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SUMMARY

Robots are increasingly transitioning from specialized, single-task machines to general-

purpose systems that operate in unstructured environments, such as homes, o�ces, and

warehouses. In these real-world domains, robots need to manipulate novel objects while

adapting to changes in environments and goals. Semantic knowledge, which concisely

describes target domains with symbols, can potentially reveal the meaningful patterns

shared between problems and environments. However, existing robots are yet to e�ectively

reason about semantic data encoding complex relational knowledge or jointly reason about

symbolic semantic data and multimodal data pertinent to robotic manipulation (e.g., object

point clouds, 6-DoF poses, and attributes detected with multimodal sensing).

This dissertation develops semantic reasoning frameworks capable of modeling complex

semantic knowledge grounded in robot perception and action. We show thatgrounded se-

mantic reasoning enables robots to more e�ectively perceive, model, and interact with

objects in real-world environments. Speci�cally, this dissertation makes the following

contributions: (1) a survey providing a uni�ed view for the diversity of works in the �eld

by formulating semantic reasoning as the integration of knowledge sources, computational

frameworks, and world representations; (2) a method for predicting missing relations in

large-scale knowledge graphs by leveraging type hierarchies of entities, e�ectively avoiding

ambiguity while maintaining generalization of multi-hop reasoning patterns; (3) a method

for predicting unknown properties of objects in various environmental contexts, outperform-

ing prior knowledge graph and statistical relational learning methods due to the use of n-ary

relations for modeling object properties; (4) a method for purposeful robotic grasping that

accounts for a broad range of contexts (including object visual a�ordance, material, state,

and task constraint), outperforming existing approaches in novel contexts and for unknown

objects; (5) a systematic investigation into the generalization of task-oriented grasping that

includes a benchmark dataset of 250k grasps, and a novel graph neural network that in-

xxi



corporates semantic relations into end-to-end learning of 6-DoF grasps; (6) a method for

rearranging novel objects into semantically meaningful spatial structures based on high-

level language instructions, more e�ectively capturing multi-object spatial constraints than

existing pairwise spatial representations; (7) a novel planning-inspired approach that itera-

tively optimizes placements of partially observed objects subject to both physical constraints

and semantic constraints inferred from language instructions.
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CHAPTER 1

INTRODUCTION

From studies in cognitive science, we learn semantic memory is a type of human memory

that stores general, often symbolic, knowledge about the world, including facts about objects,

actions, and relations (Binder et al. 2009; Patterson et al. 2007). E�cient retrieval and

manipulation of semantic knowledge enable humans to use language productively, reason,

plan, and solve problems creatively. As robots increasingly transition from specialized,

single-task machines to general-purpose systems that operate in human environments, they

also need to be capable of continually perceiving, understanding, and generalizing semantic

knowledge. Fully autonomous operation in these real-world domains poses a signi�cant

challenge on robots' ability to generalize. Prescripted task plans and controllers are often

not enough when robots face novel objects, environments, and task goals. Similar to how

humans use semantic knowledge as an abstraction for guiding past retrieval and future

thinking (Irish and Piguet 2013), robots can leverage semantic knowledge to discover

meaningful connections between problems and environments, and therefore more e�ectively

perform a wide range of tasks in the real world.

Three capabilities are crucial for robots to use semantic knowledge. Together, they

enable what we call in this thesis, grounded semantic reasoning:

Representing Semantic Knowledgeis using data structures to store knowledge about the

world. Many di�erent representations exist, such as rules, logic, semantic networks, and

schema. Di�erent aspects of the world can be encoded in these symbolic structures, ranging

from attributes of objects, to e�ects of actions, to user preferences. The core function of a

representation, as its name suggests, is to provide a model of the world it intends to represent

(Davis et al. 1993). With access to this world model, a robot can act on what it knows in

addition to what it perceives (e.g., a robot can open the cabinet door to �nd a clean mug
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inside). Because symbolic knowledge by its nature is abstract, it can be applied to many

di�erent contexts, no matter how old or new (e.g., recognizing that a speci�c object a robot

has never seen before is a cup can help the robot predict its properties and functions based

on general knowledge about cups).

Reasoningis supported by computational procedures that operate on representations.

Since robots will not have complete knowledge about the world, reasoning helps them infer

what is implicitly represented in the subbody of knowledge that they can access (Levesque

1986). Robots can also leverage reasoning to discover, associative or causal, relations

between concepts and events (e.g., abductive reasoning can help a robot pay more attention

to handling a new sharp object based on its existing knowledge that a sharp knife and a

sharp pair of scissors are dangerous). Combining reasoning and representation, robots can

predict the e�ects of their actions before they actually take the actions (e.g., creating a task

plan for making tea that involves heating the water, �nding a clean cup, and etc).

Groundingprovides a bridge between what robots know and what they experience in

the physical world (Harnad 1990; Coradeschi et al. 2013). Grounding is often challenging

because the types of data associated with symbolic knowledge and with robots' sensori-

motor experience usually have drastically di�erent characteristics, in terms of modality,

granularity, and diversity. A useful grounding not only maps from invariant features in the

sensorimotor data to prede�ned categorical labels but can also reveal meaningful patterns

that reside in both types of data (e.g., a proper table setting is not only about placing the

cutlery and the tableware together, but also about the exact spatial relations between these

objects.)

A review of prior literature in AI and robotics suggests tremendous progress in areas

associated with these three capabilities, though challenges for integrating them still remain.

Classic methods have used articulated symbolic representations, such as logic and rules, for

resolving word meanings (Minsky 1968), task planning (Fikes and Nilsson 1971), and emu-

lating the decision-making ability of human experts (Jackson 1986). However, most of these
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rule-based systems are unable to cope with speci�c situations that require bending the rules.

