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1 ABSTRACT

Robots frequently face complex tasks that require more than one action, where

Sequential Decision Making (SDM) capabilities become necessary. SDM is chal-

lenging because actions and sensor measurements of robots are imperfect, and the

world state can be changed by exogenous factors that are out of the robot’s control.

One of the frameworks that have been used for robot SDM is Partially Observable

Markov Decision Processes (POMDPs) for actively collecting information and ac-

complishing long-term goals under partial observability. However, POMDPs are

not good at leveraging various forms of commonsense knowledge in their decision-

making. Given all the advances in SDM research, there is the need of developing

frameworks that can learn or reason with human knowledge to plan toward achiev-

ing long-term goals. The main contributions of this dissertation are robot SDM

frameworks that leverage various forms of human knowledge to plan under un-

certainty (e.g., partial observability) toward achieving long-term goals. In this

dissertation, we study how learning from labeled datasets and reasoning based on

commonsense knowledge can guide agents to do active information collection under

uncertainty in partially observable domains. We apply our frameworks on tasks

including object property retrieval using sensors of different modality, augment-

ing robots’ knowledge in spoken dialogue systems, estimating human intention in

human-robot interaction tasks, and searching for target objects. The experimental
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evaluations conducted on various problems in this dissertation, demonstrate that

leveraging various forms of knowledge or learning improves robot planning by re-

ducing the information collection cost and increasing success rate in the evaluated

tasks.
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2 INTRODUCTION

Researchers have developed autonomous intelligent mobile robots that can

provide services to people and interact with them. Such robots have been able

to operate in everyday environments over extended periods of time, and travel

long distances that have been impossible before, while providing services, such as

escorting, guidance, and delivery [1, 2, 3, 4, 5]. Such robots require Sequential

Decision Making (SDM) capabilities in order to accomplish complex tasks that

cannot be executed successfully using only one single action. SDM plays a key

role toward robot long-term autonomy, because real-world domains are stochastic,

and a robot must repeatedly estimate the current world state and decide what to

do next. Assuming domains with deterministic action outcomes, SDM can be

done using classical planning [6] methods which generate a sequence of actions,

enabling the agent to reach the goal state. Such systems are usually backed by plan

monitoring methods. However, in practice, it frequently happens that the robot’s

action effects are uncertain due to noisy actuation or unexpected changes in the

environment. It is important to note that in robotic systems, some components of

the state may not be fully observable. For example, a mobile robot might be able

to sense its orientation (e.g., using a compass sensor), but cannot tell its exact

(x, y) coordinates. The robot would need to maintain a belief distribution over

all possible states. Therefore, robots need to sequentially make decisions based

1
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Figure 2.1: There are various ways to do sequential decision-making, but none of
them individually meet the needs in the robotics context, including learning from
past experience, reasoning with contextual knowledge, and planning to achieve
long-term goals.

on the current state (belief) of the world. An agent faces various challenges from

knowledge-based SDM such as the ones arising from multi-sensory perception, and

limited, inaccurate knowledge. My research aims to address those challenges from

the problem of knoweldge-based SDM under partial observability. We will discuss

each challenge, and provide details of our approaches in the following chapters.

Next, we discuss some existing SDM methods, and then we discuss the chal-

lenges of SDM that have motivated our research.

2.1 Sequential Decision Making Methods

There are at least three AI paradigms, namely supervised learning, automated

reasoning, and planning under uncertainty, that can be used for robot SDM, as

illustrated in Figure 2.1. First, a robot can leverage supervised learning meth-

ods to make decisions using the previously collected (multisensory) data, e.g.,

2



by Learning from Demonstration (LfD) of people or other agents [7]. Second,

Knowledge Representation and Reasoning (KRR) methods can be used for deci-

sion making [8]. Those methods include classical planning, inference and diagnosis,

and can be logic-based, or probability-based. Third, planning under uncertainty1

methods support active information collection for goal achievement, e.g., using

decision-theoretic frameworks such as Markov Decision Processes (MDPs) [9] and

Partially Observable Markov Decision Processes (POMDPs) [10].

In order for robots that operate in human-inhabited environments to have long-

term autonomy, their SDM capabilities should at least support applications such as

interaction with humans and identifying their intention and communicating using

natural language. In fact, we use the above mentioned applications as test cases

for our experimental evaluations. All the mentioned paradigms have been studied

extensively in the literature, but there are no existing systematic integrations of

those paradigms. Next, we discuss what our research theme is.

2.2 Research Theme

Each of the three SDM paradigms, namely supervised learning, automated

reasoning, and planning under uncertainty has a long history with rich litera-

ture. Given all the advancements in the mentioned SDM methods, still there are

challenges that need to be addressed:

1. SDM with multisensory perception: When robots execute tasks, they

constantly have to perceive the environment for state estimation. Robots

are often equipped with sensors of different modality such as audio, vision,

1Here we consider the broader definition of planning under uncertainty that also includes
reinforcement learning.
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and proprioception. One challenge for such robots is to incorporate the in-

formation from various modalities toward state (belief) estimation. Learn-

ing multisensory object representations through manipulation has enabled

robots to improve their object recognition skills as well as language ground-

ing by representing predicates that describe the object. For instance, a robot

can look to figure out if an object is “red” using computer vision methods.

However, vision is not sufficient to answer if an opaque bottle is “full” or

not, and behaviors that support other sensory modalities, such as lift and

shake, 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 multimodal exploratory behaviors to identify object

properties.

In Chapter 5, we investigate this problem where service robots receive tasks

from humans in which they have to identify object properties in a query.

Understanding object properties require robots not only to learn what ob-

jects look like but also to discover how they feel, sound, and move as a

result of the robot’s interaction with them. We developed SDM frameworks

to solve the Multi-modal Predicate Identification (MPI) problem, where a

robot selects actions for multi-modal perception in object exploration tasks

under action and perception uncertainty. Our approach could dynamically

construct a planning model given an object description from a human user

(e.g., “a blue heavy bottle”), compute a high-quality policy for this model,

and use the policy to guide robot behaviors (such as “look” and “shake”)

toward maximizing information gain. The dynamically built controllers en-

4



abled the robot to focus on a minimum set of domain variables that are

relevant to the current object and query. The planning perception models

were learned using two existing datasets collected with robots interacting

with objects in the real world. This contribution primarily focused on a

robot exploring objects in a tabletop scenario. We present the details of this

work in Chapter 5.

2. SDM with limited knowledge: Robots need a Knowledge Base (KB) in

order to reason about and plan high-level tasks. However, the KB may not

be comprehensive most of the times, which results in the failure of the task

completion or suboptimal solutions. Another challenge for robot SDM is how

robots can reason about their knowledge deficiency and understand when it

is necessary to augment their knowledge. We investigate this research prob-

lem on robot spoken dialogue systems in Chapter 6. SDM is necessary for

spoken dialog systems as the robot needs to decide what to utter at each

turn given all the challenges and uncertainties from language understand-

ing and generation. In this contribution, we introduced a dialog agent that

simultaneously supports human intention identification and knowledge aug-

mentation through multi-turn dialog. We developed a dual-track POMDP

controller that enabled the agent to conduct dialog and knowledge manage-

ment at the same time. The knowledge management controller reasoned

over the need of augmenting the knowledge base. We present the details of

this work in Chapter 6.

3. Leveraging human knowledge and past experiences for SDM: An-

other challenge for robot SDM is to leverage the complementary features

5



of different existing SDM paradigms. For instance, supervised learning

methods can help an agent decide what to do based on labels of precol-

lected data, and automated reasoning methods are good at following rules

to make decisions. In this dissertation, we consider the paradigms of data-

driven supervised learning and automated common sense reasoning, as well

as how they can be combined with planning under uncertainty methods for

SDM under partial observability. We investigate this challenge in Chap-

ter 7 where a robot needs to identify human intentions to find out if they

are interested to interact with the robot or not. In particular, we utilized

a labeled dataset of human trajectories, some commonsense knowledge to

reason with, and robots’ predefined skills. In this contribution, we devel-

oped a robot SDM framework that integrates supervised learning for passive

state estimation, automated reasoning for incorporating declarative contex-

tual knowledge, and planning under uncertainty for active perception and

task completions. Compared to the previously mentioned contributions, this

contribution leverages both reasoning and learning to guide the POMDPs

agent for SDM under partial observability.

4. Avoiding the curse of dimensionality: Constructing SDM frameworks

requires that the robot has a complete world model, which tends to be in-

feasible in practice and strains the limits of SDM solvers. In particular,

real-world environments frequently include many objects, making it trouble-

some to use any of the SDM frameworks to have a universal representation

of all objects. Also, the complexity of reasoning about these objects and

their relationships grows exponentially as more objects are considered. The
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Figure 2.2: The illustration of how each of our contributions improves the inter-
connection of SDM, knowledge, and the environment

problem that we are concerned with is how to represent and reason with the

knowledge about many objects and their relationships, and how to leverage

the representation and reasoning to guide robot planning. In Chapter 8,

we develop an approach that reasons with contextual information for scene

analysis to enable POMDP-based robot planning. Our method called SARP

is used for object search tasks while avoiding modeling all the objects inside

the task planners.

2.3 Dissertation Organization

In Chapter 3, we provide background information about SDM paradigms and

then in Chapter 4, discuss the works that are related to my dissertation. After-

wards, we explain each of my contributions in Chapters 5, 6, 7, and 8 . Finally,

we briefly summarize the contributions in this dissertation in Chapter 9 and the

future work in Chapter 10. Figure 2.2 presents how each of our contributions
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improves knowledge-based SDM under partial observability.
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3 BACKGROUND

In this section, we provide the background information about this disserta-

tion. The information is about some SDM frameworks including Planning under

uncertainty, Answer Set Programming (ASP), MDPs and POMDPs, as well as,

information about the robotic platforms used in our research experiments.

3.1 Planning under Uncertainty

When world models are provided, agents can use planning methods to reach a

goal state from an initial state. Unlike classical planning methods [6] that output a

sequence of actions, planning under uncertainty methods generate a policy, which

is a mapping from the current state (belief state) to an action toward maximizing

long-term utilities. Planning under uncertainty can be formalized using MDPs

and POMDPs:

3.1.1 Markov Decision Processes

MDP is a tuple (S,A, T,R, γ) where S is the state-space, A is the action space,

T is the transition function, R is the reward function, and γ is the discount factor.

One can use value iteration methods to calculate the state (V values) and state-

action values (Q values) to find the policy π.
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Figure 3.1: A dynamic Bayesian network (DBN) of POMDPs [15].

3.1.2 Partially Observable Markov Decision Processes

Partially observable MDPs (aka POMDPs) [10] generalize MDPs by assuming

partial observability of the current state. A POMDP model is represented as a

tuple (S,A, T,R, Z,O, γ) where S is the state-space, A is the action set, T is the

state-transition function, R is the reward function, O is the observation function,

Z is the observation set and γ is the discount factor that determines the planning

horizon (3.1). An agent maintains a belief state distribution b with observations

(z ∈ Z) using the Bayes update rule:

b′(s′) =
O(s′, a, z)

∑
s∈S T (s, a, s′)b(s)

pr(z|a, b)

where s is the state, a is the action, pr(z|a, b) is a normalizer, and z is an obser-

vation.

One can use the available off-the-shelf solvers [11, 12, 13, 14] to build and

compute a policy.

3.2 Knowledge Representation and Reasoning

Intelligent reasoning is some variety of formal calculation, typically deduc-

tion using first-order logic rules [16]. Representations, function as surrogates for
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abstract notions such as actions, processes, beliefs, causality, and categories, al-

lowing them to be described inside an entity, so that it can reason about them [16].

Knowledge Representation and Reasoning (KRR) is a capability that robots can

use for SDM. It includes classical planning [6], inference, and diagnostic, and

can be logic-based or probability-based. Graphs are another form of knowledge

representation in the form of binary relations connecting objects.

Next, we describe ASP, P-log, and scene graphs which are the tools used for

KRR:

3.2.1 Answer Set Programming

ASP is a declarative non-monotonic KRR formalism [17, 18, 19]. ASP supports

recursive definitions, defaults, and causal relations. Its syntax is defined in terms

of atoms, literals, and rules. An atom is an elementary proposition, such as l,

while a literal is an atom with its negation, such as l and −l. Literal can also be

the default negation of an atom represented by not. For instance, not l means it

is not believed that l is true. A rule consists of head and body. Head is true when

the body is true. A rule is expressed as:

l0, · · · , lk :− lk+1, · · · , lm, not lm+1, · · · , not ln

where li is a literal. A rule without the head is a constraint, and a rule without

the body is a fact. Solving an ASP program results in a number of answer sets.
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3.2.2 P-log

P-log extends ASP by allowing probabilistic rules for quantitative reasoning.

A P-log program consists of the logical and probabilistic parts. The logical part

inherits the syntax and semantics of ASP. The probabilistic part contains pr-

atoms in the form of:

prr(G(η) = w|B) = v

where G(η) is a random variable, B is a set of literals and v ∈ [0, 1]. The pr-atom

states that, if B holds and experiment r is fixed, the probability of G(η) = w is v.

3.2.3 Scene Graphs

Scene graph G is a representation of the semantic content of an image, consist-

ing of a set of bounding boxes B = {b1, ..., bn}, a set of objects V = {o0, o1, · · · },

and a set of binary predicates E = {r0, r1, · · · } [20], where bi ∈ R1×4, and assign-

ing a class label oi ∈ V to each bi. A triplet of object-predicate-object is called

a relationship. Given an image I, the probability distribution of the scene graph

pr(G|I) is decomposed into three components:

pr(G|I) = pr(B|I)pr(V |B, I)pr(E|V,B, I)

where the bounding box component pr(B|I) generates a set of candidate regions

from the input image, pr(V |B, I) predicts the class label for each predicted region,

and pr(E|V,B, I) predicts the predicate among objects, which is conditioned on

the predicted labels.

We will use scene graphs in Chapter 8 to guide the robot POMDP-based
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planner.

3.3 Supervised Learning

Given a labeled dataset of size m, consisting of features xi and labels yi where

i is the index of ith instance, supervised learning methods aim at estimating ŷ

that minimizes the cost function Jθ where θ is the model parameters vector. For

instance, one choice for the cost function would be Jθ =
∑m

1
1
m

(ŷ − y)2. Next, we

describe two of the neural network types of supervised learning.

3.3.1 Convolutional Neural Networks

A Convolutional Neural Network (CNN) comprises convolutional layers fol-

lowed by fully connected layers, as in a standard multilayer neural network. The

basic building blocks of CNN consist of convolutional, pooling, activation, and

fully-connected layers. In a convolutional layer, a filter is passed over an image,

viewing a few pixels at a time. The convolution operation is a dot product of the

original pixel values with weights defined in the filter. Pooling layers are used for

downsampling, and fully-connected layers output a list of probabilities for different

possible labels. The activation layers introduce non-linearity. The architecture of

a CNN is designed to take advantage of the 2D structure of an input image (or

other 2D input such as a speech signal). This is achieved with local connections

and tied weights followed by some form of pooling which results in translation-

invariant features. A benefit of CNNs is that they are easier to train and have

many fewer parameters than fully connected networks with the same number of

hidden units.
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3.3.2 Long Short-Term Memory

Recurrent Neural Networks (RNNs) [21] are a kind of neural networks that

use their internal state (memory) to process sequences of inputs. Given the in-

put sequence vector (x0, x1, ..., xn), at each time-step, a hidden state is produced

that results in the hidden sequence of (h0, h1, ..., hn). Long Short-Term Mem-

ory (LSTM) [22] network is a type of RNN that includes LSTM units. Each

memory unit in the LSTM hidden layer has three gates for maintaining the unit

state: input gate defines what information is added to the memory unit; output

gate specifies what information is used as output, and forget gate defines what

information can be removed (Eq. 3.3.2). LSTMs use memory cells to resolve the

problem of vanishing gradients, and are widely used in problems that require the

use of long-term contextual information, e.g., speech recognition [23] and caption

generation [24].



it = σ(wi[ht−1, xt] + bi)

ft = σ(wf [ht−1, xt] + bf )

ot = σ(wf [ht−1, xt] + bo)

where xt refers to the input at current timestep and ht−1 is the output of the

previous hidden unit. it, ft, and ot denote to input, forget, and output gates,

respectively. The terms of wt, wf , and wo represent weight, and bt, bf , and bo

represent biases.
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Figure 3.2: Segway platform used in our research contributions.

