

Cs(x)= Q ta= a ri(sa) (3.6)
gj2A € gj2A €

De nition 1 (ACAC). At training time, the input includes a set of labeled sensory data
instances, each in the form ofy; p) : vP. This training set is suf ciently large and denoted
asD. Solving anAction-Conditioned Attribute Classi catiol (ACAC) problem produces

a binary classi er:

Y (fa; p); for each pairob2 A ®andp2 P

At testing time, given an object o0, a robot collects data instangaftdr performing action

a andY (fy; p) outputstrueor falseestimating if attribute p applies to o.

De nition 2 (OFFLINE -MEAL ). Solving anOFFLINE -MEAL problem produces a poliqy

that sequentially selects actior2aA to identify the value of:

ID(p;0); givenD;R(s;a)

where the objective is to maximize the number of successful task completions within a cost

budgeté. Let[xo;X1; ;Xn] be a set of n attribute identi cation tasks, then the objective

3We use attribute classi cation to refer to the problem of learning the attribute classi ers, which is a su-
pervised machine learning problem. We use attribute identi cation to refer to the task of identifying whether
an object has a set of attributes or not, which corresponds to a sequential decision-making problem.
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function can be de ned as follows:

argmaxE(§ Rs(x;));where § Csix) < C (3.7)
0 . !

I n I n

De nition 3 (ONLINE -MEAL ). Solving anONLINE -MEAL problem produces a policy

that sequentially selects actior2aA to identify the value of:
ID(p;0); givenR(s;a)

OFFLINE- and ONLINE-MEAL share the same objective function (Equation 3.7), while al-
gorithms foroNLINE-MEAL are notprovided with pre-collected dafa. At execution time,
after performing a to identifyp, the robot collects datasf After each identi cation task,

the robot receives, the values of attributes.

Remark 1: MEAL agents are developed under the following assumptions (detailed in this

section and highlighted here):

* the state space is mixed observable: the fully observable component is prede ned

and the partially observable component is speci ed by the queried attributes.

* robot actions and their realizations are prede ned, including knowledge about the

target object’ precise location on the table.
* there is uncertainty in action outcomes, simulated by a certain probability.

* the goal is to maximize both long-term utility (lifelong learning) and short-term util-

ity (maximizing success rate of the current task).
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Remark 2: RationalOFFLINE-MEAL agents treat individual attribute identi cation tasks
independently, whereas rationaNLINE-MEAL agents learn from the data collected in
early tasks, trading off early-phase performance for long-term performance.

Remark 3: One might have noticed the difference between the objective function de ned
in Equation 3.7 and the reward function in Equation 3.4. There can be the question of
whether our reward function supports the robot in achieving the objective or not. Note that
the objective function presented in Equation 3.7 includes two dimensions: identi cation
accuracy and exploration cost. The reward function presented in Equation 3.4 includes
three terms, where action execution titpeorresponds to the exploration cost, and rewards

r andr® correspond to the identi cation accuracy. Altogether, this reward function is able
to motivate the robot to maximize identi cation accuracy and minimize exploration costs
at the same time. Thus, our current reward function supports computing policies towards

achieving the objective.

3.4 Preliminaries

The algorithms developed in this article rely on existing research on Action-Conditioned
Attribute Classi cation (ACAC). For the sake of completeness, we summarize the technical
approach of previous ACAC work [34, 33], which is used as a building block for de ning
algorithms formeAL problems.

We de neindividual classi ers for connecting data instancé§' to each attributep,
denoted a& (f"; p). We assume that the outputsfofcan be mapped to probabilities, i.e.,
F(fi" p) can estimat®rXY(vP = truej . In line with prior research [34, 33], individual

classi ersF were structured using support-vector machines with a polynomial kernel in
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this article. The binary classi e¥Y (introduced in Section 5.3) is for connecting a set of

F (", p) regardless of modality speci cations. Similarly, the output¥ofan be mapped

to probabilities, i.e.Y (fa; p) can estimaté®r,(vP = truej fy). It should be noted that for
each behavior, different modalities are not equally preferred when the robot identi es cer-
tain attributes. For instance, color is more useful than shape when identfgingThus,

the probability estimates d¢f are combined using weighted combination and normalized
again to compute the nal probability estimates\of

o

Pra(vP = truej fa)=a gwl Pri(vP = truej "

wherea is a normalization constant to ensure the probabilities sum upOt@aridwy' 2
[0:0;1:0] is a reliability weight indicating how good the classi er associates with the be-
haviora and the modalityn is at recognizing attribut@. In other words, each behavior
acts as a classi er ensemble where each individual classi er's output is combined using a
weighted combination. The weights are estimated by performing cross-validation of the
classi er speci c to that modality and behavior.

At the end of the training stage, cross-validation at the behavior level is used to compute
the confusion matriQ?, 2 R? 2for each pair of attribut@ and behavioa. These confusion
matrices are normalized to compute the True Positive, True Negative, False Positive, and
False Negative rates for each behavior-attribute pair. Cross-validation is not a general step
for ACAC, but will later be used iMoRrRc. Example confusion matrices are shown in
Figure 3.4. Next, we describe oMORC approach to address the problemarFLINE-

MEAL which is de ned in Section 5.3.
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Figure 3.4: Example confusion matrices training from 36 objects (ROC36) showing the
TP, FP, TN, and FN rates for three of the attributes when using the rdbatissbehavior.

The behavior is good at recognizirgAvy due to the rich haptic feedback produced when
shaking an object, somewhat good at recognisBgNS (referring to the objects' contents)
due to the sound produced by the contents, and poor at recogi@REBEN as no visual
input is processed when performing this behavior.