To support more 
exible use of noisy or contradictory evidence, statistical relational lan-

guages combine relational inference and probabilistic modeling (Getoor and Taskar 2007a;

De Raedt 2008); these techniques unfortunately are hard to scale. Robot-centric knowledge

bases, such as KnowRob (Tenorth et al. 2014) and RoboBrain (Saxena et al. 2014), have

been introduced to provide a uni�ed knowledge representation for storing both concept

taxonomy and sensorimotor data, such as point clouds, maps, and manipulation trajecto-

ries. However, these systems fail to taking full advantage of the contained information with

inference mechanisms that are either rigid or hard to scale. With the development of deep

learning, structured representation can be directly extracted from high-dimensional sensory

data, such as keypoint (Manuelli et al. 2019), a�ordance segmentation (Do et al. 2018),

haptic properties (V. Chu et al. 2015; Thomason et al. 2016), and spatial relations (Shridhar

et al. 2020; Do�gan et al. 2022; Paxton et al. 2021; Mees et al. 2020). Although these

representations are grounded, they are not combined with what the robots know, therefore

unable to support the discovery of new relations between concepts and the generalization

to out-of-distribution data, such as transferring manipulation skills to new tasks.

Our goal is to closely integrate semantic representation, reasoning, and grounding,

therefore enabling robots to draw new insights about the world that can be grounded in

perception and action. In the following sections, we describe our general approach and

summarize our contributions.

1.1 Dissertation Overview

In this dissertation, we present grounded semantic reasoning frameworks to help robots

interact with objects in real-world domains. We model objects that have di�erent properties

and states, appear in di�erent environmental contexts, and form di�erent functional and

spatial relations with other objects. To manipulate semantic knowledge about various

aspects of objects, our frameworks are built on neural networks and latent representations
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of symbolic data. Our frameworks allow semantic knowledge to be directly grounded in

multimodal perception and e�ectively generalize.

We investigate two types ofsemantic representationpertaining to objects: relational

facts and spatial relations. The relational facts describe properties of objects with word

labels and encode common knowledge (e.g., acup is ceramicand can be potentiallyused

for drinking). The spatial relations (e.g., on the bottom, line, tower) are particularly useful

for localizing objects and parsing manipulation actions, which can be thought of as a series

of changes in spatial relations (besides other physical interactions) between objects.

We leverage advances in relational machine learning and deep learning to develop

methods forreasoningabout both types of semantic representations. In our frameworks,

symbols have a surface form as word labels and a latent form as vectors. This approach

is inspired by word embeddings (Mikolov et al. 2013) and knowledge graph embeddings

(Nickel et al. 2015), which enforce certain structures in vector space (e.g., words that

are similar in meanings are close in the vector space, or a relation between two concepts

translate to a speci�c vector operation on their vector counterparts). Compared to existing

techniques for semantic processing, this approach is more scalable and can learn to reason

in ways beyond logical inference.

We take a step forward such that the meanings of the represented symbols are not merely

based on associations with other abstract concepts (e.g., in a word embedding space, \king"

is to \queen" as \man" is to \woman") but alsogrounded in robots' interactions with

objects. We use neural network models to jointly process the latent symbols and extracted

features of sensorimotor data. In addition, we enforce vector space regularities at di�erent

levels of abstraction (e.g., maintaining a hierarchical relation between a speci�c instance of

a cup, the general category of cups, and the parent class of containers), in order to apply

abstract knowledge to speci�c situations.

Our frameworks can reveal \soft" statistical patterns that generalize understanding of

objects to varying contexts and di�erent tasks. In this dissertation, we demonstrate that
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higher-order relations between object properties can generalize to new categories of objects

(e.g., white light cups are likely to be made of paper or ceramic). These higher-order

relations endow robots with a holistic understanding of objects, complementing information

extracted from multimodal perception. Robots can also reason about the relations between

task constraints and object properties, in particular object a�ordance, to achieve purposeful

grasping (e.g., grasp the handle of a mug to prepare for pouring). Generalizing these

relations leads to the transfer of task-oriented grasps to novel object categories and even

novel tasks. Finally, jointly reasoning about the semantic constraints imposed by abstract

spatial relations and the physical constraints dependent on object geometry allows robots

to rearrange objects into semantically meaningful spatial structures, without step-by-step

instructions, even for objects the robots have never seen before.

With these �ndings, we aim to demonstrate a generalizable approach for grounded

semantic reasoning and support our thesis statement:

Grounded semantic reasoning enables robots to more e�ectively perceive, model,

and manipulate objects in real-world environments.

1.2 Contributions

In this dissertation, we make the following contributions:

1. Formalism for semantic reasoning in robotics(chapter 2): A survey providing a

categorical structure for the diversity of semantic reasoning frameworks in robotics by

analyzing knowledge sources, computational frameworks, world representations, and

their integration for �ve world domains including objects, spaces, tasks, actions, and

agents.

2. Predicting missing relations in large-scale knowledge graphs(chapter 3): A method

for predicting missing relations in large-scale knowledge graphs by leveraging soft

attention to type hierarchies of entities, e�ectively avoiding ambiguity while maintaining
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generalization of multi-hop reasoning patterns.

3. N-ary semantic reasoning of object properties(chapter 4): A framework that mod-

els n-ary relations between object properties using permutation-invariant transformers,

outperforming prior knowledge graph and statistical relational learning methods on pre-

dicting unknown properties of objects in various environmental contexts.

4. Reasoning about environmental contexts for purposeful grasping(chapter 5): A

method for purposeful robotic grasping that accounts for a broad range of contexts

(including object visual a�ordance, material, state, and task constraint), outperforming

existing vision-based and symbol-based approaches in novel contexts and for unknown

objects.