3.4 Robot Platform

We use a Segway-based mobile robot platform, RMP110, for experimental

trials in our research (Figure 3.2). The platform is equipped with a SICK laser

sensor for mapping, localization, and navigation. Astra Orbbec RGB-D camera

is used for human detection and interaction, this camera is used in Chapter 7 to

detect humans using point cloud data. In addition to this monocular camera, the

robot has a 360-vision camera for panaromic view of its environment. We use

this camera in Chapter 8. The robot’s software runs on Robot Operating System

(ROS) [25]. Our implementation is established on the Building Wide Intelligence

codebase that is available to the public on Github [3], where we use functionalities,

such as task planning to help robot compute a sequence of actions given the initial

and goal conditions. These actions include navigating to different rooms, opening

the doors, and going through the doors.
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4 RELATED WORKS

In this chapter, we discuss some of the previous works that leveraged various

forms of knowledge for SDM or used supervised learning methods for SDM. A

survey paper has summarized research on knowledge-based sequential decision

making [26]. Here, we briefly discuss a few of such papers and categorize them

based on the type of knowledge they leveraged in their work.

4.1 Action Knowledge for SDM

People have developed algorithms using action knowledge to guide planning

and Reinforcement Learning (RL) agents. methods [27, 28, 29, 30, 31, 32]. Among

them, Leonetti, Iocchi, and Stone 2016 used a declarative action knowledge to help

an agent select only the reasonable actions in RL exploration. Yang et al. 2018

developed an algorithm called peorl that integrates hierarchical RL with task

planning, and this idea was applied to deep RL by Lyu et al. 2019. Another

work leverages RL to incrementally learn new unknown logical rules to update the

robot’s knowledge base [30]. Recent research has shown that action knowledge

can be used to guide a model-based RL agent by providing an optimistic, artificial

interaction experience to speed up the learning process [33, 34]. Others have

used action knowledge to build a hierarchical robot planner where the higher

level computes a sequence of abstract actions and the lower level implements the
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higher-level actions using primitive behaviors [35].

4.2 Rule-based Commonsense Knowledge to Guide SDM

Researchers have used rule-based commonsense knowledge to guide the robot

planning under uncertainty [36, 37, 38, 39, 40, 41, 42, 35, 43, 44]. An example is

an algorithm that uses first-order logic to construct decision tree policies for goal-

oriented factored POMDPs [45]. Algorithm iCORPP enables a robot to reason

with contextual knowledge to compute parameters of a planning agent’s reward

and transition functions [46]. Others have used commonsense knowledge to guide

a classical planner to reason and plan in open worlds [47, 48].

Hybrid reasoning has been used to reason about world dynamics [46], enabling

planners to generate behaviors that are adaptive to dynamic world dynamics. [35]

developed a refinement-based architecture, where declarative knowledge is used for

task planning and reasoning tasks, such as diagnosis and history explanation, and

high-level deterministic plans are implemented via probabilistic planners. Also,

researchers have studied non-stationary Markov decision processes in which poli-

cies can be updated when there is a change in the world states [43]. There is

a work that has used human-provided declarative information to improve robot

planning under uncertainty [38]. Researchers introduced a framework in which

the agent learns world state transitions via model-based RL, and then incorpo-

rates them into the logical-probabilistic reasoning module [44]. Also, the work by

Lu et al. incorporates multi-modal perception and commonsense reasoning on a

POMDP-based dialog manager to better find human intentions through engaging

in a dialogue [37].
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4.3 Hierarchical Frameworks for Knowledge-based SDM

Researchers have been using hierarchies to construct their framework’s knowledge-

base or planner [35, 49]. In recent work, researchers used a visual hierarchical plan-

ning algorithm for long-horizon manipulation tasks. Their framework integrates

neuro-symbolic task planning and graph-based motion generation on graph-based

scene representations [49]. Their method has two-level abstractions of a manipu-

lation scene, with geometric scene graphs and symbolic scene graphs. To enable

a robot to operate in open-world domains, researchers have developed a three-

layer hierarchy for reasoning about action knowledge and default knowledge [41].

In particular, the knowledge at a higher level was used for correcting lower-level

knowledge to guide probabilistic planning.

4.4 Graph-based Human Knowledge for SDM

Graph-based representations have been used for reasoning with contextual in-

formation to guide robot planning [49, 50, 51]. For instance, researchers have

used Conditional Random Fields [52] to construct contextual knowledge bases for

robot target search by maintaining a belief over the locations of target objects and

landmark objects while exploiting the knowledge of their co-appearances [50].

Other methods were developed to extract prior knowledge from data, e.g.,

using LSTM networks [22], to guide a planning agent in navigating new environ-

ments [51].
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4.5 Knowledge-based RL

When the world model is unavailable, SDM can be realized using RL. Some

works studied how human knowledge can be used to improve the performance of

reinforcement learning (RL) agents [28, 53, 54, 55, 56, 57]. For instance, existing

research has shown that an RL agent is able to reason with action knowledge

to decompose complex tasks into smaller, tractable subtasks [28]. The concept of

reward machines has been introduced for using temporal knowledge toward reusing

interaction experience and creating extra feedback for learning purposes [53].

Researchers have developed algorithms to integrate model-free RL and auto-

mated planning to avoid taking unreasonable actions in exploration. Algorithm

DARLING is perhaps the earliest work that leverages action preconditions and

effects from human knowledge for RL agents to avoid visiting the risky or use-

less state, and has been applied to mobile robot navigation, and the grid world

domains [34]. Researchers have integrated automated planning and Q-learning,

focusing on non-stationary domains under uncertainties [43]. Those algorithms

exploited the flexibility of RL approaches and the accuracy of declarative knowl-

edge from humans. Other algorithms use action knowledge to improve model-free

RL agents’ performance in exploratory behaviors [58, 59].

Planning methods have been used to guide the higher level of hierarchical RL

methods [53, 28, 29, 54, 60, 61]. In those methods, the agents use an action lan-

guage to compute plans to decompose a complex task into a sequence of subtasks,

and each subtask is then implemented by a reinforcement learner. For instance,

the work of Jiang et al. (2019) showed that the introduction of a few milestone

positions at the task level can improve mobile robots’ performance in indoor navi-
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gation tasks. The work of Icarte et al. (2018) built reward machines using temporal

knowledge from domain experts to guide RL agents’ learning behaviors, and also

the reward machine can be learned from trial-and-error experiences [62].

The domain knowledge used in those works significantly improved the learning

efficiency of RL agents. However, designing the hierarchy is frequently difficult,

and many of the hierarchical methods trade optimality for learning efficiency.

Researchers have developed various algorithms for incorporating human su-

pervision into SDM tasks [63, 64]. Among them, Taylor and Borealis surveyed a

few ways of improving robots’ SDM capabilities with supervision (in the form of

demonstration or feedback) from people.

In another work, researchers developed a Refinement-based Acting Engine

(RAE), called UPOM that is capable of learning heuristics for their planning

tree search [65]. In a similar wok, Wells et al. [64] learns a classifier that finds the

feasibility of a motion planner in task and motion planning.

In another work, researchers proposed the algorithm Deep Q-learning from

Demonstrations (DQfD) that used a small set of demonstration data, to help an

RL agent [66]. DQfD initially pretrains solely on the demonstration data using a

combination of temporal difference (TD) and supervised losses. The supervised

loss enables the algorithm to learn to imitate the demonstrator, while the TD

loss enables it to learn a self-consistent value function from which it can continue

learning with RL.

In recent years, [67] used hand-crafted POMDPs to generate data for imitation

learning for vision-based grasping. Their method can learn a policy using a small

amount of data.
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4.6 Cognitive Architectures for SDM

Inspired by human’s sequential decision making capabilities, researchers have

been developing computational frameworks that can mimic human cognitive func-

tionalities at some level. Such efforts have resulted in the development of cognitive

architectures such as Prodigy [68], Icarus [69], ACT-R [70], and Soar [71]. Some

of these architectures are concerned primarily with explaining human cognition,

while others emphasize the construction of intelligent agents.

A cognitive architecture usually consists of: 1) memories for storing knowledge

2) processing units that extract, select, combine, and store knowledge, and 3)

languages for representing the knowledge that is stored and processed. However,

most of these architectures rely on complicated designs, while our research goal

is to develop a general framework that has less intricate design towards better

generalized applications.
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5 SDM WITH MULTIMODAL

PERCEPTION

In this chapter, we discuss how object-centric interactive perception [72] can be

modeled as sequential decision-making (SDM) problems, and how learning from

multi sensory datasets assists the robot to perform SDM under partial observabil-

ity.

5.1 Introduction

Service robots are increasingly present in everyday environments, such as

homes, offices, airports, and hospitals, where a common task is to retrieve an

object for a user. Consider the request, “Please fetch me the red, empty bottle.”

A key problem for the robot is to decide whether a particular candidate object

matches the properties (or predicate) in the request, which we refer to as the

Multi-modal Predicate Identification (MPI) problem.

For certain words (e.g., heavy, soft, etc.), visual classification of the object

is insufficient. The robot would need to perform an action (e.g., lift the object

to determine whether it is heavy or not). Multi-modal perception research has

focused on combining information arising from such multiple sensory modalities.

Given multi-modal perception capabilities, a robot needs to decide which ac-

tions (possibly out of many) to perform on an object, i.e., generate a behavioral
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policy for a given request. For instance, to obtain an object’s color, a robot could

adjust the pose of its camera, whereas sensing the content of an opaque container

requires two actions: grasping and shaking. The robot has to select actions in

such a way that the information gain about object properties is maximized while

the cost of actions is minimized. Sequential reasoning is required in this action

selection process, e.g., a shaking action would make sense only if a grasping action

has been successfully executed. Also, robot perception capabilities are imperfect,

so the robot sometimes needs to take the same action more than once. planning

under uncertainty algorithms aim at computing action policies to help select ac-

tions toward maximizing long-term utility (information gain in our case), while

considering the uncertainty in non-deterministic action outcomes.

MDPs [9] and partially observable MDPs (POMDPs) [10] 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 MOMDP is

a special form of POMDP that accounts for both fully and partially observable

components of the state [73]. In this work, we model the robot MPI problems

using MOMDPs because of the mixed observability of the world that the robot

interacts with (e.g., whether an object is in hand or not is fully observable, but

object properties such as color and weight are not).1

Robot behavioral exploration policies are used for suggesting exploration ac-

tions given the current world state estimation. In this chapter, the robot learns

its policies from the experience of interacting with objects in the real world [74].

1Referring to our model as a MOMDP (as opposed to a POMDP) is not of practical impor-
tance in this work. It is mainly for ease of describing the domain.
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We use datasets that include tens of objects and nearly one hundred properties.

In such domains, it frequently takes a prohibitively long time to compute effec-

tive behavioral exploration policies. To tackle this issue, we dynamically learn

MOMDP-based controllers to model a minimum set of domain variables that are

relevant to current user queries (e.g. “red, empty bottle”). This strategy ensures

a small state set and enables us to generate high-quality robot action policies in

a reasonable time (e.g., ≤ 5 seconds). Our experiments show that the policies of

the learned controllers improve accuracy for recognizing new objects’ properties

while reducing exploration cost, in comparison to baseline strategies that deter-

ministically or randomly use predefined sequences of actions.

5.2 Related Works

Recent research has shown that robots can learn to classify objects using com-

puter vision methods as well as non-visual perception coupled with actions per-

formed on the objects [75, 76, 77]. For example, a robot can learn to determine

whether a container is full or not based on the sounds produced when shaking

the container [78]; or learn whether an object is soft or hard based on the haptic

sensations produced when pressing it [79]. Past work has shown that robots can

associate (or ground) these sensory perceptions with human language predicates

in vision space [80, 81, 82, 83] and joint visual and haptic spaces [84].

Nevertheless, there has been relatively little emphasis on enabling a robot to

efficiently select actions at test time when it is tasked with classifying a new object.

The few approaches for tackling action selection, e.g., [85, 86, 76, 87], assume that

only one target property has to be identified (e.g., the object’s identity in the
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case of object recognition). In contrast, we address the multi-modal predicate

identification (MPI) problem where a robot needs to recognize multiple properties

about an object, e.g., “is the object a red empty bottle?”.

Sequential decision-making frameworks, such as MDPs, POMDPs, and MOMDPs,

can be used for planning under uncertainty toward achieving long-term goals, while

accounting for non-deterministic action outcomes and different observabilities [10,

73]. As a result, these frameworks have been applied to multi-modal predicate

identification (MPI) problems on physical objects in robotics. For instance, hier-

archical POMDPs were used for suggesting visual operators and regions of interest

for exploring multiple objects on a tabletop scenario [88]; the work of Eidenberger

and Scharinger further enabled a robot to actively adjust its position to avoid

occlusions [89]. More recent work used a robotic arm to move objects enabling

better visual analysis [90]. Interaction with objects in these lines of research relies

heavily on robot vision while other sensing modalities, such as audio and haptics,

are not considered.

Behavioral policies for MPI problems have been learned in simulation using

deep reinforcement learning methods [91], where force was directly used in the

interactions with objects. The simulation environment used in that work makes

it possible to run large numbers of trials, but does not establish applicability on

real robots.
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Behavior Modality

color shape deep
look 64 308 4096

audio haptics proprioception
grasp 100 60 20
drop, hold, lift, lower, press, push 100 60

Table 5.1: The number of features extracted from each context (i.e., the combina-
tion of robot behavior and perceptual modality) for one of the datasets (Thoma-
son16) used in our experiments.

5.3 MPI Framework

5.3.1 Multi-modal predicate learning

In this work, the robot learns predicate recognition models using the method-

ology described in [92, 77], briefly summarized here. The robot interacts with

objects using behaviors (e.g., look, grasp, lift) coupled with sensory modalities

(e.g., color, haptics, audio). We refer to a combination of a behavior and modality

as a sensorimotor context (e.g., look-color, lift-haptics, etc.), where C is the set of

all such contexts. Table 5.1 shows the set of sensorimotor contexts for one of the

datasets used in our experiments (discussed in more detail in Section 5), along

with the feature dimensionality for each context. Note that not all modalities are

produced by every behavior – for example, the lift action does not produce color

features while the look action does not produce haptic features.

We connect these feature representations of objects to predicates by learning

discriminative classifiers on the feature spaces for each predicate p ∈ P , the set of

all predicates. For each predicate p, and context c ∈ C, the robot learns a binary

classifier using data points [xci , yi], where xci is the ith feature vector in context

c (e.g., in the look-color context, the feature vector encodes a color histogram of

the object), and yi = true if the predicate p holds true for the object in trial i,
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and false otherwise. We assume that the classifiers’ outputs can be mapped to

probabilities, i.e., a classifier associated with context c for predicate p can estimate

Prcp(yi = true|xci).