3.5 An Algorithm for OFFLINE -MEAL : MORC

In this section, we describe the theoretical framework of mixed observability robot con-
trol (MORC) for solving OFFLINE-MEAL problems. Behaviors such &k anddrop, have
different costs and different accuracies in attribute recognition. At each step, the robot has
to decide whether more exploration behaviors are needed, and, if so, select the exploration
behavior that produces the most information. In order to sequence these behaviors toward
maximizing information gain, subject to the cost of each behavior (e.g., the time it takes to
execute it), itis necessary to further consider preconditions and non-deterministic outcomes
of the behaviors. For instancehakeanddrop behaviors make sense only if a preceding
unreliablegraspbehavior succeeds.

In this article, we assume action outcomes are fully observable and object attributes are
not. For instance, a robot can reliably sensegfaspbehavior is successful, but it cannot

reliably sense the color of a bottle or if that bottlerisLL. Due to this mixed observability
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and unreliable action outcomes, we use mixed observability MDPs (MOMDPSs) [32] to
model the sequential decision-making problem for object exploration.

A MOMDP has mixed state variables. The fully observable state components are rep-
resented as a single state variablgn our case, theobot-object statuse.g., the object is
in hand or not), while the partially observable components are represented as state variable
y (in our case, th@bject attributese.g., the object iSIEAVY or not). As a result(x;y)
speci es the complete system state, and the state space is factddedds Y , where
X is the space for fully observable variables ahds the space for partially observable
variables.

Formally, a MOMDP model is speci ed as a tuple,

X;Y;A;Tx; v; RZ;0;0);

whereA is the action setJx andTy are the transition functions for fully and partially
observable variables respectiveR/js the reward functionZ is the observation se@ is

the observation function, arglis the discount factor that speci es the planning horizon.

3.5.1 Action Transition System

Tx : X A X ! [0;1] is the state transition function in the fully observable com-
ponent of the current stately includes a set of conditional probabilities of transitions
from x 2 X —the fully observable component of the current state+&® X , the com-
ponent of the next state, givexr2 A the current action. The transition diagram is shown

in Figure 3.5. Reporting actions and illegal exploration behaviors (@:gp,an object in
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Figure 3.5: A simpli ed version of the transition diagram in space for object explo-
ration. This gure only shows the probabilistic transitions led d®ploration behaviors
Report actionghat deterministically lead transitions from2 X to term(terminal state)
are not included.

statex;—before a successfgkasp lead state transitions term (terminal state) with D
probability.

Most exploration behaviors are unreliable and succeed probabilistically. For instance,
Tx (Xa;drop; xs) = 0:95 in our case, indicating there is a small probability the object is
stuck in the robot's hand (detailed in Section 3.7.1). Such non-deterministic action out-
comes are considered in our experiments. The success rate of the bébalisrl.0 in
our case since without changing positions of either the camera or the object it does not
make sense to keep running the same vision algorithms.

Ty :Y A Y ! [0;]1] is the state transition function in the partially observable
component of the current state. It is an identity matrix in our case, (we assume) because

object attributes do not change during the process of the robot's exploration behaviors.
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3.5.2 Observation Function

O:S A Z ! [0;1]isthe observation function that speci es the probability of ob-
servingz2 Z when actiorais executed in state O(s; a;2). In this article, the probabilities
are learned from performing cross-validation on the robot's training data. As described in
Section 3.4, ACAC produces confusion matrix classi Q‘§2 R? 2 for each attributep

and each action.

O(s;&2) = Pr(vzjvsa) = N(~)1<Q""i (VB v (3.8)
i=0

WhereQ‘E‘, 2 R? 2 s a confusion matrix for attributp and actiorg; vs andv; are the true
and observed values of the attribute®; (or V}') is the true (or observed) value of ti
attribute; and\P is the total number of attributes in the query. The robot might fail in
exploratory actions. In that case, the robot receives an empty observation, which causes no
belief change.

So far, we have speci ed all componentsmdRC. Next, we discuss a way of comput-

ing high-quality policies foOFFLINE-MEAL that include large numbers of attributes.

3.5.3 Dynamically-Learned Controllers

The OFFLINE-MEAL problem can include a prohibitively large number of attributes.
One of the datasets in our experiments contains 81 attributes, resultifigiosaible states
in Y . Itis computationally intractable to generate a far-sighted policy while considering
all the attributes. A strategy called iCORPP was introduced for dynamically constructing

minimal (PO)MDPs to model domain attributes for robot planning [88]. Behind ICORPP is
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Algorithm 1 MORC
Require: P ;Tx ; A & Sol R(s,a); D
1: Take queried attribute(g) from human, wherep P

2: GeneratX ,Y A", Ty andZ usingp
3: Compute confusion matrng usingD wherep2p, a2 A
4: Generaté)(s, a;2) with QF for p2 p using Eqgn. 3.8
5: Compute policyp usingSolfor(X ; Y; A; Tx; Tv; R Z; O; g)
6: Uniformly initialize beliefb
7: while Current statesis nottermdo
8: Select actiora with p based orb, and executa
o: Make an observationwherez2 Z
10: Updateb with zanda using Bayesian rule
11: end while

a family of algorithms for Integrated commonsense Reasoning and probabilistic Planning
(IRP) [89]. Those algorithms aim to decomposing a sequential decision-making problem
into two tractable subproblems that focus on high-dimensional reasoning (e.g., objects with
many attributes) and long-horizon planning (e.qg., tasks that require many actions). In line
with iICORPP, we model only those attributes necessary to the current quergrc,
where the goal is to include a relatively small set of attributes in our MOMDPs while
maintaining the quality of the generated policies.

Algorithm 1 shows the complete processwfrc?. We dynamically construct MOMDP
controllers by specifying the following components in order: 1) Staté/séat includes
only the attributes that are mentioned in the query (8igJg, HEAVY, andBOTTLE, given
that a user asks whether an objed islue heavy bottler not); 2) State se$, the Cartesian
product ofX (prede ned) andy ; 3) Action setA ', where each reporting acti@ 2 A '
corresponds to a state ¥ ; 4) Action setA , union of A € (prede ned) andA "; 5) Z N,
object attribute combinations; &) , union ofZ " and 0. The components together form

a complete MOMDP that is relatively very small, and typically includes fewer than 100

4Source code: https:/github.com/keke-220/Preditat@ning
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states at runtime. Our approach enables automatic generation of complete MOMDP mod-
els, which can be encoded, as in our experiments, such that existing planning algorithms
(e.g., [90]) can be used to generate policies.