5. Generalizing task-oriented grasping with a knowledge graph(chapter 6): A sys-

tematic investigation into the generalization of task-oriented grasping that includes a

benchmark dataset for 56 tasks and 191 real-world objects, and a novel graph neural

network that achieves generalization by incorporating semantic relations into end-to-end

learning of 6-DoF grasps.

6. Language-conditioned semantic rearrangement(chapter 7): A method for rearrang-

ing novel objects into semantically meaningful spatial structures based on high-level

language instructions, more accurately capturing multi-object spatial constraints with a

multimodal transformer network than existing methods using pairwise spatial represen-

tations.

7. Object-centric di�usion for generalizable rearrangement (chapter 8): A novel planning-

inspired approach that combines a di�usion model with an object-centric transformer

to iteratively optimize placements of partially observed objects subject to both physical

constraints and semantic constraints from language instructions.

6



CHAPTER 2

A SURVEY OF SEMANTIC REASONING FRAMEWORKS FOR ROBOTIC

SYSTEMS

In this chapter, we present a survey ofSemantic Reasoning (SR)techniques in robotics

(Liu, Daruna, et al. 2022), providing a uni�ed view of the diversity of works. Though

semantic reasoning has been applied to a wide range of robotics problems, there exists no

established structure for concretely placing work within the broader �eld. Even approaches

solving similar problems often make di�erent assumptions, and their relations to the rest of

the �eld remain largely unaddressed. A categorical structure therefore aids in comparative

assessments among applications, as well as in identifying open areas for future research.

We categorize existing work by identifying the three common components (Figure 2.1)

that make up a computationalSemantic Reasoning Framework (SRF): knowledge sources,

computational frameworks, andworld representations. These three components are closely

related to the capabilities of representing semantic knowledge, reasoning, and grounding

we introduced in chapter 1. Knowledge sources provide both instance-level data for ground-

ing abstract concepts to speci�c experience and class-level knowledge that can be directly

encoded by human users to augment the knowledge robots learn. Computational frame-

works de�ne mathematical relationships relating known concepts, and are used to perform

reasoning (e.g., Bayesian networks). World representations model di�erent aspects of the

world that de�ne robots' environments (objects, spaces, and agents) and behaviors (actions

and tasks).

We �rst formally discuss the space of SR problems and place this survey in the context of

existing research. The key design decisions for developing a semantic reasoning framework

are presented in section 2.3. The three core SRF components are each covered in section 2.4,

section 2.5, and section 2.6. An analysis of SR applications enabled by the integration of
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Figure 2.1: Three core components of semantic reasoning frameworks and �ve aspects of
the world to which semantic reasoning can be applied.

SRF components is followed in section 2.7.

2.1 Problem Domain

The space of problems in semantic reasoning for robotics is large and growing. In this

survey, we divide the problem domain into categories related to �ve entity types:objects,

spaces, agents, tasks,andactions. Semantic reasoning about objects, spaces, and agents

allows a robot to better understand its environment, while reasoning about tasks and actions

aids a robot in achieving more context-aware and robust operation in complex environments.

The division of the problem domain into these �ve categories, along with the three core

components our survey is organized around, allows prior systems and problems to be fully

categorized and compared.

Additionally, each of the �ve categories is inherently di�erent in the modalities and

underlying structures of its related data. For example, objects can be modeled as independent

entities linked by common attributes and a�ordances. Tasks, on the other hand, require

sequential or hierarchical structures to connect causes and e�ects. However, the distinctions

between these problem categories do not prevent them from overlaps and interactions. In
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fact, one of the strengths of a multi-modal, multi-relational, and multi-domain robot SRF

is to enable all concepts to interact and contribute to decision making.

2.2 Survey Scope and Context

This survey introduces the general subject matter of semantic reasoning within robotics,

organizes the technical contributions in space of semantic reasoning for robotics, and gives

insight into design decisions along with the implications that should be taken into account

for implementations on robots.

Within the published literature, reasoning about world knowledge has been studied in a

variety of distinct areas, including knowledge representation and reasoning, commonsense

reasoning, ontology-based reasoning, contextual reasoning, knowledge-enabled robotics,

and cognition-enabled robotics. Some of these areas, such as cognition-enabled robotics,

draw the analogy with the human mind, while others, such as ontology-based reasoning,

focus on implementation speci�cs. Due to the di�erent emphases of these areas, the

approaches proposed within them intersect but do not completely overlap.

We refer to the general category of algorithms that reasons about world knowledge

assemantic reasoning. Regarding our chosen organization, we note that many legitimate

criteria could be used to subdivide SR research. Our review aims to analyze the fundamental

mechanisms. We therefore categorize existing approaches according to the techniques

required to develop a semantic reasoning framework in robotic applications. By analyzing

the computational formulation and underlying mechanisms of existing methods, we aim to

provide a united view of the wide range of techniques.

Other surveys related to semantic reasoning for robotics exist. A broad overview of

the cognitive skills required for robot manipulation in the human environment is presented

in Ersen et al. (2017). The work discusses methods for tackling di�erent subproblems,

such as learning a�ordances and human-robot collaboration. A more focused discussion

of knowledge representations for service robotics is presented in Paulius and Sun (2019),
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covering both comprehensive and speci�c knowledge representations. Beetz et al. (2016)

highlight algorithmic details for using logic, probabilistic, and planning-based techniques

to reason about robot-related concepts, such as time, space, and action plans. Using

declarative knowledge for sequential decision-making under uncertainty is reviewed in

Zhang and Sridharan (2022). Additional reviews related to sub-areas of SR research are

highlighted in respective sections throughout the article. Our work di�ers from the above

publications in that it seeks to present a broad perspective on semantic reasoning for robotics,

highlighting the many dependencies, inter-relations, and interactions that occur between the

core components of a SRF.