Let Cb ⊂ C be the set of sensorimotor contexts associated with behavior b ∈

B. When executing action b, the robot detects a set of feature vectors, Xi (one

vector per each context in Cb), and uses them to query the classifiers associated

with contexts Cb. The probability estimates of the classifiers are combined using

weighted combination and normalized again to compute the final prediction:

Prp(yi = true|Xi) = α×
∑
xci∈Xi

wpc ×Prcp(yi = true|xci)

where α is a normalization constant to ensure the probabilities sum up to 1.0 and

wpc ∈ [0.0, 1.0] is a reliability weight indicating how good the classifier associate

with context c is at recognizing predicate p, as estimated by performing cross-

validation on the training data. In other words, each behavior acts as a classifier

ensemble where each individual classifier’s output is combined using a weighted

combination.

At the end of the training stage, cross-validation at the behavior level is used

to compute the confusion matrix Cb
p ∈ R2×2 for predicate p and behavior b. These

confusion matrices are normalized to compute the True Positive, True Negative,

False Positive, and False Negative rates for each behavior-predicate pair, which are

later used for dynamically constructing controllers. Example confusion matrices

are shown in Figure 5.1. Next, we describe the problem of generating an action

policy when identifying whether a set of predicates hold true for a novel object.
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Action: shake, Predicates: green, heavy and beans

Figure 5.1: Example confusion matrices from one of the datasets (Sinapov14)
showing the TP, FP, TN, and FN rates for three of the predicates when using the
robot’s shake action. The action is good at recognizing heavy due to the rich haptic
feedback produced when shaking an object, somewhat good at recognizing beans
(referring to the objects’ contents) due to the sound produced by the contents,
and poor at recognizing green as no visual input is processed when performing
this action.

5.3.2 MOMDP-based SDM

Behaviors (or actions2), such as look and drop, have different costs and different

accuracies in predicate 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), it is necessary to further consider preconditions and non-

deterministic outcomes of the actions. For instance, shaking and dropping actions

make sense only if a preceding (unreliable) grasping action succeeds.

In this work, we assume action outcomes are fully observable and object prop-

erties are not. For instance, a robot can reliably sense whether a grasping action

is successful, but it cannot reliably sense the color of a bottle or whether that

2The terms “behavior” and “action” are widely used in developmental robotics and sequen-
tial decision-making communities respectively. In this dissertation, the two terms are used
interchangeably.
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bottle is full. Due to this mixed observability and unreliable action outcomes, we

use mixed observability MDPs (MOMDPs) [73] to model the sequential decision-

making problem for object exploration.

A MOMDP is fundamentally a factored POMDP with mixed state variables.

The fully observable state components are represented as a single state variable

x (in our case, the robot-object status, e.g., the object is in hand or not), while

the partially observable components are represented as state variable y (in our

case, the object properties, e.g., the object is heavy or not). As a result, (x, y)

specifies the complete system state, and the state space is factored as S = X ×Y ,

where X is the space for fully observable variables and Y is the space for partially

observable variables.

Formally, a MOMDP model is specified as a tuple,

(X , Y , A, TX , TY , R, Z, O, γ),

where A is the action set, TX and TY are the transition functions for fully and

partially observable variables respectively, R is the reward function, Z is the ob-

servation set, O is the observation function, and γ is the discount factor.

The definitions of A, R, Z, O, and γ of a MOMDP are identical to these

of POMDPs [10], except that Z and O are only applicable to Y , the partially

observable components of the state space. γ is the discount factor that specifies

the planning horizon.
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5.4 Experimental Results

Next, we describe the experiments we conducted to evaluate the proposed

MOMDP-based perception strategy using MPI problems. The goal was to increase

the accuracy in identifying properties of a novel object while reducing the overall

action costs required in this process. In all evaluation runs, the object that needs to

be identified was not part of the robot’s training set when learning the predicate

recognition models or the MOMDP parameters. The following baseline action

strategies are used in experiments, where belief is updated using Bayes’ rule except

for Random:

• Random: Actions are randomly selected from both reporting and legal ex-

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

• Random Plus : Actions are randomly selected from legal exploration actions.

Under an exploration budget, one selects the reporting action corresponding

to y with the highest belief.

• Predefined : An action sequence is strictly followed: ask, look, press, grasp,

lift, lower and drop.3 Under an exploration budget or in early terminations

caused by illegal actions, the robot selects the reporting action that makes

the best sense.

• Predefined Plus : The same as Predefined except that unsuccessful actions

are repeated until achieving the desired result(s).

3Action ask was used only in the Thomason16 experiments, because other exploration
actions are not as effective as in Sinapov14.
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Properties Method Overall cost (std) Accuracy

Random 17.56 (30.00) 0.245
Two Predefined Plus 37.10 (0.00) 0.583

MOMDP (Ours) 29.85 (12.87) 0.860

Random 10.12 (21.77) 0.130
Three Predefined Plus 37.10 (0.00) 0.373

MOMDP (Ours) 33.87 (8.78) 0.903

Table 5.2: Performances of MOMDP-based and two baseline planners in cost
(second) and accuracy on the Sinapov14 dataset. Numbers in parenthesis denote
the Standard Deviations over 400 trials.

Sinapov14 Dataset: 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, Y

includes four (or eight) states plus term state, resulting in S that includes 25 (or

49) states. The other components of the dynamically constructed MOMDPs grow

accordingly, given an increasing number of queried attributes.

Experimental results are reported in Table 5.2. Not surprisingly, randomly

selecting actions produces low accuracy. The overall cost is smaller in more chal-

lenging trials (all three properties are questioned), because in these trials there

are relatively fewer exploration actions (more properties produce more reporting

actions), making the agent more likely to take a reporting action. Our MOMDP-

based multi-modal perception strategy reduces the overall action cost while sig-

nificantly improving the reporting accuracy. Our performance improvement is

achieved by repeating actions as needed, selecting legal actions (e.g., lift is legal

only if the current state is x2) that produce the most information or have the po-

tential of doing so in the future, and even arbitrarily reporting without “wasting”

exploration actions given queries where the exploration actions are not effective.
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Figure 5.2: Evaluations of five actions strategies on the Thomason16 dataset.
Comparisons are made in three categories of overall reward (Left), overall explo-
ration cost (Middle), and success rate (Right).

Thomason16 Dataset: In this set of experiments, a user query is specified

by randomly selecting one object and N properties (1 ≤ N ≤ 3), on which the

robot is questioned. Each data point is an average of over 200 trials, where we

conducted pairwise comparisons over the five 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 properties. It should be noted that most of the contexts are

misleading in this dataset due to the large number of object properties, so more

exploration actions confuse the robot if the actions are not carefully selected.

Figure 5.2 shows the experimental results. The overall reward is computed by

subtracting 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

difficulties.

We can see our MOMDP-based strategy consistently performs the best in terms

of the overall reward and overall accuracy. When more properties are queried,

the MOMDP-based controllers enable the robot to take more exploration actions
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Figure 5.3: A “super” MOMDP that models two relevant plus increasing irrelevant
properties, in comparison to our dynamically learned controllers that model only
the relevant predicates and correspond to the left end of each curve.

(Middle subfigure), whereas the baselines could not adjust their question-asking

strategy accordingly.

The last experiment aims to evaluate the need of dynamically constructed con-

trollers, answering the question “Can we build a ‘super’ controller that models all

properties?” We constructed MOMDP controllers including two relevant and an

increasing number of irrelevant properties (i.e., the ones that are not queried).

Our dynamically learned controllers include only the relevant properties and cor-

respond to the curves’ left ends. Results are shown in Figure 5.3. We can see,

the quality of the generated action policies decreases soon, e.g., from > 150 to

< 25 in reward (what we try to maximize), when more irrelevant properties are

included in the controllers. The right two subfigures show that the controllers first

try to achieve higher accuracy by taking more exploration actions and then “give

up” due to the growing number of irrelevant properties. The results show the

infeasibility of “super” controllers that model all properties and justify the need

of dynamic controllers.
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5.5 Summary of SDM with Multimodal Perception

We investigate using mixed observability Markov decision processes (MOMDPs)

to solve the multi-modal predicate identification (MPI) problem, where a robot

selects actions for multi-modal perception in object exploration tasks. Our ap-

proach can dynamically construct a MOMDP model given an object description

from a human user (e.g., “a blue heavy bottle”), compute a high-quality policy

for this model, and use the policy to guide robot behaviors (such as “look” and

“shake”) toward maximizing information gain. The dynamically built controllers

enable the robot to focus on a minimum set of domain variables that are relevant

to the current object and query. The MOMDP perception models are learned

using two existing datasets collected with robots interacting with objects in the

real world. Experimental results show that our object exploration approach en-

ables the robot to identify object properties more accurately without introducing

extra cost from exploration actions compared to a baseline that suggests actions

following a predefined action sequence.
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6 SDM WITH KNOWLEDGE

ACQUISITION

In this chapter, we discuss a robot knowledge acquisition approach through

robot SDM. In particular, the robot constructs a statistical dialog manager using

SDM methods, and augments its knowledge base via human-robot dialog.

6.1 Introduction

Mobile robots have been extensively used to conduct tasks, such as guidance

and object delivery, in the real world. Notable examples include the Amazon ware-

house robots and the Relay robots from Savioke. However, these robots either work

in human-forbidden environments, or have no interaction with humans except for

obstacle avoidance. Researchers are developing mobile robot platforms that are

able to interact with people in every day, human-inhabited environments [3, 1, 93,

2]. Some of the robot platforms can learn from the experience of human-robot in-

teraction (HRI) to improve their language skills, e.g., learning new synonyms [94],

but none of them learn entirely new entities. This work aims at a multitask

dialog management problem, where a robot simultaneously identifies service re-

quests through human-robot dialog and learns new entities from this experience

to augment its internal knowledge base (KB).

A robot dialog system typically includes at least three components for lan-
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Figure 6.1: Our dialog agent is implemented and deployed on a Segway-based
mobile robot platform (front and back).

guage understanding: state tracking, dialog management, and language synthesis.

Our dialog agent includes the four components by further supporting dialog-based

knowledge augmentation. Our dialog system is goal-oriented, and aims at maxi-

mizing information gain. In this setting, people prefer dialog agents that are able

to accurately identify human intention using fewer dialog turns.

Goal-oriented dialog systems are necessary for language-based human-robot

interaction because, in most cases, people cannot fully and accurately deliver

information using a single dialog turn. Consider a service request of “Robot,

please deliver a coffee to the conference room!” It is possible that the robot does

not know which conference room the speaker is referring to, in which case it is

necessary to ask clarification questions such as “Where should I deliver a coffee?”

in order to perform the correct action. To further identify the service request, the

robot might want to ask about the recipient as well: “For whom is the delivery?”

Although such goal-oriented dialog systems have been implemented on robots,
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few of them can learn to improve their language capabilities or augment their KB

from the experience of human-robot conversations in the real world (details in

Section 6.2).1

This chapter focuses on dialog-based robot knowledge augmentation, where

the agent must identify when it is necessary to augment its KB and where in the

KB to do that, as applied to our Segway-based mobile robot shown in Fig. 6.1. In

this chapter, we develop a dual-track dialog manager to help the agent maintain

a confidence level of how well the current dialog is being supported by the KB,

and accordingly decide to whether to augment its KB or not [95]. After the agent

becomes confident that new entities are necessary so as to make progress in the

dialog, it decides where in the KB to add a new entity (e.g., a new item or a new

person is being referred to by the user) by analyzing the flow of the dialog. As a

result, our dialog agent is able to decide both when and how to augment its KB

in a semantically meaningful way.

Our dialog system has been evaluated in simulation and in the real world.

Results show that our dialog system performs better in service request identifica-

tion (both efficiency and accuracy), in comparison to baselines that use predefined

strategies. Human-subject experiments suggest that our knowledge augmentation

component improves user experience as well.

6.2 Related Works

Researchers have developed algorithms for learning to interpret natural lan-

guage commands [96, 97, 98]. Recent research enabled the co-learning of syntax

1In comparison, there are dialog agents that aim at maximizing social engagement and prefer
extended conversations, e.g., Microsoft XiaoIce, which are beyond the scope of this work.
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and semantics of spatial language [99, 100]. Although the systems support the

learning of language skills, they do not have a dialog management component

(implicitly assuming perfect language understanding), and hence do not readily

support multi-turn communications.

Algorithms have been developed for dialog policy learning [101, 9, 102]. Recent

research on Deep RL has enabled dialog agents to learn complex representations

for dialog management [103, 104]. The systems do not include a language parsing

component. As a result, users can only communicate with their dialog agents

using simple or predefined language patterns.

Mobile robot platforms have been equipped with semantic parsing and dialog

management capabilities. After a task is identified in dialog, these robots are able

to conduct service tasks using a task planner [93, 36, 37]. Although these works

enable a robot to identify human requests via dialog, they do not enable learning

from these experiences.

Dialog agents for mobile service robots have been developed for identifying

service tasks such as human guidance and object delivery [94, 105]. A dialog

manager suggests language actions for asking clarification questions, and the agent

is able to learn from human-robot conversations. These methods focus on learning

to improve an agent’s language capabilities, but do not augment its knowledge

base in this process (i.e., only pre-defined people, objects, and environmental

locations can be reasoned about by the robot). This work builds on the dialog

agent implemented by [94], and introduces a dual-track dialog-knowledge manager

and a strategy for augmenting the robot’s knowledge base.

There are other dialog agents that specifically aim at knowledge augmentation
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Figure 6.2: A pictorial overview of our dialog system, including a hybrid parser
for language understanding, and two management tracks for knowledge base (KB)
and dialog respectively.

through human-robot dialog [106, 107]. An instructable agent is able to learn

new concepts and new procedural knowledge through human-robot dialog [108].

Recent work enabled a mobile robot to ground new concepts using visual-linguistic

observations, e.g., to ground new word “box” given a command of “move to the

box” by exploring the environment and hypothesizing potential new objects [109].

These agents are able to augment their knowledge bases through language-based

interactions with humans. However, their dialog management components (if

any) do not model the noise in language understanding. Researchers developed a

robot dialog system that focuses on situated verb semantics learning [110]. Their

dialog agent uses RL to learn a dialog management policy, and uses a semantic

parser to process natural language inputs. A recent paper surveyed research on

robot learning new tasks through natural language and action demonstration [111].

These works focused on learning the semantics of verbs, limiting the applicability

of their knowledge augmentation approach. A recent work focuses on planning

with open-world knowledge by reasoning about hypothetical objects while we focus
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more on modeling the language uncertainty [47].

Our dialog agent is the first that together: 1) processes language inputs us-

ing a semantic parser to understand users’ service requests, 2) leverages a dialog

manager to account for the unreliability from the parser, and 3) augments its

knowledge base using a knowledge manager.

6.3 Dialog-based Knowledge Augmentation Framework

In this section, we present our dialog agent that integrates a decision-theoretic

dialog manager, and an information-theoretic knowledge manager, as illustrated

in Fig. 6.2.

6.3.1 Dialog and Knowledge Management

Markov decision process (MDP) is a general sequential decision-making frame-

work that can be used for planning under uncertainty [9]. POMDPs [10] generalize

MDPs to situations where ground truth world knowledge is fuzzy. POMDPs have

been used for dialog management [112], where the intentions of the interlocutors

are latent. There are two interleaved control loops in our dialog agent, resulting in

a dual-track controller. One track focuses on maintaining the dialog belief state,

and suggests language actions to the agent. The other focuses on maintaining

the belief of the current knowledge being (in)sufficient to complete the task, and

suggests knowledge augmentation.

Our dialog agent is implemented on a mobile service robot that communicates

with human users using natural language to identify service tasks in the form of

< task, item, recipient >
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where the agent must efficiently and accurately identify the service request (with

unreliable language understanding capabilities) while augmenting KB on an as-

needed basis.