The implementation of the transition systemnodRc is introduced in Section 3.5.1.
Figure 3.5 also presents how we manually specify transition diagrams for different datasets.
The observation function (detailed in Section 3.5.2) depends on classi ers produced by
ACAC. When learning those classi ersjORC assumes that suf cient training data and
annotations are available for the robot. However, a large amount of object exploration
data is very expensive for robots to collect in the real world. Our solution is to interleave
ACAC and attribute identi cation where the robot interacts with the current object, collects
exploration data, and uses the data to improve attribute classi ers for future identi cations.
This online process is referred to asiLINE-MEAL, which will be discussed in the next

section.

3.6 An Algorithm for ONLINE -MEAL : MORC-ITRS

In this section, we describ@oRc with information-theoretic reward shaping@Rrc-
ITRS), which is a novel algorithm that is built amoRc but focuses on balancing explo-
ration and exploitation iI@NLINE-MEAL problems. An overview oflORC-ITRS as applied

to ONLINE-MEAL is presented in Figure 3.6.

3.6.1 Information-Theoretic Reward

We rst introduce the shaped information-theoretic reward functiom®RC-ITRS.

In ONLINE-MEAL problems, the robot needs to optimize its actions toward not only im-
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proving the accuracy of attribute identi cation but also minimizing the cost of exploratory
behaviors. We introduce the two factorspErception qualityandinteraction experience
into the reward design of MOMDPs to achieve the trade-off between exploration (actively
collecting data for attribute learning) and exploitation (using the learned attributes for iden-
ti cation tasks).

Let Enf(s;a) be the entropy of the distribution ov&r, givensanda, which is used for

indicating theperception quality of exploratory behavioa over they component os:

En(s;a)= g O(s a;z)log,O(s;a;7) (3.9)
z2Z

wherez is theith observation an@(s; a; ) is the probability of observing in states after
taking actiona. O(s;a;z) is computed using the data instances gathered itheNE-
MEAL process.

Let IE(p;a) be theinteraction experienceof applying actiora to identify attributep,

which is in the form of:
IE(p;a) = % jf f2 falabeled f;p) = trueg] (3.10)

where f5 is a set of instances that a robot has collected so far|aeled f; p) returns
true if f has been labeled w.r.p, where the valueP is true or false d is a suf ciently
large integer to ensul&(p;a) is in the range of [0,1). A lower value OE(p;a) re ects a
higher need of further exploringp; a).

Building on the concepts of perception quality and interaction experience, our information-
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Figure 3.6: An overview of th&ORC-ITRS algorithm. A human user will choose an ob-

ject and ask a query such aks ‘this objectRED and soFT?”. The robot will generate a
perception model on the speci ed attributes, iRED and SOFT. Queried attributes and

the corresponding perception model then will be used to construct states and the obser-
vation function of the MOMDP model respectively. The reward function will be shaped
by the quality of the observation function and the robot's experience. The robot uses the
generated MOMDP model to compute a polggyand interacts with the queried object.
Newly-perceived feature data will be used to update the robot's experience and augment
the dataset. Humans will give feedback to the robot's answer and attach labels to the fea-
ture data points.

theoretic reward function is de ned as follows:

RT(sa)= R(s;a)+ a Enfs;a) b IE(p;a) (3.11)

wherea andb are natural numbers and used for adjusting how much perception quality
and interaction experience are considered in reward shaping. Informally, Qs 2)

is close to being uniform, the perception model(gf) is poor, and the value d&nt(s; a)

is high. As a result, our new reward function will encourage the robot to take actign
offering extra rewaréd Enf{(s;a). When the robot is experienced in applyiatp identify
attributep, IE(p;a) will be high. In this case, an extra penaltytoflE( p; a) will discourage

the robot from taking those well-explored behaviors. In comparison to standard MOMDPs,

where reward and observation functions are independently develapedt-ITRS enables
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Algorithm 2 MORC-ITRS

Require: P ;Tx ; A;Sol a;b;R(sa)
1: Initialize IE(p;a) = O for each actiom2 A andp2 P
2: Initialize online training datasé& = 0

3: repeat
4; Take queried attribute($) from human, wherp P
5: GeneratX ,Y , Ty ,andZ usingp
6: Compute confusion matriQf usingD wherep2 p, a2 A
7: Generatd)(s; a; 2) with QI% for p2 p using Egn. 3.8
8: ComputeEn((s; a) using Eqn. 3.9
9:  Generat®}'' (s;a) with R(s;a) using Eqn. 3.11
10: Compute policyp usingSolfor (X ; Y;A; Tx; Tv; RT; Z; 0; g)
11: Initialize action sef\ Se'®tand feature sef with 0
12: Uniformly initialize beliefb
13: while Current statesis nottermdo
14: Select actiora with p based orb, appendato A S¢'et and executa
15: Record data instancdg, andF F [f fag
16: Make an observationwherez2 Z
17: Updateb with zanda using Bayesian rule
18: end while
19: Ask human to provide for p as label(s) folF
20:  for eachain A S¢'ecldo
21: UpdateD usingF andv
22: UpdatelE(p;a) fora2 A andp2 p using Egn. 3.10
23: end for

24: until end of interactions

the reward function to adapt to the changes of the observation function.

3.6.2 Algorithm Description

MORC-ITRSinclude attribute seé® , transition functionly , action sefA ¢, MOMDP solver

Sol, parametera andb, naive reward functiomR(s;a). MORC-ITRS does not have a ter-

Algorithm 2 presentsiORC-ITRS for active ONLINE-MEAL problems. The inputs of

mination condition.