2.3 Design Choices

A developer faces many design choices when constructing a SRF. Some of these decisions

may depend on the problem, while others are up to the preference of the developer. As we

discuss in later sections, these design choices strongly in
uence how the reasoning task is

structured and solved. In this section, we highlight several key decisions with a running

example in which a robot is tasked to make a cup of tea.

As design choices exist in all three core components of a semantic reasoning framework

{ knowledge source, computational framework, and world representation { we organize this

section accordingly. Despite the order presented here, the designing process is 
exible and

can vary case-by-case.

Knowledge Source:Developers must consider which types of knowledge are available to

the robot, and how they can be represented. Knowledge sources used to seed semantic rea-

soning frameworks can be categorized as containingclass-level knowledgethat generalizes

across an entire class of entities (e.g.,cups are often found in cupboards) or instance-level

knowledgethat pertains to a speci�c instance of an entity (e.g.,blueCup2 is on the ta-

ble). Other factors that in
uence knowledge acquisition include data quality, recorded data

modalities, and data representation structure.
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Computational Framework:When selecting a computational framework to store seman-

tic knowledge and support inference, a developer must consider �ve essential characteristics:

the need tomodel uncertainty, expressiveness, adaptability, explainability, andscalability.

The selection of a computational framework further depends on the requirements from other

design choices and their associated e�ects, such as the scale of the problem and the noise

level in the selected knowledge sources.

World Representation:A semantic reasoning framework must capture details about the

world that are relevant to the reasoning capabilities and objectives of the system. Most

existing framework model some subset ofobjects, spaces, tasks, actions, andagents. For

example, for �nding a teacup, we may model space semantics, user preferences, or even

object a�ordances, to help determine likely object locations. Semantic knowledge is most

often represented as symbols. Symbols are discrete and abstract, therefore reduce the

dimension of semantic space and facilitate generalization. Within our example, the action

of a robot grasping and lifting a teacup can be abstractly encoded aspickup cup. Alternately,

non-symbolic representations can be used, such as a point cloud representation of the object.

When designing a semantic reasoning framework, whether to use symbols depends on many

factors such as interpretability, the desired level of abstraction, and the complexity of the

data.

Developers must carefully consider each of the core components for semantic reasoning

when designing a complete system. Furthermore, interactions between choices made in each

component must be compatible. The following sections describe existing implementations

of each core component and discuss the synergy of these components to achieve semantic

reasoning.

2.4 Knowledge Sources

Observations of the world through onboard sensors provide the most direct and easily

accessible information to a robot. Prior to being incorporated into a semantic reasoning
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framework, raw sensor readings are typically abstracted into more compact representations

(Redmon et al. 2016; He et al. 2017; Kostavelis and Gasteratos 2015). However, learning all

knowledge from scratch only through local observations is ine�cient, particularly for robots

that must perform multiple tasks or operate in multiple environments. Thus, it is useful

for robots to have access to other, more general, sources of data to supplement knowledge

obtained from local observations.

In this survey, we de�ne the most important characteristic of a data source as whether

it contains class-level or instance-level knowledge.Instance-level knowledgegrounds con-

cepts physically. This type of knowledge can be discovered from robots' interactions with

the world and therefore can be veri�ed by the robots.Class-level knowledgefacilitates

generalization across domains and provides a prior for new situations. This type of knowl-

edge can be directly encoded by human users or generalized from instance-level knowledge.

Ultimately, a robust semantic reasoning framework must have the ability to reason about

both types of information, as well as to perform information exchange across these comple-

mentary and interdependent data types. In section, we discuss data sources { knowledge

bases, datasets, and ontologies { of both types, as well as the interaction between them.

2.4.1 Class-LevelKnowledge

Class-level knowledge is often symbolic and represents information that is asserted across

domains, or that generalizes across an entire class of entities. Class-level knowledge is

available in various sources, such as encyclopedias, formalized knowledge bases, and spe-

cialized semantic networks. Respectively, these sources provide di�erent types of informa-

tion, such as summaries of concepts from di�erent disciplines, common-sense knowledge,

and domain-speci�c knowledge pertaining to robots. Table 2.1 shows a representative list

of class-level knowledge sources that have been utilized in prior work to seed semantic rea-

soning frameworks with information. We provide a detailed description for each knowledge

source, emphasizing its content and intended use. In addition to the types of information,
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Table 2.1: Class-Level Knowledge Sources

AfNet (Varadarajan and
Vincze 2013)

An ontology of a�ordances for over 250 commonly found object classes. AfNet describes
unique geometric mappings for each a�ordance (e.g.,Contain-ability is de�ned by high
convexity). AfNet also includes de�nition of object classes in terms of a�ordances and
topological structures of components.Sample use cases:(Varadarajan and Vincze 2012;
Varadarajan 2015)

ConceptNet(Liu and Singh
2004)

A large-scale knowledge graph encoding common-sense knowledge from various sources,
including the Open Mind Common Sense (OMCS) project (P. Singh et al. 2002), WordNet
(Miller 1995), OpenCyc (Lenat 1995), DBPedia (Lehmann et al. 2015), and etc. Data is
organized as a weighted graph structure, with edge weights used to convey the estimated
reliability of the information. In total, ConceptNet stores over 8M nodes and 21M edges,
with 1.5M nodes in English. Example edge relations particularly useful for robotic appli-
cations includeIsA, AtLocation, HasPropertyandUsedFor. Since information comes from
various sources and are partially mined in an unsupervised way, inaccurate information is
common within the dataset.Sample use cases:(Tenorth and Beetz 2009; Chernova et al.
2017; Modayil and Kuipers 2008; Nyga et al. 2018)