Dialog Management Track

The dialog management POMDP includes the following components:

• S : {ST×SI×SR} ∪ term, where ST is the set of task types (delivery and

guidance in our case), SI is the set of items used in the task, SR is the set

of recipients of the delivery, and term is the terminal state.

• A : AW ∪AC ∪AR is the action set. AW consists of general “wh” questions,

such as “Whom is this delivery for?” and “What item should I deliver?”.

AC includes confirming questions that expect yes/no answers. Reporting

actions AR return the estimated human requests.

• T : S×A×S ′→ [0, 1] is the state-transition function. In our case, the dialog

remains in the same state after question-asking actions, and reporting actions

lead transitions to term deterministically.

• R : S × A→ IR is the reward function. The reward values are assigned as:

R(s, a) =



rC , if s ∈ S, a ∈ AC

rW , if s ∈ S, a ∈ AW

r+, if s ∈ S, a ∈ AR, s� a

r−, if s ∈ S, a ∈ AR, s⊗ a
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where rC and rW are the costs of confirming and general questions, in the

form of negative, relatively small values; r+ is a big bonus for correct reports;

and r− is a big penalty (negative) for incorrect reports.

• Z : ZT ∪ ZI ∪ ZR ∪ {z+, z−} is the set of observations, where ZT , ZI and

ZR include observations of task type, item, and recipient respectively. z+

and z− correspond to “yes” and “ no”. Our dialog agent takes in observa-

tions as semantic parses that have correspondence to elements in Z. Other

parses, including the malformed ones, produce random observations (de-

tailed shortly).

• O : S × A × Z ∪ inapplicable is the observation function that specifies the

probability of observing z ∈ Z in state s ∈ S, after taking action a ∈

A. Reporting actions yield the inapplicable observations. Our observation

function models the noise in language understanding, e.g., the probability

of correctly recognizing z+ (“yes”) is 0.8. The noise model is heuristically

designed in this work, though it can be learned from real conversations.

Solving this POMDP generates a policy π, which maps a belief to a language

action (a ∈ A) that maximizes long-term information gain.

Knowledge Management Track

In addition to the dialog management POMDP, we have a knowledge manage-

ment POMDP that monitors whether the agent’s knowledge is sufficient to support

estimating human intentions. The knowledge management POMDP formulation

is similar to that for dialog management but includes entities for unknown items

and recipients. The components of the knowledge management POMDP are:
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• S+ :S∪{(sT , sI , ŝR) | ∀sT ∈ST ,∀sI ∈SI}∪{(sT , ŝI , sR) | ∀sT ∈ST ,∀sR∈SR}

the set of states. It includes all states in S along with the states correspond-

ing to new entities that correspond to an unknown item ŝI and an unknown

recipient ŝR;

• A+ : A ∪ {âI , âR} ∪ ÂR the set of actions including the actions in A, two

actions (âI and âR) for confirming the unknown item and recipient, and ÂR,

reporting actions that correspond to the states in S+;

• Z+ = Z ∪ {ẑI , ẑR} the augmented observation set, including ẑI and ẑR for

unknown item and recipient.

Transition and observation functions are generated accordingly and hence not

listed.

At runtime, we maintain belief distributions for both tracks of POMDPs. Be-

lief b of dialog POMDP is used for sequential decision making and dialog manage-

ment, and belief b+ of knowledge POMDP is only used for language augmentation

purposes, i.e., determining when it is necessary to augment the KB. When obser-

vations are made (observation z ∈ Z), both beliefs are updated using the Bayes

update rule [10]. In our dialog system, observations are made based on the lan-

guage understanding using a semantic parser.

The dual-track controller identifies the first contribution of this work. We

use a dual-track, instead of merging them to unify the action selection process,

because the knowledge track is only used for the purpose of maintaining beliefs

(not for action selection), and modeling the uncertainty of unknown entities in

a single controller will result in unnecessarily long dialogs. Separating the two

tracks reduces the learning complexity of the entire framework.
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Figure 6.3: An example of parsing a service request sentence using CCG semantic
parsing and λ calculus.

6.3.2 Language Understanding

In order to understand natural language and make observations for POMDPs,

we use a semantic parser that builds on the Semantic Parsing Framework (SPF)

described in [113]. The input of the semantic parser is natural language from

human users, and the output is a list of possible parses for a given sentence.

Using the semantic parser, the request in natural language is transformed to a

formal representation compatible with the robot’s internal KB.

Figure 6.3 shows an example of the parser recognizing a sentence. It can reason

over the ontology of the known words when it parses a sentence, e.g., james:pe and

coffee:it. The dialog manager can use this information to translate from words to

the corresponding observation for the question asked by the robot. If the language

understanding fails (e.g., producing parses that are malformed or do not comply

with the preceding questions), then a random observation from Z will be made for

the unknown part of the request (introducing enough entropy to move the dialog
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along).

6.3.3 Domain Knowledge Representation

We use Answer Set Prolog (ASP) [8], a declarative language, for knowledge

representation. The agent’s knowledge base (KB), in the form of an ASP program,

includes rules in the form of:

l0 ← l1, · · · , ln, not lk, · · · , not ln+k

where l’s are literals that represent whether a statement is true. The right side of

a rule is the body, and the left side is the head. The not symbol is called default

negation, representing no evidence supporting a statement.

The KB of our agent includes a set of entities in ASP: {alice, sandwich, kitchen,

office1, delivery, · · · }, where delivery specifies the task type. A set of predicates,

such as {recipient, item, task, room}, are used for specifying a category for each

object. As a result, we can use ASP rules to fully specify tasks, such as “deliver

a coke to Alice”:

task(delivery).

item(coke).

recipient(alice).

One can easily include more information into the ASP-based KB, such as

rooms, positions of people, and a categorical tree of objects. Robot’s KB is built

on a lexicon that is a collection of information about the words of a language about
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Figure 6.4: In this example, the user requested a Pop to a novel recipient, Dennis.
The dialog agent understood Pop, but not Dennis (Turn 0), and it mistakenly
observed Alice as the recipient. The user denied Alice (Turn 1), and confirmed
pop (Turn 2). The conversation continued, as our dialog agent kept trying to
identify the recipient, until the number of EFs crossed a threshold (5 in this case)
in Turn 8. Accordingly, Dennis was added into the KB as a new recipient entity.
The agent continued asking clarification questions while being aware of Dennis,
until the dialog manager suggested the correct reporting action and delivers pop
to Dennis. Although the clarification question may frustrate the human, it makes
the robot more confident in estimating human request.

the lexical categories. This ASP-based KB can be used for query responding and

task planning purposes, where the query and/or task are specified by our dialog

agent.

6.3.4 Algorithm for Knowledge Augmentation

We define a few functions before introducing the main algorithm for simultane-

ous dialog management and knowledge augmentation. We use entropy to measure

the uncertainty level of the agent’s belief distribution:

H(b) = −
n−1∑
i=0

b(si) · log b(si)

When the agent is (un)confident about the state, the entropy value is (high) low.

In particular, a uniform belief distribution corresponds to the highest entropy

level. We use entropy for the following two purposes in our algorithm.
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I) Rewording Service Request If the belief entropy is higher than threshold

h (meaning the agent is highly uncertain about the dialog state), we encourage

the human user to state the entire request in one sentence. Otherwise, the dialog

manager decides the flow of the conversation.

II) Entropy Fluctuation We introduce the concept of entropy fluctuation

(EF):

f(b) =sign
(
H(b[1])−H(b[0])

)
⊕

sign
(
H(b[2])−H(b[1])

)

where b is a belief queue that records dialog beliefs of the last three dialog turns,

f(b) outputs true, if there is an EF in the last three beliefs (i.e., entropy of the

second last is the highest or lowest among the three), and ⊕ is the xor operator.

Algorithm for Dialog-Knowledge Management Algorithm 1 shows the

main operation loop of the dialog system. M and M+ are models for dialog-

track and knowledge-track control respectively; τb is a probability threshold; h is

an entropy threshold; and ∆ is a threshold over the number of EFs.

The algorithm starts by initializing the two beliefs with uniform distributions.

δ, which counts the number of EFs, is initialized to 0. If the marginal probability

over ŝR (or ŝI) of knowledge belief b+ is higher than threshold τb, or the number

of EFs is higher than ∆, we add a new entity into the KB. If the entropy of dialog

belief is higher than h, then the agent asks for rewording the original service re-
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Algorithm 1 Dialog-based Knowledge Augmentation

Require: M,M+, τb, h,∆, and a POMDP solver
1: Initialize b, b+ with uniform distributions
2: Initialize EF counter δ ← 0
3: Initialize queue b of size 3 with {b, b, b}
4: repeat
5: if

∑
sR=ŝR b

+
(
s(sT , sI , sR)

)
>τb then

6: Add a new recipient entity in KB
7: else if

∑
sI=ŝI b

+
(
s(sT , sI , sR)

)
>τb then

8: Add a new item entity in KB
9: else if δ>∆ then

10: Add (item or recipient) entity that is more likely
11: end if
12: if f(b) is true then
13: δ ← δ + 1
14: end if
15: if H(b) > h then
16: a← “Please reword your service request”
17: else
18: a← π(b)
19: end if
20: o← parse(human response)
21: Update b based on observation o and action a
22: b.enqueue(b)
23: if a ∈ AC then
24: Update b+ based on observation
25: end if
26: until s is term
27: return the request based on the last (reporting) action, and the (possibly

updated) knowledge base.

quest. Otherwise, we use the dialog POMDP to maintain the dialog flow. Finally,

the knowledge belief is only updated by confirming questions, which can invalidate

the agent hypothesis of unknown entities. The algorithm returns the request and

the updated knowledge base. When adding a new entity, the agent explicitly asks

the user to help specify the name of the unknown item (or person). The KB is

updated along with the robot’s lexicon for the semantic parser. The index for

the unknown item or person is associated with the new entry. We utilized two

functions to calculate the parameters τb and ∆:
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τb(|KB|) =
1

1 + e−
⌊√
|KB|

⌋− 1⌊√
|KB|

⌋

∆(|KB|) = max(0,
⌊√
|KB|

⌋
)

With the new knowledge added to KB, POMDPs are dynamically constructed

so that the dialog can continue seamlessly, and the belief b is replaced with reini-

tialized b+. Fig. 6.4 illustrates an example dialog.

6.4 Experimental Results

We have evaluated our dialog agent both in simulation and with human partic-

ipants. When the user verbalizes the entire request, the agent receives a sequence

of three (unreliable) observations on task, item and recipient in a row. Unreliable

language understanding is modeled in POMDP observations, e.g., the agent can

correctly recognize “coffee” with probability (0.8 in our case), and this probabil-

ity decreases given more items in the KB. The reward of confirming questions is

RC =−1.0, and the reward of wh-questions is RW =−1.5. The above settings were

shared in experiments both in simulation and with human participants. POMDPs

are solved using an off-the-shelf system [11].

Experiments were mainly designed to evaluate the following hypotheses: Our

algorithm is able to I) Efficiently and accurately identify whether there is the

need for KB augmentation or not, in case there is the need; II) Augment KB with
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Table 6.1: F1 Score of KB Update Given Different KB Sizes

Agent KB Size F1 Score (std.)

Dual Track Manager 0.79 (0.020)
Baseline I

17
0.59 (0.030)

Baseline II 0.61 (0.017)

Dual Track Manager 0.77 (0.025)
Baseline I

26
0.52 (0.016)

Baseline II 0.66 (0.007)

Dual Track Manager 0.62 (0.011)
Baseline I

37
0.47 (0.019)

Baseline II 0.46 (0.022)

higher F1 score under the noise in language understanding; and III) Both augment

KB and recognize human intention in the service request with higher success rate

while minimizing QA cost.

We compared our algorithm with two learning baselines that use predefined

strategies to update their KB: Baseline-I augments KB only when the marginal

probability of ŝR (ŝI) reaches τb, and Baseline-II augments KB only when the

number of EF δ reaches threshold ∆.

Evaluation metrics used in the experiments consist of: QA cost, the total cost

of QA actions; Accuracy, in an accurate trial, robot correctly identifies its KB

entity inadequacy; Success rate, where a trial is deemed successful, if the service

request is correctly identified and (if needed) the KB is correctly augmented;

and Dialog reward, where QA cost and bonus/penalty are considered together.

Focusing on the knowledge augmentation accuracy, we also use F1 score as a

harmonic average of precision and recall in evaluation.
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Figure 6.5: Our dialog agent (Shown in •) is able to detect the need of KB
augmentation with higher accuracy in fewer dialog turns compared to baselines.
Covariance error ellipses were calculated for 5 batches for each domain size. The
numbers next to data points denote the KB size.

6.4.1 Experiments in Simulation

To evaluate each of the hypotheses, we simulated 3,000 trials over various

domain sizes. In each trial, a task, an item, and a recipient are sampled. |KB| is

all possible combinations of item/recipient plus the terminal state. For instance,

|KB| = 17 corresponds to a domain with 1 task, 4 items, and 4 recipients. In

the first experiment, we evaluated KB update accuracy versus the dialog turn

in which the KB update has occurred (Hypothesis-I). Our algorithm consistently

detects the need for KB augmentation earlier (fewer dialog turns) and with higher

accuracy while baselines require longer conversations to figure out if they need a

KB update (Fig. 6.5).

We further evaluated whether the entity added to KB matches with the hu-

man intention or not (Hypothesis-II). As presented in Table 6.1, our algorithm
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Figure 6.6: Comparison between our agent and baselines in terms of both dialog
and knowledge management.

consistently maintains a higher F1 score in comparison to other baseline agents in

the medium-sized KB. Finally, we evaluated how our algorithm is capable of both

correct KB augmentation as well as correct execution of the task (Hypothesis-III).

Figure 6.6 shows that, our agent consistently maintains higher dialog reward while

achieving lower QA cost and higher overall success. As the domain size increases,

the agent gives up asking further questions that results in lower overall success

and reward.

6.4.2 Experiments with Human Participants

Twelve students of ages 19-30 volunteered to participate in an experiment

where they asked the robot to conduct delivery tasks using the items and recipients

shown in Fig. 6.7. Two items and two recipients in the lists were unknown to the

robot, resulting in about 49% (i.e., 1− 5
7
× 5

7
) of the service requests not requiring

knowledge augmentation. The participants were not aware of this setting, and

arbitrarily chose any item-recipient pair to form a delivery task. Each participant

conducted the experiment in two (randomly ordered) trials, where the robot used

our dialog agent and a baseline agent with a static KB respectively.
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Figure 6.7: Left: A user is interacting with our robot. Right: Items and recipients
used for specifying delivery tasks.

By the end of each dialog, each participant filled out a survey form that includes

prompts: Q1, Task is easy to participants ; Q2, Robot understood participant ; Q3,

Robot frustrated participant ; Q4, Participant will use the robot in the future. The

response choices range from 0 (Strongly disagree) to 4 (Strongly agree). Fig. 6.8

shows results from the survey papers, and Table 6.2 shows the average scores. At

the 0.1 confidence level, our dialog agent performed significantly better in response

for Q3 (frustrated) and Q4 (usefulness). There is no significant difference observed

in responses to the other two questions.

Mechanical Turk Experiment Experiments have been conducted with 103

human participants via MTurk. The setup was the same as the robot experiment,

except that we used a more challenging baseline. The baseline agent augments

its KB after a fixed number of N dialog turns (N = 8 in our case). Each worker

participated in only one trial (using our agent or the baseline, randomly selected).
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Figure 6.8: Results of survey papers from participants, including four statements
with Likert-scale responses.