(p;a) pairs, and then initializes datagetthat will be later augmented as the robot interacts

with objects (Lines 1 and 2). In each iteration of the main loop (Lines 3428RC-ITRS

MORC-ITRS starts with initializing the interaction experience function with zeros for all
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takes an identi cation query from people (Line 4), constructs a MOMDP model (Lines 5-
10), computes its policy, uses the policy to interact with an object (Lines 13-18), and aug-
ments its dataset for improving the MOMDP model in the next iteration (Lines 20-23).

In the rst inner loop (Lines 13-18), the robot interacts with an object based on the
generated policyp suggests an action at each statel'he robot then executes the action
and makes an observation. Based on the action and observation, the robot updates its belief
using the Bayesian rule. After selecting each acti@dRC-ITRS records this action along
with its collected feature data (Lines 14 and 15). In Line 19, we ask people to provide the
labely for the collected data. The nal step is to iterate over all selected actions to augment
D, and calculate the new interaction experience (Lines 20-23).

Intuitively, we aim to encourage the robot to select exploratory beha2oA € from
those behaviors, where the perception moddlspd) is of poor quality, and there is rela-

tively limited experience of applyingto attributep, i.e., the experience @p; a) is limited.

3.7 Experiments

In this section, we present the experiment setup and experimental results from the evalu-
ation of ourMmoRC andMORC-ITRS algorithms.MORC assumes the availability of training
data for learning action-conditioned attribute classi ers. Accordingly, the baselines for

evaluatingmoRc includes:

» Random Actions are randomly selected from both reporting and legal exploration

actions. A trial is terminated by any of the reporting actions.

» Random LegalActions are randomly selected from legal exploration actions. Under
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an exploration budget, one selects the reporting action correspondyngitb the
highest belief. This baseline corresponds to the algorithrmifxL problems of [37]

(we did not use their linguistic component).

* Prede ned An action sequence is strictly followedask look, press grasp lift,
lower, anddrop. Under an exploration budget or in early terminations caused by

illegal actions, the robot selects the reporting action that makes the best sense.

* Prede ned Plus The same as Prede ned except that unsuccessful actions are re-

peated until achieving the desired result(s).

MORC-ITRS assumes no prior data, so the robot must learn perception models and perform

attribute identi cation at the same time. We compareRc-ITRS with the baselines of:

* lterative Random Legallt is an iterative version of one of the baselines for solving
OFFLINE-MEAL problems. Just like Random Legal, the robot considers only the
“legal” behaviors (e.g.lift is legal only after a successfgtaspbehavior), and then
randomly selects one from the legal actions. The only difference is that the robot
collects more data after identi cations, and uses the data for future tasks. With an
exploration budget for each trial (50 seconds and 80 seconds for one-attribute trials,
i.e.,NP = 1, and two-attribute trials, i.eNP = 2, respectively), the robot is forced to

reporty 2 Y of the highest belief.

* Iterative MORC: It iteratively runsMORC using all data collected so far. This pro-
cess is repeated after each batch. Iterafie&kC enablesONLINE-MEAL actions by

passivelycollecting data and training attribute classi ers.
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3.7.1 Experiment Setup

Dataset Description: Three public datasets (8PY32[33], ROC36[34], andCY101[35]
are used in our experiments. CY101 (an updated version of the dataset [39]) contains many
more household objects and attributes.

In the ISPY32 dataset, a robot from the Building-Wide Intelligence project [27] ex-
plored 32 objects using 8 exploratory behavidogk, grasp lift, hold, lower, drop, push
andpress(Figure 3.3). Thehold behavior was performed by holding the object in place.
Thelook behavior was performed by taking a visual snapshot of the object using the robot's
sensors prior to exploration. Each behavior was performed 5 times on each object in the
dataset. Features of VGG, color, SURF, auditory, nger, and haptics were recorded in
ISPY32.

In ROC36, the robot explored 36 different objects using 11 prototypical exploratory
behaviors:look, grasp lift, shake shake-fastlower, drop, push poke tap, andpress10
different times per object. The objects are lidded containers with the same shape and varied
along 3 different attributes: 1) coloRED, GREEN BLUE; 2) weight: LIGHT, MEDIUM,

HEAVY; and 3) contentSBEANS, RICE, GLASS, SCREWS These variations result in the
3 3 4= 36 objects bearing combinations of these attributes in thE s#tat the robot
is tasked with learning.

For CY101 dataset, an uppertorso humanoid robot with 7-DOF arm explored 101 ob-
jects belonging to 20 different categories using 10 exploratory behavomis:grasp lift,
hold, shake drop, push tap, poke andpress Seven different types of features including

auditory, vibrotactile, nger, color, optical ow, SURF, and haptics (i.e., joint forces) were
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considered in CY101. Each behavior was performed 5 times per object.

Every individual classi er (introduced in Section 3.4) corresponds to an attribute-behavior
pair. The exact numbers of the classi ers needed by the robot depend on the datasets that
provide different numbers of attributes. For instance, in experiments using@&86

dataset, there were a total of A1= 99 classi ers.

Action Costs and Action Failures: Each exploratory behaviarhas a cost (planning and
execution) in the range of [0.5, 22.0] that came with the datasets, and is modBeiah
For instance, the cost of behavimess(22.0) is much higher than the cost of behavoak
(0.5). The costs of behaviors in the three datasets are different because the datasets were
collected using different robots. Additionally, actiaskhas the cost of 100.°

In MORC, the reward of the reporting action was +500.0 (or -500.0) when the robot's
attribute identi cation is correct (or incorrect). IMORC-ITRS, we set the reward to be
+300.0 (or -300.0). Most actions are considered unreliable to some degree in our MOMDP
model and we uniformly set the failure probability to 0.05 which we did not re ne in
OFFLINE- Or ONLINE-MEAL. For instance, an unsuccessfinbp behavior models the sit-
uation that the object is stuck in the robot's hand. We used an off-the-shelf system for
solving MOMDPs [90].g is a discount factor angd= 0:99 in our case. This setting gives
the robot an unspeci ed, relatively long planning horizon.