KnowRob Ontology
(Tenorth and Beetz 2009;
Tenorth, Kunze, et al.
2010; Waibel et al. 2011;
Kunze et al. 2011)

A robot-centered ontology built on top of OpenCyc. The ontology includes 8K classes
covering both a broad range of human knowledge and domain-speci�c knowledge for
robots such as everyday tasks, household objects, and robot parts. The most important
branches are theTemporalThingsdescribing temporal concepts such as events and actions,
Spatialthingsdescribing spatial concetps such as places, objects, and body parts, and
MathmaticalObjectsdescribing abstract concepts such as coordinate systems and linear
algebra.Sample use cases:(Tenorth and Beetz 2009; Beetz, B�alint-Bencz�edi, et al. 2015;
Beetz, Tenorth, et al. 2015; Kunze et al. 2011)

Open Robots Ontology
(ORO) (Lemaignan et al.
2010)

An ontology that focuses on concepts useful for human-robot interaction. Similar to
the KnowRob ontology, the Open Robots ontology inherits OpenCyc concepts such as
TemporalThingsandSpatialthings. The ontology includes additional agent related concepts
like desiredBy, focusedOn, and BodyPart. This ontology is also hand coded and has
minimum amount of noise.Sample use cases:(Lemaignan et al. 2010; Lemaignan et al.
2017)

OpenCyc(Lenat 1995) A publicly available subset of the Cyc ontology, which contains formalized common sense
knowledge suitable for reasoning and problem-solving in a variety of domains. OpenCyc
consists of over 40K terms and over 200K handcrafted commonsense axioms, including
taxonomic information and semantic knowledge (i.e., additional facts and rules of thumb).
Sample use cases:(Saxena et al. 2014; Tenorth and Beetz 2009; Lemaignan et al. 2010)

WikiHow and EHow Public websites containing more than 1M step-by-step how-to guides, providing natural
language instructions for various tasks, including thousands of household tasks for everyday
activities. Because these databases are designed for human users, the instructions often
assume prior domain knowledge or require common-sense reasoning to complete.Sample
use cases:(Tenorth et al. 2011; Stenmark and Malec 2014; Tenorth, Nyga, et al. 2010a;
Nyga et al. 2018)

Wikipedia (Denoyer and
Gallinari 2006)

A multilingual, web-based, free-content encyclopedia containing over 40M articles. For
robotics applications, it can be used to mine general knowledge about classes of objects.
Sample use cases:(Saxena et al. 2014)

WordNet(Miller 1995) A large lexical database of English. Nouns, verbs, adjectives and adverbs are grouped
into sets of cognitive synonyms (synsets), each expressing a distinct concept. Synsets are
interlinked by means of semantic and lexical relations, such asHyponymyandMeronymy.
Sample use cases:(Tenorth and Beetz 2009; Saxena et al. 2014; Zhu et al. 2014; Nyga et al.
2018)

YAGO (Suchanek et al.
2007)

A large knowledge base automatically extracted from Wikipedia categories, Wikipedia
infoboxes, WordNet, and GeoNames. YAGO combines the clean taxonomy of WordNet
with the richness of the Wikipedia category system, assigning the entities to more than
350K classes. The knowledge base contains over 16M entities anchored in time and space,
further connected to each other by 76 hand-de�ned relations. Due to the selective way
information is mined, the data encoded in the dataset is relatively free of noise.Sample use
cases:(Daoutis et al. 2012)
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Table 2.2: Grouping of Class-Level knowledge sources by Data Structure and Noise.

Noise Level

Low High

D
at

a
S

tr
uc

tu
re Hierarchical KnowRob,

ORO, YAGO,
OpenCyc,
WordNet

Graph-Based AfNet,
KnowRob,
ORO, YAGO,
OpenCyc,
WordNet

ConceptNet

Ordered WikiHow

Unstructured Wikipedia

each of the knowledge sources can further be characterized by two factors that a�ect the

design of semantic reasoning frameworks, thestructureandnoise levelof the data, as shown

in Table 2.2.

Structure of Class-Level Knowledge

The structure of the data encoded in a knowledge base determines what relations can be

stored and what inferences can be made from the data. Hierarchical data structures, such as

WordNet and OpenCyc, encode super-/sub-class relations (e.g.,isA(apple, fruit)), thereby

facilitating generalization. Graph-based data structures, such as ConceptNet, encode the

data in a 
at, highly inter-connected representation (e.g.,hasProperty(apple, green)and

atLocation(apple, table)), which is more commonly used to represent highly varied or

probabilistic data. Ordered data structures organize data according to certain metrics; for

example, WikiHow data is ordered chronologically. Finally, unstructured data, such as that

found in Wikipedia, contains statements and facts that must �rst be extracted or parsed

before they can be applied to robotic systems. Many knowledge sources that aim to capture

a wide variety of information have multiple structures; for example, ConceptNet has both
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class hierarchies and multi-relational information. The structure of the knowledge source

is an important consideration in the design of semantic reasoning frameworks because the

structure impacts how knowledge can be applied. For example, the step-by-step instructions

in WikiHow naturally map to the sequential arrangement of actions in a task, whereas the

hierarchical data encoded within WordNet can be used to better understand the objects the

robot is dealing with in the world.