At a confidence level of 0.1, we found our agent to use significantly fewer dialog

turns and achieve a significantly higher success rate on average. Despite the quan-

titative improvements, there was no significant difference observed from the scores

collected from the survey prompts.2

Table 6.2: Results of the human participant experiment.

Q1 Q2 Q3 Q4

Our dialog agent 3.42 2.50 1.50 2.50

A baseline agent with static KB 3.33 1.83 2.17 1.75

An Example Trial on a Mobile Robot Table 6.3 shows the dialog in a

human-robot trial.3 The semantic parser failed to correctly parse the request,

2This could be because the testing domain is static and relatively simple, in the sense of
the numbers of items and people. Additionally, MTurk workers are less invested in qualitative
feedback than human users in the presence of a real robot.

3The agent was implemented using Robot Operating System (ROS) [25].
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because it did not know the meaning of get. As a result, the dialog agent made

a random guess that is “Alice requesting hamburger”. The robot asked again for

clarification on what it should deliver. The user responded “coffee”, making the

robot confused between coffee and hamburger. The robot asked for confirmation

about “hamburger”, and got denied by the user. Although the user was explicitly

guided to specify the recipient by names provided in Figure 6.7, this participant

used “me”, an unknown word to the robot. When the robot heard “Nate” the

first time, it could not understand, and mistakenly interpreted it as “Ellen”. As a

result, the agent confirmed “Ellen”, and got denied. After the negative responses,

it added (Nate) to its KB, and became confident about the request.

6.5 Summary of SDM with Knowledge Acquisition

We introduced a dialog agent that simultaneously supports human intention

identification and knowledge augmentation on an as-needed basis. Experiments

show that our dual-track POMDP controller enables the agent to simultaneously

conduct dialog and knowledge management. In comparison to a baseline that

augments its knowledge base after a fixed number of turns, our dialog agent con-

sistently produces higher overall dialog success. Experiments with human par-

ticipants show that our agent is more successful in augmenting knowledge and

estimating human intention, and people are more willing to use our system.
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Table 6.3: An example dialog from a human participant.

Robot
Hu-
man

How can I help you?
Get me
coffee

What item should I bring? Coffee
Do you want me to deliver
hamburger?

No

Who should I bring the item
to?

Nate

Is this delivery for ellen? No
It seems I do not know the
person you are talking about.
Please write their name so I
can learn it.

Nate

Who should I bring the item
to?

Nate

Is this delivery for Nate? Yes
What item should I bring? Coffee

Execute: Robot brings coffee for Nate; the dialog is over.
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7 SDM WITH COMMONSENSE

REASONING

In this chapter, we discuss in detail why leveraging supervised learning and

reasoning methods would assist the robot to do SDM under uncertainty.

7.1 Introduction

Mobile robots have been able to operate in everyday environments over ex-

tended periods of time, and travel long distances that have been impossible be-

fore, while providing services, such as escorting, guidance, and delivery [1, 2, 3].

Sequential decision-making (SDM) plays a key role toward robot long-term au-

tonomy, because real-world domains are stochastic, and a robot must repeatedly

estimate the current world state and decide what to do next.

There are at least three AI paradigms, namely supervised learning, automated

reasoning, and planning under uncertainty, that can be used for robot SDM. Each

of the three paradigms has a long history with rich literature. However, none of

the three completely meet the requirements in the context of robot SDM. First, a

robot can use supervised learning to make decisions, e.g., to learn from the demon-

strations of people or other agents [7]. However, the methods are not designed

for reasoning with declarative contextual knowledge that is widely available in

practice. Second, knowledge representation and reasoning (KRR) methods can be

57



used for decision making [8]. However, such knowledge can hardly be comprehen-

sive in practice, and robots frequently find it difficult to survive from inaccurate or

outdated knowledge. Third, planning under uncertainty methods support active

information collection for goal achievement, e.g., using decision-theoretic frame-

works such as MDPs [9] and partially observable MDPs (POMDPs) [10]. However,

the planning frameworks are ill-equipped for incorporating declarative contextual

knowledge.

In this chapter, we develop a robot SDM framework that enables the simul-

taneous capabilities of learning from past experiences, reasoning with declarative

contextual knowledge, and planning toward achieving long-term goals [39]. Specif-

ically, we use long short-term memory (LSTM) [22] to learn a classifier for pas-

sive state estimation using streaming sensor data, and use commonsense reasoning

and planning under uncertainty COmmonsense Reasoning and Probabilistic Plan-

ning (CORPP) [36] for active perception and task completions using contextual

knowledge and human-robot interaction. Moreover, the dataset needed for super-

vised learning can be augmented through the experience of active human-robot

communication, which identifies the second contribution of this work. The result-

ing algorithm is called learning-CORPP (LCORPP), as overviewed in Figure 7.1.

We apply LCORPP to the problem of human intention estimation using a mo-

bile robot. The robot can passively estimate human intentions based on their mo-

tion trajectories, reason with contextual knowledge to improve the estimation, and

actively confirm the estimation through human-robot interaction (dialog-based

and motion-based). Results suggest that, in comparison to competitive baselines

from the literature, LCORPP significantly improves a robot’s performance in state
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Figure 7.1: An overview of LCORPP that integrates supervised learning, auto-
mated reasoning, and planning under uncertainty. Streaming sensor data, e.g.,
from rgb-d sensors, is fed into an offline-trained classifier. The classifier’s output
is provided to the reasoner along with classifier’s cross-validation. This allows
the reasoner to encode the uncertainty of the classifier’s output. The reasoner
reasons with declarative contextual knowledge provided by the domain expert,
along with the classifier’s output and accuracies in the form of probabilistic rules,
and produces a prior belief distribution for the probabilistic planner. The plan-
ner suggests actions to enable the robot to actively interact with the world, and
determines what actions to take, including when to terminate the interaction and
what to report. At each trial, the robot collects the information gathered from the
interaction with the world. In case of limited experience for training, LCORPP
supports data augmentation through actively seeking human supervision. Solid
and dashed lines correspond to Algorithms 2 and 3 respectively, as detailed in
Section 7.3.

estimation (in our case, human intention) in both accuracy and efficiency. 1

7.2 Related Works

In this section, we discuss the existing research that has integrated at least two

of the three aforementioned AI paradigms namely supervised learning, automated

reasoning, and planning under uncertainty for SDM.

KRR and SDM: SDM algorithms can be grouped into two classes depending

on the availability of the world model, namely planning under uncertainty, and

reinforcement learning (RL). Next, we select a sample of the SDM algorithms

1A demo video is available: https://youtu.be/YgiB1fpJgmo
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that leverages KRR methods, and make comparisons with LCORPP.

When the world model is unavailable, SDM can be realized using RL. People

have developed algorithms for integrating KRR and RL methods [27, 28, 29, 30, 31,

32, 114]. Among them, Leonetti, Iocchi, and Stone 2016 used a declarative action

knowledge to help an agent select only the reasonable actions in RL exploration.

Yang et al. 2018 developed an algorithm called peorl that integrates hierarchical

RL with task planning, and this idea was applied to deep RL by Lyu et al. 2019.

When world models are provided beforehand, one can use planning under un-

certainty methods to realize SDM. Contextual knowledge and declarative reason-

ing have been used to help estimate the current world state in planning under

uncertainty [42, 36, 35, 43, 38, 44, 37]. Work closest to this contribution is the

CORPP algorithm, where hybrid reasoning (both logical and probabilistic) was

used to guide planning under uncertainty by calculating a probability for each pos-

sible state [36]. More recently, researchers have used human-provided declarative

information to improve robot planning under uncertainty [38].

The main difference from the algorithms is that LCORPP is able to leverage

the extensive data of (labeled) decision-making experiences for continuous passive

state estimation. In addition, LCORPP supports collecting more data from the

human-robot interaction experiences to further improve the passive state estimator

over time.

KRR and Supervised Learning: Reasoning methods have been incorporated

into supervised learning in natural language processing (Natural Language Pro-

cessing (NLP)) [115, 116] and computer vision [117, 118, 119, 120] among others.

For instance, Chen et al. in 2020 used commonsense knowledge to add missing
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information in incomplete sentences (e.g., to expand “pour me water” by adding

“into a cup” to the end); and Aditya et al. used spatial commonsense in the Visual

Question Answering (Visual Question Answering (VQA)) tasks. Same as those

methods, LCORPP includes components for both KRR and supervised learning.

Beyond that, LCORPP is a SDM framework that further supports robot decision

making to achieve long-term goals, which identifies the key difference between

LCORPP and the above-mentioned algorithms.

SDM and Supervised Learning: Researchers have developed various algo-

rithms for incorporating human supervision into SDM tasks [63, 74, 121, 64].

Among them, Amiri et al. 2018 used planning under uncertainty for SDM un-

der mixed observability, where the observation model was learned from annotated

datasets. Taylor and Borealis surveyed a few ways of improving robots’ SDM

capabilities with supervision (in the form of demonstration or feedback) from peo-

ple. In comparison to the above methods, LCORPP is able to leverage human

knowledge, frequently in declarative forms, toward more efficient and accurate

SDM.

To summarize, LCORPP benefits from the advantages of three SDM paradigms,

namely learning, reasoning, and planning. Although each of the paradigms has a

rich literature, their complementary advantages have not been exploited. To the

best of our knowledge, this is the first general-purpose SDM framework that equips

robots with the simultaneous capabilities of supervised learning for passive per-

ception, automated reasoning with contextual knowledge, and active information

gathering toward achieving long-term goals under uncertainty.
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7.3 LCORPP Framework

In this section, we first introduce a few definitions, then focus on LCORPP, our

robot SDM framework, and finally present a complete instantiation of LCORPP

in detail.

Definitions: Before describing the algorithm, it is necessary to define three vari-

able sets of Vlrn, Vrsn and Vpln that are modeled in the learning, reasoning, and

planning components respectively. For instance, Vlrn includes a finite set of vari-

ables:

Vlrn = {V lrn
0 , V lrn

1 , ...}

We consider factored spaces, so the three variable sets can be used to specify

the three state spaces respectively, i.e., Slrn, Srsn and Spln. For instance, the

learning component’s state space, Slrn, can be specified by Vlrn, and includes a

finite set of states in the form of:

Slrn = {slrn0 , slrn1 , ...}

Building on the above definitions, we next introduce the LCORPP algorithm,

followed by a complete instantiation.

7.3.1 Algorithms

We present LCORPP in the form of Algorithms 2 and 3, where Algorithm 2

calls the other.

The input of LCORPP includes the dataset Ω for sequence classification,
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Algorithm 2 LCORPP

Require: A set of instance-label pairs Ω (training dataset), Logical-probabilistic
rules θ, Termination probability threshold ε, POMDP model M, Batch size
K

1: Compute classifier ρ using Ω
2: C ← cross-validate(ρ), where C is a confusion matrix
3: Update rules in θ with the probabilities in C
4: Compute action policy π with M (using POMDP solvers)
5: Initialize Ĉ (same shape of C) using uniform distributions
6: Initialize counter: c← 0
7: while ssub(Ĉ − C) > ε do
8: Collect new instance I
9: L← dt-control(ρ, I,M), where L is the label of I

10: Store instance-label pair: ω ← (I, L)
11: Ω← Ω ∪ ω
12: c← c+ 1
13: if c == K then
14: Compute classifier ρ using augmented dataset Ω
15: Ĉ ← cross-validate(ρ)
16: Update rules in θ with the probabilities in Ĉ
17: C ← Ĉ
18: c← 0
19: end if
20: end while

declarative rules θ, logical facts β, and a POMDP model M. Each sample in

Ω is a matrix of size T × N , where T is the time length and N is the number of

features. Each sample is associated with a label, where each label corresponds to

state slrn ∈ Slrn. Logical-probabilistic rules, θ, are used to represent contextual

knowledge from human experts. Facts, β, are collected at runtime, e.g., current

time and location, and are used together with the rules for reasoning. Finally,

the POMDP model M includes world dynamics and is used for planning under

uncertainty toward active information gathering and goal accomplishments.

Algorithm 2 starts with training classifier ρ using dataset Ω, and confusion

matrix C that is generated by cross-validation. The probabilities in C are passed

to the reasoner to update probabilistic rules θ. Action policy π is then generated
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using the POMDP model M and off-the-shelf solvers from the literature. Matrix

Ĉ (of shape C) and counter c are initialized with uniform distribution and 0

respectively. ssub(Ĉ − C) is a function that sums up the absolute values of the

element-wise subtraction of matrices Ĉ and C. As long as the output of ssub

is greater than the termination threshold ε, the robot collects a new instance I,

passes the instance along with the classifier and the model to Algorithm 3 to get

label L (Lines 8-9). The pair of instance and label, ω, is added to the dataset Ω

and the counter (c) is incremented. If c reaches the batch size K, new classifier

ρ is trained using the augmented dataset. Then, it is cross-validated to generate

Ĉ, and the rules θ are updated. Also, c is set to 0 for collection of a new batch of

data (Lines 13-18).

Algorithm 3 requires classifier ρ, data instance I, and POMDP model M .

The classifier (ρ) outputs the learner’s current state, slrn ∈ Slrn. This state is

then merged into β in Line 2, which is later used for reasoning purposes. A set

of variables, V̂
rsn

, is constructed in Line 3 to form state space Ŝrsn, which is a

partial state space of both Srsn and Spln. brsn is the reasoner’s posterior belief.

Belief distribution b̂rsn over Ŝrsn bridges the gap between LCORPP’s reasoning

and planning components: b̂rsn is computed as a marginal distribution of the

reasoner’s output in Line 6; and used for generating the prior distribution of bpln

for active interactions. LCORPP initializes POMDP prior belief bpln over the state

set Spln with b̂rsn in Line 7, and uses policy π to map bpln to actions. This sense-

plan-act loop continues until reaching the terminal state and the estimation label

would be extracted from the reporting action (described in detail in Section 7.4).
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Algorithm 3 dt-control: Decision Theoretic Control

Require: Classifier ρ, Instance I, and POMDP model M
1: Update state: slrn ← ρ(I), where slrn ∈ Slrn
2: Collect facts β from the world, and add slrn into β
3: V̂

rsn
← {V̂ |V̂ ∈ Vrsn, and V̂ ∈ Vpln}

4: Use V̂
rsn

to form the state space of Ŝrsn, where Ŝrsn ⊂ Srsn and Ŝrsn ⊂ Spln

5: Reason with θ and β to compute belief brsn over Srsn

6: Compute b̂rsn (over Ŝrsn), i.e., a marginal of brsn

7: Initialize belief bpln (over Spln) using b̂rsn

8: repeat
9: Select action a← π(bpln), and execute a

10: Make observation o
11: Update bpln based on a and o using Bayes update rule
12: until reaching terminal state term ∈ Spln
13: L← ExtractLabel(a)

7.4 Instantiation

Learning component

In order to make correct state estimation based on the streaming sensor data

while considering the dependencies at various time steps, we first train and eval-

uate the classifier ρ using dataset Ω. We split the dataset into training and test

sets, and produce the confusion matrix C, which is later needed by the reasoner.

Human intention estimation is modeled as a classification problem for the LSTM-

based learner:

slrn = ρ(I)

where robot is aiming at estimating slrn ∈ Slrn using streaming sensor data I.

In our case, I is in the form of people motion trajectories during N timesteps

(I = [x0, y0, ..., xN , yN ]); and there exists only one binary variable, intention ∈

Vlrn. The trajectory instances have different trajectory lengths, in that case, we

interpolate or extrapolate the trajectory to transform it the fixed size N . As a
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result, state set Slrn includes only two states:

Slrn = {slrn0 , slrn1 }

where slrn0 and slrn1 correspond to the person having the intention of interacting

with the robot or not. Since the human trajectories are in the form of sequence

data, we use LSTM to train a classifier for estimating human intentions with

motion trajectories. Details of the classifier training are presented in Section 7.5.