We observed different behaviors of the robot given different success bonuses and failure
penalties. Intuitively, increasing the success bonus (positive reward) and the failure penalty

(negative reward) encourages the robot to spend more time exploring objects for higher

5Action askwas used only in the ISPY32 experiments, because other exploration behaviors are not as
effective as in ROC36 and CY101.
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success rates, i.e., being risk-averse. We also observed that a very large success bonus
frequently produced optimistic, risk-seeking behaviors, such as reporting before taking any
exploration behaviors. Such discussions point to the research area of reward engineering,
which is a long-standing challenge to researchers working on planning under uncertainty
and reinforcement learning. In this article, the success bonus and failure penalty values are

manually speci ed.

3.7.2 MORC Evaluation

Next, we describe the experiments we conducted to evaluake. We aim to answer

the following questions:

» How doesvioRc perform in ef ciency and accuraéylf MORC is more ef cient and
more accurate than the baselines, then we can alemC's superiority in achieving

the objective of solvingbFFLINE-MEAL problems.

» Can we build a “super” model imoRC? A super model includes all potential at-
tributes into the sequential decision maker. In comparis@rc dynamically con-

structs query-dependent MOMDPs.

The training process aflorc follows the principle of “leave one object out.” In other
words, an object was randomly selected, and all data instances corresponding to the par-
ticular object were excluded in training the classi ers. The excluded object was then used
for evaluating the classi ers' performance. We iterated over all the objects in the experi-
ments for evaluating/ORC in solving OFFLINE-MEAL problems. Speci cally, for dataset

ISPY32 which includes 32 objects, each classi er was trained using 8k 155 data
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samples, where one object was excluded, and each behavior was repeated ve times. For

dataseROC36, there were 35 10= 350 data instances used for training each classi er.

[llustrative Trial of MORC

We now describe an example in which a robot works oroaRLINE-MEAL task. We
randomly selected an object from the ISPY32 dataset: a blue and red bottle full of water.
We then randomly selected attributes, in this caseLow andMETALLIC, and asked the
robot to identify whether the object has each of the attributes or not. The selected object
was not part of the robot's training set used to learn the attribute classi ers and the MOMDP
observation model. The robot should report negative to both attributes while minimizing
the overall cost of exploration behaviors.

Given this user query, the state spacemafiRC includes 25 states. We then generate an
action policy using past work's methods [90]. Currently, building the model takes almost
no time, and we uniformly gave ve seconds for policy generation using the model (same
in all experiments). The time for computing the policy is insigni cant relative to the time
for exploratory behaviors (which is what we are really trying to minimize).

Figure 3.7 shows the belief change in this process. The initial distributions<ovand
Y are[1:0;0:0; ] and[0:25;0:25;0:25;0:25] respectively. The policy suggests [tk
rst. We queried the dataset to make an observatimy-negn this case. The belief over
Y is updated based on this observatifih41; 0:28;0:19; 0:13], where the entries represent
neg-negneg-pospos-negandpos-posespectively. There is a (fully observable) state tran-
sition in X , from Xp to X3, so the belief oveK becomeg0:0;1:0;0:0; ]. Based on the

updated beliefs, the policy suggests takingghshbehavior, which results in anotheeg-
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Figure 3.7: Action selection and belief change in the exploration of a red and blue bottle
full of water usingMORC, given a query of “is this objectELLOW andMETALLIC ?”

negobservation. Accordingly, the belief ovEr is updated t¢0:60; 0:13; 0:22; 0:05], which
indicates that the robot is more con dent that the object is neitlEeL OW nor METALLIC .

After behaviors ofeinitialize, look, push andpush(this rst pushbehavior was unsuccess-

ful, and produced the 0 observation), the belief ov¥elbecomed0:84;0:04;0:12;0:01].

The policy nally suggests reportingeg-neg making it a successful trial with an overall

cost of 167 seconds, which results in an overall reward of 5087= 333 (an incorrect
report would have resulted in667 reward).

Remarks: It should be noted that the classi ers associated with each action and word will
produce an output even in cases where the sensory signals from that action are irrelevant
to the word. For instance, although the sensory signals relevgnisieare haptics and
audio, the rstpushbehavior results in an observationxaLLow. It was “YELLOW:neg”,
because most objects in the prior training set are not yellow. The robot favors behaviors that
distinguish “easy” attributeddok distinguishesreLLow well in this case). If a behavior

is useful, the robot will prefer taking it early. The more the behavior is delayed, the more
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the expected reward is discounted (we use a discount factor of 0.99 in our experiments).

Results of Applying MORC to OFFLINE -MEAL Problems

How doesmoRc perform in ef ciency and accuracy on ROC367?

In each trial, we place an object that has three attributes (color, weight, and content)
on a table and then generate an object description that includes the values of two or three
attributes. This description matches the object in only half of the trials. When two (or
three) attributes are queried, includes four (or eight) states plus ttegmstate, resulting
in S that includes 25 (or 49) states. The other componentsaxc grow accordingly,
given an increasing number of queried attributes.

Experimental results are reported in Table 3.3. Not surprisingly, randomly selecting ac-
tions produces low accuracy. The overall cost is smaller in more challenging trials (all three
attributes are questioned), because in these trials there are relatively fewer exploratory be-
haviors (more attributes produce more reporting actions), making the agent more likely to
take a reporting actioomORC reduces the overall action cost while signi cantly improving
the reporting accuracy. Our performance improvement is achieved by repeating actions as
needed, selecting legal actions (el ,is legal only if the current state ¥) that produce
the most information or have the potential of doing so in the future, and even arbitrar-
ily reporting without “wasting” exploratory behaviors given queries where the exploratory
behaviors are not effective.