Imperfect Class-Level Knowledge

Class-level knowledge is imperfect as it often has noisy and missing information. The

noise of the data determines how much the information can be trusted, and therefore

in
uences the choice of world model and computational framework used within a semantic

reasoning framework. Inaccurate information may result from knowledge sources being

crowdsourced or automatically mined; many of the existing data sources have avoided this

problem through hand-coding by experts (e.g., WordNet) or strong veri�cation policies

(e.g., Wikipedia). In general, the amount of noise present in the data a�ects the choice

of computational framework to be used for semantic reasoning, with probabilistic methods

being favored when the data is noisier. As another form of imperfect information, missing

data is an issue that is harder to avoid and faced by any dataset to some degree. Despite

containing millions of facts, large-scale knowledge bases still su�er from this problem (Min

et al. 2013). When key concepts are missing from a knowledge source, no evidence is

available to support important inferences. For example, when any one of the two concepts:

milk is perishableandperishable food is stored in refrigeratorsis missing, the robot may

be unable to deduce that milk should be stored in a refrigerator. Techniques for combining

multiple knowledge sources (Y. Li et al. 2016) and explicitly inferring missing information

(Nickel et al. 2015) can help mitigate issues regarding incomplete knowledge.
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Table 2.3: Instance-Level Knowledge Sources

50 Salad Dataset(Stein and
McKenna 2013)

A video dataset of people preparing salad recipes, focusing on complex interactions be-
tween hands, tools, and manipulable objects (50 video sequences in total). Data includes
synchronized RGB-D video and accelerometer data of all the kitchen tools, and annotations
for before, during, and after every action in the recipe.Sample use cases:(Lea et al. 2016;
K. Chen et al. 2021)

AI2Thor(Kolve et al. 2017) A virtual simulator that includes 30 highly realistic kitchens, bedrooms, bathrooms, and
living rooms (120 rooms total) with actionable objects and physics. Simulated actions
includepick up, put downandopen(e.g.,pick up tomato, open microwave). The simulator
provides class names and location information for all objects.Sample use cases:(Zhu et al.
2017; Trabucco et al. 2022)

Amazon, Ebay, etc. Consumer product websites that o�er a wealth of knowledge speci�c to each type of product.
The data is constantly monitored by manufacturers, customers, and sellers so mistakes are
relatively infrequent. Previous works have scraped such websites to obtain item size, weight,
description, and image information.Sample use cases:(Tenorth and Beetz 2009; Zhu et al.
2014)

BEHAVIOR (Srivastava et
al. 2022)

A benchmark of 100 diverse household activities for embodied AI, such aschopping
vegetables, putting away toys, andcleaning bathroom. Activities are long-horizon and
induce object state changes (e.g.,soaking materialsandcleaning surfaces). Simulation
environment includes 15 models of real-world homes and 1217 object models with in
WordNet labels.Sample use cases:(Srivastava et al. 2022)

COCO(Lin et al. 2014) A large-scale object detection, segmentation, and captioning dataset containing over 200K
labeled images of approximately 1.5M object instances, labeled within 80 unique object
categories (e.g., fork, dog) and 91 stu� categories (e.g., sky, grass). COCO also includes
250K instances of people with labeled keypoints such as the body, limbs, and facial features.
Sample use cases:(Marino et al. 2017)

Ego4D (Grauman et al.
2022)

An egocentric video dataset containing 3,670 hours of daily-life activities such aswatching
tv, playing cards, andwalking on the streetcollected in diverse scenarios. The dataset
contains a variety of modalities such as 3D scans, audio, stereo and gaze. Videos are
divided into 5-minute intervals and each interval is annotated with short narrations at
individual timesteps and a 1-3 sentence summary.Sample use cases:(S. Nair et al. 2022)

Habitat 2.0 (Szot et al.
2021)

An interactive physics-enabled virtual simulator with 111 photo-realistic apartment layouts
rendered in 3D, each layout consisting of multiple rooms and hundreds of actionable
objects. The simulator is high-performance with a simulation speed of 850 times of real-
time. Sample tasks includetidy houseandset table. Sample use cases:(Gadre, Wortsman,
et al. 2022)

ImageNet (Deng et al.
2009)

A large-scale image database that provides an average of over 600 images for the majority
of synsets in WordNet, with a total of 3.2M images. Images of each concept are human-
annotated with an average labeling precision of 99.7%.Sample use cases:(Saxena et al.
2014; Zhu et al. 2014)

ShapeNet (Chang et al.
2015)

A large-scale dataset of 3D CAD models of common objects, organized based on the
WordNet taxonomy and including semantic annotations such as real-world dimensions
and material composition. The dataset contains 3M 3D shape models, including 220K
categorized shape models into 1 of 3135 categories from WordNet synsets.Sample use
cases:(Kokic et al. 2017)

Stanford 40 Action Dataset
(Yao et al. 2011)

A medium-scale image dataset labeled with bounding boxes of each person in the image,
and the name the action being performed. The dataset contains 9K images, with 180-300
images per action class.Sample use cases:(Zhu et al. 2014)

SUNCG (S. Song et al.
2017)

A virtual simulator with 45K scenes of realistic room and furniture layouts occupied by
objects rendered from meshes. Depth maps and ground truth for volumetric semantic labels
are provided with each scene.Sample use cases:(P. Shah et al. 2018)

ThreeDWorld (Gan, Zhou,
et al. 2022)

A set of virtual 3D environments where all objects respond to physics, and a robot agent
can be controlled using a fully physics-driven navigation and interaction API. The simulator
contains a total of 15 di�erent environments each with 6 to 8 interconnected rooms populated
with objects from 50 di�erent categories.Sample use cases:(Gan, Gu, et al. 2022)

Visual Genome(Krishna et
al. 2017)

A large-scale image dataset consisting of 108K images of 75K unique objects grounded in
WordNet. Each image is structured as a scene graph of concepts (e.g,dog) and relations
(e.g,in, on). The graph also includes object attributes about abstract concepts (e.g.,shirt is
pink) and region descriptions (e.g.,the woman teaching the little girl to cook). Sample use
cases:(Marino et al. 2017; Weihs et al. 2021)
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Table 2.4: Grouping of Instance-Level knowledge sources by Data Modality and Domain
Generalization

Domain Generalization

Single Multiple

D
at

a
M

od
al

iti
es Text, RGB Amazon/Ebay,

ImageNet,
Stanford 40
Action

AI2Thor, BE-
HAVIOR,
COCO, Habi-
tat, SUNCG,
Visual Genome

Text, RGBD,
& more

50 Salad,
ShapeNet

Ego4D, Three-
DWorld,
TaskGrasp

2.4.2 Instance-LevelKnowledge

Instance-level knowledge refers to knowledge that describes speci�c instances of a class

of entities. To connect individual instances to abstract class-level concepts, instance-level

knowledge typically includes a text-based label or description in addition to its raw data.