Next, we explain how the classifier output is used for reasoning.

Reasoning component

Contextual knowledge, provided by domain experts, can help the robot make

better estimations. For instance, in the early mornings of workdays, people are

less likely to be interested in interacting with the robot, in comparison to the

university open-house days. The main purpose of the reasoning component is to

incorporate such contextual knowledge to help the passive state estimation.

The knowledge base consists of logical-probabilistic rules θ in P-log [122], a

declarative language that supports the representation of (and reasoning with) both

logical and probabilistic knowledge. The reasoning program consists of random

variables set Vrsn. It starts collecting facts and generating β. The confusion

matrix generated by the classifier’s cross-validation is used to update θ. The

variables that are shared between the reasoning and planning components are in

the set V̂
rsn

. The reasoner produces a belief brsn over Srsn via reasoning with θ

and β.

In the problem of human intention estimation, the reasoner contains random
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variables:

Vrsn = {location, time, identity, intention, · · · },

where the range of each variable is defined as below:

location: {classroom, library}

time: {morning, afternoon, evening}

identity: {student, professor, visitor}

intention: {interested, not interested}

We further include probabilistic rules into the reasoning component. For in-

stance, the following two rules state that the probability of a visitor showing up in

the afternoon is 0.7, and the probability of a professor showing up in the library

(instead of other places) is 0.1, respectively.

pr(time=afternoon|identity=visitor)=0.70.

pr(location=library|identity=professor)=0.10.

pr(classifier=one|intention=interested)=0.76.

pr(intention=interested|identity=visitor)=0.80.

It should be noted that time and location are facts that are fully observable to

the robot, whereas human identity is a latent variable that must be inferred. Time,

location, and intention are probabilistically determined by human identity. We use

time and location to infer human identity, and then estimate human intention.

The binary distribution over human intention, b̂rsn, a marginal distribution of
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Figure 7.2: Bayesian network of the reasoner, where the robot infers human inten-
tions based on observable facts including time, location, and classifier prediction.

brsn over Ŝrsn, is provided to the POMDP-based planner as informative priors.2

Planning component

Robots can actively take actions to reach out to people and gather information.

We use POMDPs to build probabilistic controllers. A POMDP model can be rep-

resented as a tuple (Spln, A, T,R, Z,O, γ). We briefly discuss how each component

is used in our models:

• Spln : Ŝrsn × Splnl ∪ {term} is the state set. Ŝrsn includes two states repre-

senting human being interested to interact or not. Splnl includes two states

representing whether the robot has turned towards the human or not and

term is the terminal state.

• A : Aa ∪ Ar is the set of actions. Aa includes both motion-based and

2The reasoning component can be constructed using other logical-probabilistic paradigms
that build on first-order logic, such as Probabilistic Soft Logic (psl) [123] and Markov Logic
Network (mln) [124]. In comparison, P-log directly takes probabilistic, declarative knowledge
as the input, instead of learning weights with data, and meets our need of utilizing human
knowledge in declarative forms.
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language-based interaction actions, including turning (towards the human),

greeting, and moving forward slightly. Ar includes two actions for reporting

the human being interested in interaction or not.

• T (s, a, s′) = P (s′|s, a) is the transition function that accounts for uncertain

or non-deterministic action outcomes where a ∈ A and s ∈ S. Reporting

actions deterministically lead to the term state.

• Z = {pos, neg, none} is the observation set modeling human feedback in

human-robot interaction.

• O(s′, a, z) = P (z|a, s′), where z ∈ Z, is the observation function, which is

used for modeling people’s noisy feedback to the robot’s interaction actions.

• R(s, a) is the reward function, where costs of interaction actions, aa ∈ Aa,

correspond to the completion time. A correct (wrong) estimation yields a

big bonus (penalty).

Reporting actions deterministically lead to the term state. We use a discount

factor γ = 0.99 to give the robot a long planning horizon. Using an off-the-shelf

solver (e.g., [11]), the robot can generate a behavioral policy that maps its belief

state to an action toward efficiently and accurately estimating human intentions.

To summarize, the robot’s LSTM-based classifier estimates human intention

based on the human trajectories. The reasoner uses human knowledge to compute

a distribution of human intention. The reasoner’s intention estimation serves

as the prior of the POMDP-based planner, which enables the robot to actively

interact with people to figure out their intention. The reasoning and planning

components of corpp are constructed using human knowledge, and do not involve
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learning. The reasoning component aims at correcting and refining the LSTM-

based classifier’s output, and the planning component is for active perception.

7.5 Experimental Results

We did pairwise comparisons between LCORPP with the following methods

for human intention estimation to investigate several hypotheses. Our baselines

include: Learning (L): learned classifier only. Reasoning (R): reasoning with

contextual knowledge. Planning (P): POMDP-based interaction with uniform

priors. Learning+Reasoning (L+R): reasoning with the classifier’s output

and knowledge. Reasoning+Planning (R+P): reasoning with knowledge and

planning with POMDPs.

Our experiments are designed to evaluate the following hypotheses. I) Given

that LCORPP’s prior belief is generated using reasoner and learner, it would

outperform baselines in intention estimation in F1 score while receiving less action

costs; II) In case of inaccurate knowledge, or III) the learner not having a complete

sensor input, LCORPP’s planner can compensate these imperfections by taking

more actions to maintain higher F1 score. IV) In case of scarcity of data, the

robot’s most recent interaction can be used to augment the dataset and improve

the overall performance of LCORPP.

In each simulated trial, we first sample human identity randomly, and then

sample time and location accordingly, using contextual knowledge, such as pro-

fessors tend to show up early. According to the time, location, and identity, we

sample human intention. Finally, we sample a trajectory from the test set of

the dataset, according to the previously sampled human intention. We added
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Figure 7.3: Pairwise comparisons of LCORPP with five baseline sequential
decision-making strategies. The right subfigure excludes the strategies that do
not support active human-robot interaction and hence produce zero costs.

30% noise to the human reactions (robot’s observation) being compliant with the

ground truth but independent of the robot’s actions. LCORPP requires consid-

erable computation time for training the classifier (∼10 min) and generating the

POMDP-based action policy (∼1 min). The training and policy generation are

conducted offline, so they do not affect the runtime efficiency. Reasoning occurs

at runtime, and typically requires less than 1 millisecond.

LCORPP vs. Five Baselines: Figure 7.3 shows the overall comparisons using

the six SDM strategies, each number is an average of 5000 trials, where the setting

is the same in all following experiments. The three strategies, P, R+P and

LCORPP, include the POMDP-based planning component, and perform better

than no-planning baselines in F1 score. Among the planning strategies, ours

produces the best overall performance in F1 score, while reducing the interaction

costs (dialog-based and motion-based)(Hypothesis I).
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Figure 7.4: Performances of LCORPP and baselines given contextual knowledge of
different accuracy levels: High, Medium, and Low. Baselines that do not support
reasoning with human knowledge are not included in this experiment.

Inaccurate Knowledge: In this experiment, we evaluate the robustness of

LCORPP to inaccurate knowledge (Hypothesis II). Our hypothesis is that, in

case of contextual knowledge being inaccurate, LCORPP is capable of recovering

via actively interacting with people. We used knowledge bases (kbs) of different

accuracy levels: High, Medium, and Low. A high-accuracy kb corresponds to

the ground truth. Medium- and low-accuracy kbs are incomplete, and misleading

respectively. For instance, low-accuracy knowledge suggests that professors are

more likely to interact with the robot, whereas visitors are not, which is opposite

to the ground truth. Figure 7.4 shows the results where we see the performances

of R and L+R baseline strategies drop to lower than 0.4 in F1 score, when the

contextual knowledge is of low accuracy. In F1 score, neither R+P nor LCORPP

is sensitive to low-accuracy knowledge, while LCORPP performs consistently bet-

ter than R+P. In particular, when the knowledge is of low accuracy, LCORPP

retains the high F1 score (whereas R+P could not) due to its learning component.
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Figure 7.5: Experiments with incomplete sensor input (trajectory), in comparison
to the two “learning-included” baselines.

Partial Motion Trajectories: Within the human intention estimation con-

text, the robot’s goal is to identify human intention as accurately and early as

possible. However, there is the trade-off between efficiency and accuracy. For

instance, reaching out to people early usually means the robot only has a short

piece of human motion trajectory, and frequently produces less accurate intention

estimation results. In this experiment, we evaluate how sensitive our platform is to

partial human motion trajectories (Hypothesis III). The experimental results can

provide robot practitioners a reference on how early a modern robot can produce

reasonably accurate intention estimation results.

We only provided part of each trajectory to the classifier (the first quarter in our

case). The goal is to evaluate, if the robot is forced to produce the estimation result

using only 1/4 piece of the trajectories, how reliable the three “learning-included”

strategies are, where “L” includes only the LSTM-based classifiers, “L+R” further

combines the reasoner, and LCORPP is our approach.

The results are presented in Figure 7.5. We can see, in the case of partial
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Figure 7.6: Active data augmentation from the experience of human-robot inter-
action.

trajectories, LCORPP is able to retain its human intention estimation accuracy in

F1 score. We attribute this achievement to the interaction capability of LCORPP

based on experimental results (Figure 7.5) shown in this work. The results support

Hypothesis III, which states that when the sensor input is incomplete, LCORPP

can take more actions to refine the likely inaccurate learner’s state estimation.

Active Data Augmentation: In this experiment, we explored the effectiveness

of augmenting the dataset (for supervised learning) using the experience of human-

robot interaction, including trajectories and corresponding labels generated by the

task planner. Our hypothesis is that, as more trajectories are collected and added

into the dataset, our robot is able to re-train the classifier, and produce increasingly

better overall performance in F1 score (Hypothesis IV).

Instead of training the initial classifier using all data, we divided the dataset

into four batches, each containing 500 instances. In the first batch, we ran

LCORPP without offering any training data. As a result, the “supervised learn-

ing” component produced a random classifier. In the subsequent batches, the robot

74



interacts with a human using the interaction instances collected from early bathes.

Figure 7.6 shows the results. As the robot becomes more experienced (i.e., more

instances of human-robot interaction trials become available), LCORPP performs

better in terms of F1 score.

7.6 Summary of SDM with Commonsense Reasoning

In this chapter, we develop a robot sequential decision making framework,

called LCORPP, that integrates supervised learning for passive state estima-

tion, automated reasoning for incorporating declarative contextual knowledge, and

probabilistic planning for active perception and task completions. LCORPP has

been applied to a human intention estimation problem using a mobile robot.

Results suggest that the integration of supervised deep learning, logical-probabilistic

reasoning, and probabilistic planning enables simultaneous passive and active state

estimation, producing the best overall performance in efficiency and accuracy while

conducting human intention estimation tasks. We also demonstrated that, in case

of scarcity of data, LCORPP enables the robot to use its most recent interaction

to augment the dataset to further improve the overall performance.
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8 SDM WITH GRAPH-BASED

REASONING

In this chapter we investigate how to leverage scene graph methods [125] to

address curse of dimensionality in tasks that require reasoning about many ob-

jects. this aims to improve the scale of knowledge (compared with our previous

work) toward reasoning about large open-source knowledge bases for robot deci-

sion making under uncertainty.

8.1 Introduction

There has been great progress in the development of service robots in recent

years ( e.g., STRANDS and BWI project robots [3, 1]). Those robots are able to

conduct everyday tasks in human-inhabited environments over extended periods

of time. Robot perception in such domains is partial and unreliable, which brings

a major challenge to robot decision making.

Partially Observable Markov Decision Process (POMDP) is a framework that

models the uncertainty in both observations and action outcomes [10], and has

been used for policy generation in partially observable domains. However, the

challenges are two-fold. First, constructing POMDPs requires that the robot has

a complete world model, which tends to be infeasible in practice. In particular,

real-world environments (say a kitchen) frequently include many objects, making
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it troublesome to use POMDPs to have a universal representation of all objects.

Second, the complexity of reasoning about these objects and their relationships

grows exponentially as more objects are considered. In this dissertation, we aim to

develop an approach that reasons with contextual information for scene analysis

to enable POMDP-based robot planning.

One of the recent advancements in computer vision has been scene graph gen-

eration networks [126, 127, 128, 125, 129, 130, 131]. Given an image, scene graph

systems generate a graph consisting of detected objects (e.g, a book and a table),

their corresponding bounding boxes, and the relationships among the objects (e.g.,

book on a table). Scene graphs provide a robot with a structured understanding of

the world in terms of objects, and their relations. From the robotics perspective,

however, current scene graph research has the limitation that the context analysis

does not go beyond individual images, even though a robot can easily capture

images from different angles and locations for analysis purposes. With the active

perception capabilities of robots, we have the objective of developing an approach

for domain-wide active scene analysis for mobile robots.

In this chapter, we propose an algorithm called scene analysis for robot plan-

ning (SARP) for planning robot actions for context-aware, object-centric scene

analysis [132]. SARP is going to use local scene graphs of single images to build

and augment global scene graphs toward context-aware robot planning under par-

tial observability. An overview of SARP is shown in Figure 8.1. More specifically, a

global scene graph will be incrementally constructed “on the fly” using local scene

graphs generated at different locations when new objects are perceived. Reasoning

with this global scene graph produces useful information to help the robot esti-
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Figure 8.1: An overview of SARP, where the robot takes an action using the policy,
and receives an observation from the world, updating the belief using the action
and observation. In each timestep, a graph is accumulated using the perception
sensor to bias the belief. This biased belief provides contextual information to
the policy. Top dashed lines show that the belief biasing does not occur in every
iteration. The bottom dashed line indicates that the scene graph networked is
trained offline.

mate the current world state. This enhanced state estimation enables the robot

to improve its performance in goal achievement.

We have evaluated SARP using target search tasks where a robot needs to

locate an object in an indoor environment. We use POMDPs to model the robot’s

perception and actuation skills [10], use Neural Motifs [126] to compute local

scene graphs, and use approximate inference methods to build Markov networks

computed from large datasets. We have extensively evaluated SARP through

comparisons with competitive baselines in simulation. Results show that SARP

reduced the overall action costs by 16% compared with a predefined action policy.

Also, SARP helps the robot maintain its policy quality in the presence of an

increased number of objects, and enables the robot to focus on the areas that are

most relevant to the current task.
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8.2 Related Work

This work aims to enable a robot to represent and reason with contextual

information to guide robot planning under uncertainty. Researchers have devel-

oped algorithms that reason with contextual knowledge to guide sequential deci-

sion making [26]. The contextual knowledge can be in a variety of forms, such

as commonsense knowledge [133], action knowledge [134, 135], and graph-based

knowledge [136, 125]. Such contextual knowledge can also be leveraged to guide

RL agents. In this section, we examine each of these categories.

Rule-based Human Commonsense Knowledge Researchers have used rule-

based commonsense knowledge to guide the robot planning under uncertainty [36,

37, 38]. In their methods, a robot reasons about human knowledge to compute

an informative prior to help a probabilistic planner estimate the current world

state, enabling the robot to achieve complex goals with less information-gathering

behaviors. Another example is an algorithm that uses first-order logic to construct

decision tree policies for goal-oriented factored POMDPs [45]. Others have used

action knowledge to build a hierarchical robot planner where the higher level

computes a sequence of abstract actions and the lower level implements the higher-

level actions using primitive behaviors [35]. Algorithm iCORPP enables a robot

to reason with contextual knowledge to compute parameters of a planning agent’s

reward and transition functions [46]. Others have used commonsense knowledge

to guide a classical planner to reason and plan in open worlds [47, 48]. Compared

to those methods, SARP uses contextual, object-centric information, in the form

of a graph, to estimate the current world state and guide robot planning under
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uncertainty.