How doesmMoORC perform in ef ciency and accuracy on ISPY32? In this set of ex-
periments, a user query is speci ed by randomly selecting one objecN&rattributes

(3 NP 3), on which the robot is questioned. Each data point is an average of 200 trials,
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Table 3.3: Performances efoRrcC and two baseline planners in cost and accuracy on the
ROC36 dataset. Numbers in parentheses denote the Standard Deviations over 400 trials.

NP Method Overall cost (std)  Accuracy
Random 17.56 (30.00) 0.245
2 Prede ned Plus 37.10 (0.00) 0.583
MORC (Ours) 29.85 (12.87) 0.860
Random 10.12 (21.77) 0.130
3 Prede ned Plus 37.10 (0.00) 0.373
MORC (Ours) 33.87 (8.78) 0.903

Figure 3.8: Evaluations of ve action strategies (includmg@Rrc) on the ISPY32 dataset.
Comparisons are made in three categoriesvefall reward(Left), overall exploration cost
(Middle), andsuccess ratéRight).

where we conducted pairwise comparisons over the ve strategies, i.e., the strategies were
evaluated using the same set of user queries. A trial is successful only if the robot reports
correctly on all attributes. It should be noted that most of the contexts are misleading in this
dataset due to the large number of object attributes, so more exploratory behaviors confuse
the robot if the behaviors are not carefully selected.

Figure 3.8 shows the experimental results. The overall reward is computed by subtract-
ing the overall action cost from the reward yielded by the reporting action (either a big
bonus or a big penalty). We do not compute standard deviations in this dataset, because the

diversity of the tasks results in problems of very different dif culties. We cannseec
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Figure 3.9: A “super’MORC framework that models two relevant attributes, and an in-
creasing number of irrelevant attributes (x-axis). Our dynamically learned controllers cor-
respond to the left end of each curve, and model only the relevant attributes. The three
sub gures correspond to three different dimensions for evaluaterall reward(Left),

overall exploration cosf(Middle), andsuccess ratéRight).

consistently performs the best in terms of the overall reward and overall accuracy. When
more attributes are querieORC enables the robot to take more exploratory behaviors
(Middle sub gure), whereas the baselines could not adjust their question-asking strategy
accordingly.

Can we build a “super” model in MORC? The last experiment aims to evaluate the
need for dynamically constructed controllers, answering the quesiian fve build a "su-

per' controller that models all attribute$"AWe constructed MOMDP controllers including

two relevant and an increasing number of irrelevant attributes (i.e., the ones that are not
gueried). Our dynamically learned controllers include only the relevant attributes and cor-
respond to the curves' left ends. Results are shown in Figure 3.9. We can see, the quality
of the generated action policies decreases soon, e.g.,frbf0 to< 25 in reward, when

more irrelevant attributes are includedvioRrc. The right two sub gures show thatorRC

rst tries to achieve higher accuracy by taking more exploration behaviors and then “gives
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up” due to the growing number of irrelevant attributes. The results show the infeasibility
of “super” controllers inmoRcC that model all attributes and justify the need for dynamic

controllers.

3.7.3 MORC-ITRS Evaluation

Regarding the evaluation ®fORC-ITRS for ONLINE-MEAL problems, we aim to an-

swer the following questions:

* How doesvioRC-ITRS perform in ef ciency and accuracy?
* DoesMORC-ITRS outperform baselines for individual attribute?

* How sensitive i31ORC-ITRS to the parameters?

Attributes: In order to select attributes that are learnable given the robot's exploratory
behaviors, evaluations of all attributes in the two datasets were performed prior to the ex-
periments. We sgtP | to 10 and picked the attributes that have enough positive examples
for training and those are most learnable.

Queries: At the beginning of each triaNP was either 1 or 2. At the end of each trial, the
robot is told if the identi cation was correct. In the caseMt = 1, the robot could learn

the attribute's ground-truth value from the human's feedback. In the cali® of 2, the
robot could do so, only if the 2D identi cation was correct.

Batch-based Learning: In both datasets, we randomly split the objects into three sub-
sets of equal sizes. The subsets are used for pretrai®b€), training Obj"@"), and
testing Ob %) respectively. In the pretraining phase, the robot started with a handcrafted

policy where each action is forced to be applied on the queried object once. We collected
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feature instances with labels from those interactions and built a pretraining datéSet
that represents the robot's prior knowledge.

In principle, we do not need a pretraining datase@RC-1TRS. In practice, however,
without a small amount of data for “warm up,” the robot might take a large humber of
interactions with objects for exploration in order to identify object attributes and learn
meaningful observation models. This number is particularly large at the early learning
phase. A practical challenge is that the datasets used in this article can provide only a
limited number of samples for each attribute-behavior pair. As a result, we would have to
reuse the same samples from the dataset when the robot performs the same actions more
thanN times (N = 5 in our case), which is detrimental to the quality of the experiments. To
alleviate this practical issue, we provide a small amount of data for pretraining, though the

ONLINE-MEAL algorithm does not require that.

[llustrative Trials of MORC-ITRS

Table 3.4: Early and late observation models for behgwiess

Early phase Late phase
Not soft Soft Not soft Soft
(Observed) (Observed) (Observed) (Observed)
Not soft (Ground truth) 0.68 0.32 0.82 0.17
Soft (Ground truth) 0.50 0.50 0.20 0.80

From the robot's many trials of the learning experience, we selected two ffiag(
T,), where the robot faced the same object (a Coke can that has attm®ies, EMPTY,
and CONTAINER) and needed to answer the same questlerthis objectsoFT?” From
the dataset, we know that the correct answer should be “no” (the robot did not know it).

T, appeared at the second batch of training, &ndppeared at the ninth. We present both
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trials and explain how the robot performed bettel4in

In Ty (early learning phase), the robot rst performed tloek behavior. Then, the
robot had the following optionggrasp tap, push pokeandpressaccording to Figure 3.5.
Speci cally, for press the confusion matriXQ25e> (shown in Table 3.4) was nearly uni-
form, which is typical in the early learning phase. Among those “less useful” behaviors,
the robot chosgrasp The distribution ovelY was changed from [0.37, 0.63] to [0.46,
0.54], where the entries represent “not soft” and “soft” respectively. Aftess MORC-
ITRS sequentially suggestagtasp lift, hold andhold. Finally, the robot reportedosthat
resulted in a failed trial with a total cost of 55.5 seconds.