Table 2.3 presents a list of instance-level knowledge sources that have been utilized in prior

work. Unlike in the case of class-level knowledge, there is often more freedom on the

structure of the data, with most sources consisting of sets of images or lists of entities.

Noise remains a contributing factor, with some sources being more reliable than others.

However, the most important characteristics of instance-level knowledge sources are the

modality of the dataand itsgeneralizability(Table 2.4), which we discuss next.

Data Modalities of Instance-Level Knowledge

Instance-level knowledge must encode the speci�c distinguishing characteristics of individ-

ual entities, thus relying on richer data modalities, including image, depth, shape, trajectory,

and pose information. By contrast, information in class-level knowledge sources is typi-

cally encoded in the form of text as commonalities of instances allow for the use of compact

and abstract textual representations. For instance-level knowledge, the most commonly
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used modality is image data, supporting the common idiom \a picture is worth a thou-

sand words". Frequently, multiple modalities are used to capture the details of a scene or

task. For example, works have paired image data with various types of sensor data such

as spectrometer data (Liu, Daruna, and Chernova 2020), audio feedback (Gan, Gu, et al.

2022) and haptic feedback (Migimatsu et al. 2022) for robot manipulation and navigation.

Video datasets annotated with textual captions such as daily activity labels (Srivastava et al.

2022) and symbolic state representations (Migimatsu et al. 2022) are used to train neural

models that can reason about semantic knowledge embedded in visual data. Additionally,

simulators have been used to simulate the sounds of falling objects (Gan, Gu, et al. 2022),

generate multiple views of a scene to learn useful scene abstractions (C. Wang et al. 2022;

Gadre, Ehsani, et al. 2022), complete the geometry of segmented objects (Ha and Song

2022), predict spatial relations between objects (Ha and Song 2022; Huang, Xu, et al. 2019),

and learn a co-occurence probability distribution of objects in environments (Zheng et al.

2022; Kurenkov et al. 2021). The symbolic labels associated with sensor data take on many

di�erent forms, ranging from text labels of object categories (Deng et al. 2009; Lin et al.

2014), to object a�ordances (Liu, Daruna, and Chernova 2020; Varadarajan and Vincze

2013), to spatial relations between objects (Mees et al. 2020; Paxton et al. 2022), to logical

predicates indicating world states (Migimatsu et al. 2022), to referring expressions of 3D

objects (Achlioptas et al. 2020; Thomason et al. 2022), to natural language instructions for

manipulation (Shridhar, Manuelli, et al. 2022a; Lynch and Sermanet 2020; Nair et al. 2022)

and navigation actions (C. Gao et al. 2021; Qi et al. 2020). Reasoning about multimodal in-

formation is nontrivial because making inference across di�erent modalities is challenging.

However, multimodal instance-level knowledge is essential to achieve precise grounding of

abstract concepts, as well as for robust task execution.
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Generalizability of Instance-Level Knowledge

The second critical factor for instance-level data is its degree of generalizability across

domains. In Table 2.4, we distinguish datasets that are designed for a single application (e.g.,

classi�cation) or domain (e.g., kitchens), v.s. multiple applications/domains. Examples of

data sources designed to address a single application/domain include the Stanford 40 Action

Dataset, which contains images for only 40 actions, and 50 Salads Dataset, which is limited

to recipes for making salads. Multipurpose data sources, such as COCO and AI2Thor,

contain annotations useful to multiple types of applications (e.g., full object segmentations

with labels for object detection and classi�cation) or multiple domains (e.g., images from

kitchens, bathrooms, and bedrooms). We are gradually seeing more multi-domain multi-

task datasets (Srivastava et al. 2022; Grauman et al. 2022) as the �eld moves towards

developing generalist robots.

2.4.3 IntegratingClassandInstanceKnowledge

It is critical to highlight the complementary nature of class and instance knowledge. Class-

level knowledge captures high level, generalizable patterns in the data, while instance-level

knowledge enables those abstract concepts to be grounded to a speci�c environment, as well

as captures the statistical characteristics of the data. When either type of knowledge is used

alone in a semantic reasoning framework, undesirable simplifying assumptions often have to

be made. When class-level knowledge is used alone, the process to ground abstract concepts,

known as the symbol grounding problem (Coradeschi and Sa�otti 2003; Coradeschi et al.

2013), is usually simpli�ed. For example, grounding has been simpli�ed by manually

de�ning mapping functions (Tenorth and Beetz 2017), using visual cues such as �ducial

markers (Lemaignan et al. 2017), or representing objects as blocks with di�erent colors

and shapes (Galindo et al. 2005). When instance-level knowledge is used alone, general

rules in the domain are induced solely from raw data; no prior knowledge is incorporated

(Vasudevan et al. 2007; Sung et al. 2018; Liu, Daruna, and Chernova 2020). Ultimately, a
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robust semantic reasoning framework must have the ability to reason about both types of

information.