Hierarchical frameworks Researchers have been using hierarchies to construct

their framework’s knowledge-base or planner [35, 49]. In a recent work, researchers

used a visual hierarchical planning algorithm for long-horizon manipulation tasks.

Their framework integrates neuro-symbolic task planning and graph- based motion

generation on graph-based scene representations [49]. Their method has two-level

abstractions of a manipulation scene with geometric scene graphs and symbolic

scene graphs. To enable a robot to operate in open-world domains, researchers

have developed a three-layer hierarchy for reasoning about action knowledge and

default knowledge [41]. In particular, the knowledge at a higher level was used for

correcting lower-level knowledge to guide probabilistic planning. In comparison,

SARP (ours) incrementally builds and reasons about scene graphs to guide robot

planning under uncertainty.

Graph-based human knowledge Graph-based representations have been used

for reasoning with contextual information to guide robot planning [49, 50, 51]. For

instance, researchers have used Conditional Random Fields [52] to construct con-

textual knowledge bases for robot target search by maintaining a belief over the

locations of target objects and landmark objects while exploiting the knowledge

of their co-appearances [50].

Other methods were developed to extract prior knowledge from data, e.g.,

using Long Short-Term Memory (LSTM) networks [22], to guide a planning agent

in navigating new environments [51]. In comparison to those methods, SARP

leverages contextual information in the form of automatically constructed scene

80



graphs, avoiding domain experts manually developing knowledge bases.

POMDP-based target search Several reasearchers have used POMDPs for

the target search task [137, 138, 139, 140]. In one work, a robot arm is tasked to

search for an object in the clutter where it should learn the synergies of acting

and seeing objects. In this chapter, the policy learned by a POMDP model could

determine when is a good time to look at and detect objects and when it should

move objects around in order to reduce the clutter [139]. In another work, a

robot searched for multiple objects by specifiying their locations from the user

query (e.g., Find the mugs in the kitchen and books in the library) [138]. In

their framework, a robot can associate the locations to each object class so as to

improve its search. To the best of our knowledge, none of these works leverage

graph reasoning for target search tasks.

Knowledge-based RL RL agents are able to leverage contextual information

as well. For instance, existing research has shown that an RL agent is able to

reason with action knowledge to decompose complex tasks into smaller, tractable

subtasks [28]. The concept of reward machines has been introduced for using tem-

poral knowledge toward reusing interaction experience and creating extra feedback

for learning purposes [53]. Recent research has shown that action knowledge can

be used to guide a model-based RL agent by providing an optimistic, artificial

interaction experience to speed up the learning process [33, 34]. We assume the

availability of the world dynamics, and use planning under uncertainty methods

(instead of RL) for robot decision making. To the best of our knowledge, SARP is

the first that enables a planning agent to automatically construct, and use scene
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graphs for context analysis under partial observability.

8.3 SARP Algorithm

Problem Formulation In this work, we are interested in the problem of target

search. A mobile robot receives the task of searching for object Q and can navigate

in the environment E in order to find the object. The robot is provided with

the environment map and is localized initially. Once the robot navigates in the

environment sufficiently, it reports the location of the target object. In order for

the robot to better reason about Q, robot requires the scene graph network that

is pretrained on a scene graph dataset D.

POMDP model In order to solve this target search task, we first define the

POMDP modelM as the tuple < S,A, T,R,O, Z, γ >. Its factored state space set

S, is a Cartesian product of two dimensions, and the terminal state. SE includes

a set of discrete partially observable locations of Q (the target object) and SR

includes the set of robot’s fully observable locations. We define these equidistant,

discrete locations manually in the robot’s motion planning workspace. SARP’s

action set A consists of navigation and termination actions. The robot can take

navigation action goi ∈ A to go to the location i. We model the action transition

function T (s′|s, a) so that the robot can only go to its closest neighboring locations

in the absence of obstacles. Each navigation action has a cost (negative value,

R(s, a) < 0), which is proportional to the distance the robot needs to travel

to reach that location. The robot can take the termination action, and receive

bonus (penalty) if it correctly locates (not find) the target object. Observation set

Z is {Detected, NotDetected, NotApplicable} where Detected happens when the
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perception detects the query object, NotDetected happens when the query object

is not detected, and NotApplicable when the agent takes the termination action.

To maximize its planning horizon, we set γ to 0.99. SARP assigns the observation

function O = pr(z|s, a) based on the target’s object detection accuracy on a test

set of D.

Algorithm Description After defining the problem and the POMDP model,

we present our novel algorithm, called scene analysis for robot planning (SARP),

for context-aware robot planning under partial observability. SARP computes a

policy that enables a robot to accomplish its task using less action cost using

the contextual knowledge. SARP is an object-centric algorithm that bridges the

representation gap between visual scene analysis and robot planning under partial

observability.

Algorithm 4 presents SARP, whose input is an object of interest that a mobile

robot needs to locate (Q). SARP requires a POMDP solver for policy generation,

a pre-trained scene graph generation network, a domain map for navigation, and

a dataset D that consists of scene graphs. In Line 1, SARP constructs a POMDP

according to the object of interest (Q), and computes policy π using the provided

POMDP solver. After that, there are a few steps for initializing beliefs (over

object locations), and a scene graph (Lines 2-4). It should be noted that we

maintain two beliefs b and b′ over the location of the target object, where b is

updated using POMDP observations, and b′ is updated using the current b and

available contextual information. This design allows the robot to use different

beliefs for decision making and action selection, and avoids possible issues caused

by error propagation. Also, this mechanism enables a SARP agent to avoid reusing
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contextual information in belief updates. This mechanism enables a SARP agent

to avoid reusing contextual information in belief updates.

Lines 5-20 form the main control loop of SARP, and it terminates when the

current state is a terminal state. In each iteration, the robot uses a captured image

to generate GL, a local scene graph (Line 6), and uses this local scene graph to

update GG, the global scene graph (Line 8).

After that, SARP computes a potential function φ (Line 9) values for each edge,

using the function CALCφ (Algorithm 5). This function calculates four values for

each relation (v, ε, v′) in GL that serve as the potential function. CALCφ queries

the dataset D, to find out the ratio of the times that each object (v, v′ or both) in

a relation has appeared (not appeared) in D, resulting in four values to form the

potential function.

We use φ to form a Markov network together with global scene graph G in

Line 10 where SARP queries the number of times that each pair of nodes of an

edge in GG has appeared (not appeared) in D scene graphs.

In our implementation, N is incrementally updated in each iteration, if the

robot detects new scene graphs (that were not previously detected), it will add

the new nodes and relationships to the existing global scene graph GG. We use

the robot’s localization and the camera depth sensor to approximately localize the

detected objects on the map, in order to distinguish different instances of the same

objects.

Lines 11-19 correspond to the belief update, and action selection processes of

POMDPs. Contextual knowledge in the form of a Markov network (N ) is used

for biasing belief b only if the object of interest is visually detected in the current

84



Algorithm 4 SARP
Input: Query object Q

Require: a POMDP solver, a scene graph generation network, a domain occupancy
grid map, robot localization software, scene graph dataset D.

1: Construct a POMDP based on Q, and compute policy π
2: Uniformly initialize beliefs b and b′ over SE

3: Initialize vertices V = {Q,Q′} and edges E = {εQ−Q′}, where Q′ is a duplicate of Q

4: Initialize a scene graph: G← (V, E)
5: while current state is not terminal do
6: Take an image, and generate local scene graph GL = (V ′, E ′), where V ′ are

detected evidence objects
7: V ← V ∪ V ′; E ← E ∪ E ′
8: GG ← (V, E)
9: Compute potential function φ = CALC φ(GL,D)

10: Form a Markov network: N ← (GG, φ)
11: Select action a← π(b′), and execute a
12: Make observation z on Q
13: Update b based on a and z
14: if z is Detected then
15: pr(Q|V )← BeliefPropagation(N , Q, V )
16: b′ ← η · pr(Q|V ) · b
17: else if z is NotDetected then
18: b′ ← b
19: end if
20: end while

image. This is because of avoiding the bias drift that could result from too many

biasing at every timestep. We use a belief propagation1 method [141] to compute

the probability of Q being collocated with objects V (Line 15).

pr(Q|V ) = BeliefPropagation(N , Q, V )

where the computations of pr(Q|V ) and b are independent. In Line 16, SARP

uses pr(Q|G) to compute b′, the posterior belief distribution.

CALC function CALC function that takes as input the scene graph dataset D

and the local scene graph GL. For each pair of nodes v and v′ that are connected

1Any approximate inference method can be used.
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Algorithm 5 CALCφ

Input: Scene graph dataset D, local scene graph GL

1: Initialize the potential function set φ as empty
2: for (v, ε, v′)i in GL do
3: m← number of images in D containing v or v′.
4: φiv1,v′1 ← (number of images in D containing v, v′, and ε)/m

5: φiv0,v′0 ← (number of images in D containing v, v′, but not ε)/m

6: φiv0,v′1 ← (number of images in D containing v′ without v)/m

7: φiv1,v′0 ← (number of images in D containing v without v′)/m

8: φ← φ ∪ φi
9: end for

10: return φ

in the ith edge ε, the algorithm calculates four values by querying the number of

times each node and their corresponding edge have (not) appeared in the dataset

D. We denote v1 as the node exists in D and v0 when it does not exist. It returns

the computed potential function φ.

SARP enables the agent to leverage contextual information towards task com-

pletion through building and reasoning with global scene graphs to guide a prob-

abilistic planner. Next, we discuss our experiments for evaluating SARP.

8.4 Experiments

We conducted two sets of experiments in simulation where the robot is tasked

with finding a target object accurately and as quickly as possible. In all the

trials, the robot is provided with a domain map, a dataset of scene graphs, and

a pretrained network for generating scene graphs. It receives 360-degree images

of the environment as the input, and the output is the location of the target

object. Our first baseline method is a naive POMDP planner [139] (with uniform

prior belief) where the robot action policy solely depends on the model of the

world. The second baseline uses a predefined policy where the robot exhaustively
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visits all discrete positions, updates the belief at each timestep, and reports the

object’s location based on the argmax of the belief. Our third baseline method is

CORPP [36] as another competitive baseline where only the initial belief is biased

based on the commonsense rules defined by the human developer in the form of

logical probabilistic rules (e.g., a book is likely to be on a desk with 0.8 probability).

Similar to SARP, all the baselines maintain a belief of the object’s location and

update it at each timestep using Bayes update rule. However, none of them use

graph reasoning like SARP. We have two evaluation metrics. First, the average

action cost that represent the average execution time of all actions taken until the

terminal state. Second, is the average success rate in finding the target object’s

location correctly. By using SARP, we hypothesize that:

1. The robot’s overall action cost would be less compared to baselines (H-1).

2. SARP performs better than the baselines in action cost and success rate in

domains with a large number of objects (H-2).

The reward of successfully finding the target object is 100, and the penalty of

failure in finding the target object is −100. The reward for all actions goi is −10

which is proportional to the time it takes for the robot to execute the action. We

solve the POMDP model using an off-the-shelf point-based system [11].

We use Neural Motif [126] for generating local scene graphs where there are

a total of 50 predicate classes. The most prevalent objects in this dataset are

humans and the most appeared predicates are in, on, and belongs. Given an

input image, Neural Motifs produces a scene graph which is a list of objects,

their probabilities, relationships and bounding boxes. SARP requires a dataset

to assign the Markov network potential function (Line 9 in Algorithm 4). We are
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Figure 8.2: (Left): Map of the environment where the robot can navigate. The
discretized locations are shown in blue color. (Right): The Segway RMP110
mobile platform, equipped with 360-degree vision, used in this research.

using Visual Genome [142] that contains round 108K images, 3.8M objects, 2.8M

relationships.

8.4.1 Setup

We used the robot to navigate through the environment and collect images in

a hallway in an indoor educational environment (Figure 8.2) in order to build a

dataset. We call it the hybrid dataset. We used this dataset to simulate robot’s be-

havior in the experiments. We manually placed multiple objects including banana,

laptop, human, books, mug, etc. at different locations.

In addition to the dataset collected by the robot, we collected rendered images

using an embedded agent in AI2THOR [143], an open-source interactive environ-

ment for embodied AI. AI2THOR provides 30 instances of four types of environ-

ments (shown in Figure 8.4): Kitchens, Living Rooms, Bedrooms, and Bathrooms,

totaling 120 environments where an embedded robot is able to take navigation ac-

tions. Navigation actions include moving and rotating in orthogonal directions. To

make both datasets consistent, we manually create 360 images using the AI2THOR
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Table 8.1: The experimental results from the hybrid and rendered datasets show
that on average of 1500 trials, SARP performs with less overall action costs. Bold
font shows the best result. The average number indicates the average number of
objects involved in a single episode conducted in that environment.

Dataset
Type

Average
# of
objects

SARP (Ours) CORPP Uniform
POMDP
[139]

Predefined

Cost
(std.)

Success Cost
(std.)

Success Cost
(std.)

Success Cost
(std.)

Success

Hybrid 15 52.1
(13.1)

0.89 82.5
(8.9)

0.83 102.3
(14.6)

0.84 61.1
(0.0)

0.7

Rendered
Kitchen 70 41.7

(21.6)
0.87 55.5

(18.4)
0.84 59.4

(24.1)
0.82 51.3

(0)
0.79

Living
room

37 43.5
(19.1)

0.91 60.1
(33.8)

0.86 69.7
(23.9)

0.73 57.8
(0)

0.79

Bathroom 40 31.2
(16.4)

0.75 45.1
(17.6)

0.73 49.8
(21.7)

0.71 21.2
(0)

0.69

Bedroom 35 23.9
(12.9)

0.74 24.4
(19.1)

0.75 43.7
(22.5)

0.68 19.4
(0)

0.64

Overall 45 35.7
(18.1)

0.81 46.3
(21.5)

0.79 55.7
(23.0)

0.73 37.3
(0)

0.72

monocular camera. We use the default value of 1.5m for the camera visibility and

90 degrees for the field of view. The actions executions are stochastic with the

default Gaussian noise of average 0.001 and standard deviation of 0.005. There

are a total of 125 objects in AI2THOR platform2, while for each scene in the

platform, there are 61 number of objects on average. We randomly select one of

those objects for each individual trial in the experiments. For inference on the

scene graph, we use pgmpy library [144].

8.4.2 Results

Table 8.1 shows the result of the first set of experiments that evaluates the

first hypothesis (H-1) where we ran this experiment 1500 times over three batched

of 500 experiments. We ran the experiment both using the dataset collected by

2https://ai2thor.allenai.org/ithor/documentation/objects/object-types/
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Figure 8.3: The global scene graph being constructed incrementally as the robot
navigates. Solid lines indicate the relationships between the detected objects, and
dashed lines show how the global scene graph is completed from the local scene
graphs. At timestep 4, the global scene graph is not augmented, since the robot
has not detected new instances of objects.

the real robot and by AI2THOR. We call the first one, the hybrid dataset and the

latter one, the rendered dataset. In the hybrid dataset, the average cost of target

search for our robot is consistently less than all the baselines while all the methods

maintain a high success rate. In the rendered dataset, we categorize the results

based on the four different types of indoor environments: kitchen, living room,

bedroom and bathroom. We randomly selected five environment from each of the

four types, totaling 20 different environments. In each environment, we conducted
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Kitchen Bathroom

Living roomBedroom

Figure 8.4: Different types of environment provided by AI2THOR including
kitchen, bathroom, bedroom, and living room.