In T, (late learning phase), behavipressbecame more useful for identifying attribute
SoFTcompared tdy, as shown in Table 3.4. Fgrasp IE(SOFT,grasp = 0:67 andQZ5>P
was [0.66, 0,33, 0.61, 0.38] (TN, FN, FP, TP), which meant that the robot was experienced
with behaviorgraspand consideredraspwas not as useful ggess Accordingly,MORC-
ITRS suggestegressinstead ofgraspafter takinglook The belief overY changed from
[0.57, 0.43] to [0.67, 0.33]. After onlipok andpress the robot was able to quickly report
neg resulting in a successful trial with a total cost of 22.5 seconds.

From the above two trials (same query and object in different learning phases), we see
how the improved perception model dresssoFT) helped the robot correctly identify

SOFTwWith a low cost.

Results of Applying MORC-ITRS to ONLINE -MEAL Problems

How doesMORC-ITRS perform in ef ciency and accuracy? Figure 3.10 shows the

learning curve for one-attribute and two-attribute identi cation queries evaluated on the
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three datasets, where we conducted experiments over three different strategies (two base-
lines andMORC-ITRS). x-axis is the accumulative cost of all trials at the training phase.
Since the cost is determined by the time required to complete each action, we can regard
the x-axis as training timey-axis re ects the identi cation accuracy at the testing phase.

The proposed method consistently performs better in task completion rate along the whole

training process and achieves higher accuracy than baselines.
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(a) One-attribute queries d8PY 32 (b) Two-attribute queries olSPY32.

(c) One-attribute queries dROC36. (d) Two-attribute queries oROC36.

(e) One-attribute queries dY101. (f) Two-attribute queries o€Y101

Figure 3.10: Time length of conducting exploratory actions in hours, and identi cation
accuracy OONLINE-MEAL tasks, where we compar@bRC-ITRS (ours) to two baseline
strategies includindterative Random LegahndIterative MORC.
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Although we provided the same pretraining data, three curves in the two sub gures (for
each of the three datasets) do not start from the same point. That is because pretraining
data only affects the observation model for the robot, but it is not directly related to the
policy for attribute identi cation. Three strategies have the same observation model but
they use different methods to select exploratory behaviors. As a result, the task-completion
accuracy is not the same for them at the starting pan@iRC-ITRS assigns extra rewards
for exploration at the very beginning of the training phase. It resulted in not only a bigger

cost but also a higher accuracy.

DoesMORC-ITRS outperform baselines for individual attribute? At an exploration

cost budget of 2 hours, we further evaluated the performance of each individual attribute
on CY101 using the three strategies we mentioned, as shown in Figure 3.11, where 10
attributes are ranked by the identi cation accuracy of our method,M@RC-ITRS. The

robot has a higher identi cation accuracy for most of the attributes usiogc-ITRS,

while the Iterative Random Legal baseline produces a relatively weak result compared to
the other two strategies. Attributes suchragsTic, HARD, andEMPTY are more dif cult

to learn since the accuracy is no more than 80% for all three methods. And attributes such
asBLUE, FULL and CONTAINER are easier, where lterativ@ORC and MORC-ITRS both

offer pretty good results.

How sensitive iSMORC-ITRS to the a and b parameters? In Eqn. 3.11, we have two
parametera andb. We conducted experiments on CY101 with differandndb combi-
nations, as shown in Figure 3.12. One observation is that the selectianaratb affect

the performance aflorRc-ITRS. A smalla value leads to a higher identi cation accuracy
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Figure 3.11: Accuracy of attribute identi cation tasks. The attributes (x-axis) are ranked
based orMmORC-ITRS' performance.MORC-ITRS performed the best on seven out of the
ten attributes.

(a) Early (b) Middle (c) Late

Figure 3.12: We empirically evaluated the identi cation accuracieg @RC-ITRS in early
(a), middle (b), and late (c) learning phase using different valuasasfdb, which are two
parameters of our reward shaping approach (Egn. 3.11).

in the beginning, but the accuracy does not improve much when it reaches the middle or
late learning phase. A lowér value encourages the robot to explore no matter whether itis
experienced or not, while a highkrvalue affects the robot to compute the optimal policy.
Thus, wherb is within the middle range, the robot has the best identi cation performance.
We leave the auto-learning of the parameters to future work. Another observation is that the
overall accuracy becomes higher in the middle (Middle) and late (Right) learning phases

than early (Left) learning phase, which is expected and veri es the robustnessraut-
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ITRSto a andb selections.

3.7.4 Real Robot Demonstration oMORC-ITRS

Table 3.5: Behaviors, observations, and belief updates in the demonstration tr@aRaf
ITRS.

Belief

Step Behavior Observation (initial belief: [0.5, 0.5])

1 look pos [0.41, 0.59]
2 grasp pos [0.33, 0.67]
3 lift pos [0.20, 0.80]
4 shake neg [0.83,0.17]
5 shake pos [0.46, 0.54]
6 shake neg [0.94, 0.06]

We have demonstrated the learned action policy using a real robot (UR5e arm from
Universal Robots). It should be noted that the three datasets we used in this research were
collected on robots that are different from the robot in the demonstration. It is a major
challenge in robotics of transferring skills learned from one robot to another. To alleviate
the effect caused by the heterogeneity of robot platforms, after performing each action, we
sampled a data instance from CY101 according2oX , the fully observable component
of the current state.

In the demonstration trial, our robot was given an object — a pill bottle half-full of beans.
The one-attribute query wass‘this objecteMmPTY?” The robot performed a sequence of
exploratory behaviors, as shown in Table 3.5, where we also listed the observation and the
belief after each behavior. For instanceg@sobservation means that the robot perceives
that the object iEMPTY. Figure 5.6 shows a sequence of screenshots of the UR5e robot
completing the task using a learned action policy.

Note that at step 3 in the demonstrated trial, Weis not very useful for identifying

whether the object was empty or not. That was because the training set contained objects
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(a) look (b) grasp (c) lift

(d) shake (e) shake (f) shake

Figure 3.13: A demonstration of the learned action policy. The robot performed six actions
in a row. In the beginning, the robot started with a uniform distribution (it evenly believed
the object can beMPTY or not). After completing the six actions, the belief converged to
“negative” (0.94 probability). Finally, the robot selected a reporting action to report that
the object is NOEMPTY.”

that were of various weights causing a siniifieaction that could not distinguish between
attributes such asMPTY andLIGHT-WEIGHTED. In contrast, theshakeactions produced
a distinctive sound that seemed to be bene cial for leading the robot to a correct identi ca-
tion.

There were drastic changes in the belief after the two shake actions in Steps 5 and 6 in
Table 3.5. At step 5, shake was executed successfully and led the system to the next state.
However, there was uncertainty in the perceived sensory data which caused inaccurate

outputs from the classi er and undesired belief changes from the robot. Intuitively, how the
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belief evolves over time depends on how the robot trusts its actions on different attributes.
When the robot believes an action is useful for detecting an attribute, this action might

cause a drastic change in its belief; otherwise, the beliefs before and after the action might
look similar. In this example, the robot believelakeis useful for detectingmMpPTY, So

the belief updates were signi cant after each of the three consealialesbehaviors.

3.8 Conclusion

In this chapter, we introduce two Multimodal Embodied Attribute LearnimgAL)
problems that both require a robot to compute a policy of leveraging multimodal ex-
ploratory behaviors to identify object attributes. dRFLINE-MEAL problems, the robot is
provided data for learning action-conditioned attribute classi ers, whereas the robot does
not have such data ioNLINE-MEAL domains. Accordingly, we have developed two al-
gorithms called mixed observability robot contrl@drC) and MORC with information-
theoretic reward shaping/ORc-1TRS) for addressingpFFLINE- andONLINE-MEAL prob-
lems respectively.

MORC uses mixed observability Markov decision processes (MOMDPS) to sGimeNE-
MEAL problems, where a robot selects actions for multimodal perception in object explo-
ration tasks. Our approach can dynamically construct a MOMDP model given an object
description from a human user, compute a high-quality policy for this model, and use the
policy to guide robot behaviors (such la®k andshaké toward maximizing information
gain. The dynamically built models moRcC enable the robot to focus on a minimum set
of domain variables that are relevant to the current object and query. Attribute classi ers

in MORC are learned using existing datasets collected with robots interacting with objects
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in the real world. Experimental results show tiva@RC enables the robot to identify ob-

ject attributes more accurately without introducing extra cost from exploratory behaviors

compared to a baseline that suggests actions following a prede ned action sequence.
MORC-ITRS selects exploratory behaviors toward simultaneous attribute classi cation

and attribute identi cation. This algorithm is built amoRrc, and provoides an information-

theoretic reward function for the exploration-exploitation trade offNLINE-MEAL prob-

lems. The proposed method and baseline methods are evaluated using three real-world

datasets. Experimental results show thi@Rrc-ITRS enables the robot to complete at-

tribute identi cation tasks at a higher accuracy using the same amount of training time

compared to baselines.
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4 Grounded Robot Task and Motion Planning

4.1 Introduction

Task and motion planning (TAMP) algorithms and systems have been used for robot
planning at both discrete and continuous levels [91, 1]. Task planners sequence symbolic
actions for guiding the robot's high-level behaviors [92], and motion planners calculate
low-level motion trajectories in continuous spaces [93]. TAMP algorithms aim to bridge
the gap between task planning and motion planning towards enabling robots to ful Il task-
level goals and maintain motion-level feasibility at the same time [94, 95, 96, 97, 98, 99,
100, 101, 102].

One way to categorize TAMP domains is based on if a problem domain requires robot
actions that take relatively short time (e.g., seconds, such as picking up and putting down
objects) or relatively long time (e.g., minutes or even hours as navigating from one location
to another) [103]. In the former type of domains, action feasibility is much more important
to consider than plan ef ciency, since extra plan steps do not add much time to the expected
execution time. On the other hand, this paper is motivated by the latter type of TAMP
domains, wherein it is advantageous to incorporate bbtliency andfeasibility into the
evaluation of plan qualities. Some existing TAMP research incorporates both ef ciency and

feasibility into task-motion planning [103, 98]. However, those methods evaluate feasibility
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Figure 4.1: Our mobile manipulation domain that includes a long banquet table surrounded
by chairs. Given a target location (on the table) to place an object, the robot needs to
navigate to a location from which it can successfully perform the manipulation action,
ideally as quickly as possible (thus preferring the near side of the table when feasible).

in a deterministic way, and rely on prede ned “state mapping functions” for mapping each
symbolic state into feasible poses in continuous space. For instance, to unload an object
to a table, a robot needs to move to the table rst, beside(table)=true , Where
previous TAMP research that we are aware of relies on prede ned feasible poses that are
spatially close to the table to evaluate the truthfulness of the “beside table” statement.

Such prede ned state mapping functions that assume deterministic action feasibility
have at least two de ciencies. First, a prede ned state mapping function is not robust
to dynamic obstacles (e.g., people seated around the table). Second, not all “feasible”
behaviors are equally preferred, e.g., standing far and stretching out to place an object may
be less preferred than standing close to do so. Those observations motivate this work that
learns to evaluate action feasibility for robot task-motion planning.

The main contribution of this work is a visually grounded TAMP algorithm, called
GroundedRObot Task and MotiorPlanning (GROP), that probabilistically evaluates ac-

tion feasibility, and incorporates both feasibility and ef ciency towards maximizing long-
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