100 target searches. Except for the bedroom and bathroom environments where

the predefined policy has lower cost, SARP produced the lowest average action

cost while maintaining the highest accuracy consistently. The reason is that, in

bedroom and bathroom environments, robot has a smaller navigation area. As a

result, it takes less action costs using the predefined policy. To evaluate the second

hypothesis (H-2), we incrementally added more objects to the POMDP baseline,

and to the scene graph of SARP. Figure 8.5, shows that SARP’s average cost

remains almost the same with an average of 50.6 s while the POMDP baseline’s

cost increases as the number of additional objects is increased. With an increase in

the number of non-target objects, the uniform POMDP baseline tries to take more
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Figure 8.5: Results of the experiment conducted on the renderred dataset. The
state space consists of three locations, blue curve is the baseline that does not use
contextual information but includes non-target objects in its state space incremen-
tally, and the orange one is SARP that adds objects to the graph incrementally.

actions to find the target object with more confidence, however with more than

two non-target objects, it finds that taking more actions is not helpful any more,

and therefore is not successful. Also, the POMDP baseline failed to maintain the

success rate at a high value due to its poor-quality policy.

Enumerating Objects of the Same Instance As the robot is navigating the

environment, it may perceive different instances of the same objects. Our scene

graph network is not able to enumerate these objects. To better differentiate these

instances, we use a hashmap to store the labels and location(s) of the detected

objects. This facilitates the situations where multiple instances of the same ob-

jects need to be distinguished. We approximate the detected objects’ locations

using the centroid of the bounding boxes outputted by the scene graph. This

provides the relative location of the object with respect to the robot. Then, we

use coordinates transformation to get the object global scene graph. For the real
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Table 8.2: An example trial where the robot is tasked with the search of a banana
located in sE4 while robot is initially at sR3 .Here, we show how the belief is updated
at each timestep.

A: Action Robot’s belief of the target
Step O: Observe [sE0 , sE1 ,sE2 , sE3 ,sE4 ,sE5 ]

A: go l1
O: No

0 Update: [0.18, 0.09, 0.18, 0.18, 0.18, 0.18]
Bias:No
A: go l4
O: Yes

1 Update: [0.15, 0.07, 0.15, 0.15, 0.33, 0.15]
Bias:Yes [0.12, 0.06, 0.11, 0.12, 0.47, 0.12]
A: go l5
O: No

2 Update: [0.13, 0.05, 0.13, 0.14, 0.49, 0.07]
Bias:No
A: go l4
O: Yes

3 Update: [0.09, 0.03, 0.07, 0.10, 0.68, 0.05]
Bias: Yes [0.07, 0.01, 0.04, 0.06, 0.81, 0.04]

4 A: terminate

robot experiments, we use the “Robot Operating System (ROS) [25] transforms”

package to transform the locations to global coordinates. It should be noted that

vision-based object association is generally difficult, and introduces errors into our

system, which is beyond the scope of this dissertation.

8.5 Demonstration

In this demonstration trial, the robot was assigned the task of searching for

a banana as shown in Figure 8.3 while its initial location is in location 0. In

Table 8.2, we show an example trial where the robot is tasked with the search

of a banana located at sE4 . As the robot takes action suggested by the policy, it

updates its belief over possible locations of the target object. In this example, the

robot follows the trajectory of 0 → 1 → 4 → 5 → 4 until it terminates the trial
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and reports successfully that banana is in location 4. The robot visits locations

0, 1, 4, and 5 to build and augment its scene graph. Figure 8.3 shows the graph

generated at each location. At timesteps 1 and 3, robot visits the location that it

can easily detect the banana, therefore it biases its belief by inferring the whole

scene graph. The overall cost for this trial is 60.

8.6 Summary of SDM with Graph-based Reasoning

Probabilistic planning methods under partial observability allow the robot to

accomplish complex tasks toward maximizing long-term goal. Scene graphs al-

low the detection of objects and their relationships in images. Aiming at robots

capable of accomplishing sophisticated tasks, we design SARP framework where

a robot can use scene understanding information to obtain domain knowledge to

provide contextual information to the robot planner where limited perception is

a bottleneck. Results show that, by using our approach, the robot can benefit

from the contextual information in the form of graph network by reducing action

collection cost and avoiding scalability issues.

This work was based on a few assumptions that are sometimes unrealistic.

The object detection accuracy and the set of are all limited to the scene graph

generation model quality. The scene graph we use, is incapable of face recognition,

therefore we assume that humans are stationary (e.g, they are sitting at the time

of the robot’s task execution).
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9 CONCLUSION

Human knowledge is available in many practical domains and can be leveraged

by service robots in order to do complex tasks. This dissertation introduces novel

ways of integrating various forms of knowledge in robot sequential decision-making

under uncertainty.

We first investigated how robots can leverage data of different sensor modalities

in order to find out what actions can help the robot identify object properties with

the highest accuracy while minimizing the object exploration cost. We observed

that our approach was able to outperform predefined and random baselines in

both reward and accuracy.

In another work, we investigated how the robot can deal with knowledge base

lack of sufficient entities to reason and plan. We proposed an approach in a robotics

spoken dialogue system that interacts with humans in order to provide delivery

services. Our dual-track POMDP controller is able to make decisions on what to

ask the human as well to decide whether it needs to augment its knowledge base

or not. We used the fluctuation in the robot’s belief entropy to find out when the

robot needs to augment its knowledge base.

Additionally, we studied how both reasoning and planning can assist the robot

in accomplishing complex tasks. We proposed LCORPP framework that can si-

multaneously learn from past data, reason with contextual knowledge, and act to
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collect information. Our experiments demonstrated that using both reasoning and

learning can improve robot’s SDM cost.

Finally, we investigated leveraging graph-based knowledge where we used graph

reasoning in order to guide robot’s POMDP planner in the target search task. We

used scene graphs in order to detect objects, their relationships, and their bounding

boxes. We further augmented these scene graphs as the robot navigated in the

environment to generate larger global scene graphs and reasoned about them to

bias robot’s belief about the target object.

All of the contributions used high-level domain knowledge, either in the form

of rule-based declarative contextual knowledge, graph-based knowledge, or learned

observation model.

All of the contributions resulted in the reduction of the costs of the action

the robot takes, while maintaining a higher accuracy in accomplishing the task

successfully. These observations demonstrated that leveraging knowledge and

learning methods can boost the efficiency of the SDM methods. In two of the

contributions (Chapters 5 and 8), we introduced methods to avoid modeling all

the objects in the state-space and dealing with the curse of dimensionality. Our

approaches, enabled the robot to only model the task-relevant objects and use

graphs, to represent and reason with objects and their relationships in the robot

SDM framework.

Knowledge representation and reasoning (KRR) is one of the earliest research

topics in artificial intelligence, and sequential decision making (SDM) is one of

the most important topics in intelligent robotics. Due to their very different

formulations and computational paradigms, research developments in KRR and
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SDM are largely isolated in the past. In this dissertation, we develop a few novel

methods to leverage the complementary properties of KRR methods and SDM.

Results show that our developed algorithms and systems have enabled robots to

complete a variety of tasks more efficiently, while at the same time improving the

success rate.
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10 FUTURE WORK

This dissertation focuses on developing algorithms for leveraging declarative

and graph-based knowledge to guide sequential decision making (SDM), presents

an approach of acquiring knowledge from SDM experience of human-robot dialog,

and discusses how interactive perception can be modeled as an SDM problem.

Within the context of robot multi-sensory perception, we focused on a robot ex-

ploring objects in a tabletop scenario and developed multi-modal predicate identi-

fication (MPI) using SDM methods. In the future, we plan to investigate applying

the approach presented in Chapter 5 to tasks that involve more human-robot in-

teraction and mobile robot platforms, where exploration would require navigation

actions and perceptual modalities such as human-robot dialog. In this disserta-

tion, the robot has been enabled to do multi-modal predicate identification given

a query. Towards a more general research application of this approach, one can

expand this problem to using the robot’s policy to identify and rank the object

predicate(s) without any queries. Another direction of the future research could

be conducting multi-modal predicate identification when more than one object

is in robot’s proximity. In other words, given a query such as “which object is

heavy and rectangular?”, the robot would need to identify the object matching

the query among the many existing objects . A hierarchical approach can be ben-

eficial, where a higher level suggests the robot regarding object selection, and a
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lower level performs multi-modal SDM to identify the object predicates.

In Chapter 6, we develop a dual-track controller for dialog management and

knowledge acquisition. In the future, we intend to improve our agent by minimiz-

ing the dialog duration (e.g. less double-checking attempts) as well as augmenting

its knowledge with more complex structures, e.g., to model subclasses of items.

Such structures make knowledge management more difficult. Another direction

is to enable the agent to learn and merge synonyms via human-robot dialog, and

remove incorrect (or unnecessary) concepts on an as-needed basis. Another way to

improve the current dialog system would be to develop the end-to-end dialog sys-

tems that learn policies for both dialog management and knowledge augmentation

at the same time. Such data-driven methods can potentially generalize knowledge

acquisition beyond domains of fulfilling service requests. However, large datasets

need to be collected in order for such systems to perform efficiently.

In Chapter 7, we develop LCORPP framework which is the first SDM frame-

work that simultaneously supports the AI capabilities of supervised learning, au-

tomated reasoning, and probabilistic planning. There are a number of ways to

improve LCORPP, the key contribution made in Chapter 7. First of all, LCORPP

lacks a self-diagnosis module for monitoring the performance and correctness of

the framework state estimations. This diagnosis component can be used to enable

reconciliation among the learning, reasoning, and planning components. It can

be interesting to consider situations where contradictions exist among LCORPP’s

components, e.g., the classifier’s output consistently does not agree with the rea-

soning results from human knowledge. Second, the current version of LCORPP

can only handle states and actions in discrete spaces while many sequential deci-
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sion making problems require continuous states, actions, or both. For instance,

in the human intention estimation problem, the robot can figure out how close

it should approach the human using parametrized action spaces [145], whereas

LCORPP only supports discrete actions. As a consequence, using LCORPP, our

robot can only move and turn for predefined distances and degrees respectively.

In such cases, the coupling between a regression-based learning component and a

probabilistic logic-based reasoner can no longer be based on cross-validation con-

fusion matrix. Third, in this work, we assumed robot has access to the world

model, which may not be true in real-world applications. Therefore, robot needs

to leverage learning algorithms, e.g. reinforcement learning [102], to help the robot

learn to make decisions in the absence of world models. Forth, in this work, our

assumption is that, whenever the robot retrains the classifier, it is using the same

hyperparamters (in deep learning-based classifiers). While the robot is augment-

ing its data, there is the potential of further improving the classifier’s performance

through updating hyperparamters.

From the application perspective, there are many promising ways of further

making progress of LCORPP. For instance, our robot’s depth camera has a limited

sensing range of only six meters, making it very difficult to detect and track

humans farther away from the robot. Also, if people approach the robot from

behind, the robot would not be able to detect them. To mitigate this problem, we

are exploring methods of using multiple cameras mounted in different directions

and including other sensory modalities, such as audio to estimate human intention.

The human detection algorithm’s frequency is lower than the frequency of human’s

steps during fast walking, which frequently causes the robot losing track of people
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in it field of view. In addition, in large crowds, robot can only interact with one

person at a time, as the current LCORPP does not allow the robot to interact

with multiple humans simultaneously. Mitigating this limitation requires a more

complex hardware component added to the robot (e.g. a rotating humanoid head

allowing it to communicate and have eye contact with multiple people all at the

same time). People tend to change their intention over time, and such changes,

which are out of the robot’s control, are not modeled in this work. For instance, the

human trajectory may indicate the lack of human intention in interacting with the

robot, but, once the robot starts to take motion-based and language-based actions,

the person might change his/her mind due to the robot’s behaviors, and decide to

interact with the robot (e.g., in cases where human got distracted and overlooked

the robot). In our datatset, there were features such as head direction that we

did not use for classifier training because of hardware limitations. In practice,

leveraging those features improves the classifier accuracy.

There exists a number of SDM domains in the real world such as games, med-

ical diagnosis, finance, urban planning, education, and robotics where people can

potentially leverage LCORPP to improve their decision-making performance. One

can apply LCORPP to problems of SDM under uncertainty, as long as there exist

labeled datasets that contain past made decisions, experts’ declarative contextual

knowledge, and a model for active information collection. One important line of

research for future work is to apply LCORPP to other application domains to

demonstrate and evaluate its performance toward further improving LCORPP’s

effectiveness and applicability.

In Chapter 8, we develop the SARP algorithm to leverage graph-based scene
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analysis and perceptual knowledge to guide robot planning. In the future, we

intend to further improve this work both in perception capabilities (e.g., enabling

face detection) and reasoning capabilities(e.g., considering cases where objects may

be replaced during the task execution). In particular, we leverage knowledge graphs

in order to scale up on the number of objects the robot is able to interact with.

However, the robot’s belief is limited to small state space that represents discrete

locations, which limits the scale of the environment the robot may need to navi-

gate. One direction for future work would be to replace the point-based POMDP

solver [11] with those POMDP systems that use Monte Carlo tree search, e.g.,

POMCP [146], where the effectiveness of the Monte Carlo tree search idea has

been demonstrated in challenging sequential decision making problems [147]. An-

other approach to resolve this limitation would be to use data-driven methods in

order to implicitly represent the belief state using neural networks [148, 149, 150]

where the robot’s current observation can be fed into layers of convolutional neural

networks, and then concatenated with other state variables such as robot pose or

the constructed graph embeddings. Another advantage of using the data-driven

approach would be the continuous modelling of the state space or using solvers for

continuous POMDP such as [151]. Similar approaches can be applied to learning

policy for continuous action spaces using neural network-based methods or using

parameterized action space methods [152].

There are some general future research directions in knowledge-based SDM un-

der partial observability. In this dissertation, the knowledge has been constructed

by humans directly or indirectly. One way to pursue the future research is to de-

velop methods of automating knowledge graph construction, and validation using
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perception and learning. In addition, our focus has been on knowledge-based SDM

of single agents, while the SDM of the multi-agent robotics systems [153, 154] could

be improved by using various forms of the knowledge. Similarly, in applications

that involved humans, our assumption has been that our robot has always been

interacting with no more than one person, while in real-world scenarios, there are

cases where multiple people interact with the robot, making robot perception more

challenging. Safety of decision making is critical for robots in human-inhabited en-

vironments. Another line of research to pursue would be to use human knowledge

in order to improve the safety of robot’s decision making [155, 156].
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Sun, Daniele Nardi, René van de Molengraft, and Manuela Veloso. “Learn-
ing task knowledge from dialog and web access”. In: Robotics 4.2 (2015),
pp. 223–252.

[108] Amos Azaria, Jayant Krishnamurthy, and Tom M Mitchell. “Instructable
Intelligent Personal Agent.” In: AAAI. 2016, pp. 2681–2689.

[109] Mycal Tucker, Derya Aksaray, Rohan Paul, Gregory J Stein, and Nicholas
Roy. “Learning unknown groundings for natural language interaction with
mobile robots”. In: ISRR. 2017.

[110] Lanbo She and Joyce Chai. “Interactive Learning of Grounded Verb Se-
mantics towards Human-Robot Communication”. In: Proceedings of ACL.
2017, pp. 1634–1644.

[111] Joyce Y Chai, Qiaozi Gao, Lanbo She, Shaohua Yang, Sari Saba-Sadiya,
and Guangyue Xu. “Language to Action: Towards Interactive Task Learn-
ing with Physical Agents.” In: IJCAI. 2018, pp. 2–9.

111
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