At the data level, the synergy between class and instance knowledge can be facilitated

through several instance-level knowledge sources, such as ImageNet, ShapeNet, and Vi-

sual Genome, which integrate both class and instance knowledge by organizing instances

according to the WordNet hierarchy. At the system level, multiple techniques have been

developed for integrating instance and class knowledge (Zeng et al. 2020; W. Yang et al.

2019; Murali, Liu, et al. 2020), as will be examined more closely in subsection 2.7.4.

2.4.4 LanguageasaKnowledgeSource

Language exists as both a class-level and instance-level knowledge source, and numerous

semantic reasoning frameworks use language to teach robot agents new semantic concepts

and skills. For example, novel perceptual concepts of objects can be learned from human

dialogue using an active learning approach (Thomason et al. 2017). A work uses this

active learning algorithm in a conversational agent to update the agent's perceptual concept

models on the 
y (Thomason et al. 2020). Natural language interaction can also used to

learn and improve an interactive dialogue system composed of a reinforcement learning

based dialogue strategy and semantic parser (Padmakumar et al. 2017). Cognitive robot

architectures such as DIARC (Schermerhorn and Kramer 2006) and BWIBots (Khandelwal

et al. 2017) provide a robot platform to learn from human interaction by providing dialogue,

perception, reasoning, and action execution capabilities. For example, one work extends a

cognitive robot architecture to perform one-shot learning of robot actions for multi-agent

interactions by combining natural language instruction with human demonstration (Frasca

et al. 2018). Another work uses a cognitive architecture to learn object a�ordances with

socio-contextual dependencies from natural language instructions (Sarathy et al. 2018).

In addition to human dialogue, large language models trained on text corpora like (Miller

1995; Denoyer and Gallinari 2006) have been successfully used in robotics applications such
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as task planning (Huang, Abbeel, et al. 2022; Ahn et al. 2022), visual navigation (Gadre,

Wortsman, et al. 2022; Khandelwal et al. 2022), spatial-language grounding (Roh et al.

2022; Thomason et al. 2022), and tool manipulation (Ren et al. 2022). These pre-trained

language models can provide knowledge speci�c to the current context while enabling zero-

shot generalization to new scenes and tasks, thereby di�erentiating from other class-level

or instance-level knowledge sources. For instance, pre-trained language models have been

used in task planning to pick an available action based on language-similarity (Huang,

Abbeel, et al. 2022) or predict the probability of an action being successful (Ahn et al.

2022). However, since these language models are trained purely on text data, grounding

knowledge obtained from language models to the real world remains a challenge. Recent

approaches have leveraged multi-modal models such as CLIP (Radford et al. 2021) trained on

paired visual-language data to ground language to vision (Shridhar, Manuelli, et al. 2022a;

Goodwin et al. 2022) and determine navigation actions for long-horizon tasks (Khandelwal

et al. 2022; Gadre, Wortsman, et al. 2022).

2.5 Computational Frameworks

Given data acquired from one or more of the data sources described in the previous section,

we now discuss computational frameworks { the organizational structures that enable robots

to reason about semantics in the data. A wide range of computational methods has been

applied across the literature for knowledge representation and reasoning, with no single

approach applicable across all scenarios. Each representation o�ers di�erent mathematical

structures, assumptions, and types of inference. In turn, the combination of these factors

leads to di�erent performance characteristics with respect tomodeling uncertainty, expres-

siveness, adaptability, explainability, andscalability. Each of these characteristics varies in

its importance for di�erent applications and use cases. For example, the scalability require-

ments of a computational framework for a single robot reasoning about semantic grasping

(D. Song et al. 2015; Liu, Daruna, and Chernova 2020) are di�erent from a framework
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Figure 2.2: An example semantic graph that includes multimodal data, di�erent types of
relations, and local con�dence values de�ned for edges (shown as values in parentheses).
The con�dence scale is not bounded.

designed as a shared cloud-based knowledge repository for many robots across di�erent

environments (Saxena et al. 2014; Waibel et al. 2011).

In subsection 2.5.1-subsection 2.5.7 we present a representative list of computational

frameworks that have been used in literature. We describe the di�erent data and mathe-

matical structures upon which these frameworks are built, how their assumptions lead to

various tradeo�s and use cases in the context of semantic reasoning. Finally, we compare

these frameworks in terms of the high-level characteristics that are essential for SRFs in

subsection 2.5.8.

2.5.1 SemanticGraphs

A semantic graphG = ( V; E) is a set of verticesV connected by directed and/or undirected

edgesE, represented by triplesf (vi ; ej ; vk)jvi ; vj 2 V ^ ej 2 Eg. In the context of SRF,

verticesV store one or multiple types of entity information (e.g., text, images, sounds,

trajectories, and algorithm parameters) and each edgee 2 E has a prede�ned edge type that

represents the relation between the connected entities. Optional con�dence values can also

be associated with verticesV and edgesE in order to represent the certainty of the encoded

knowledge. Figure 2.2 shows an example semantic graph.

Tradeo�s in Context of SRF:A semantic graph is highly adaptable and expandable. New
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observations can be easily added to a semantic graph in the form of new vertices or edges.

Repeated (or lack of) observations of various phenomena can be modeled by increasing

(decreasing) con�dence values associated with the relevant entities. Vertices can also be

merged or split, as in Saxena et al. (2014), when new knowledge is acquired (e.g., splitting

existing entityCup into Mug and Cup). However, a signi�cant limitation of the graph

representation is that it does not support rigorous probabilistic inferences. Furthermore,

the belief of an edge or node is not well established, making it di�cult to assess the relative

certainty of various types of information. An approach uses the Katz centrality to assign an

`importance' score to nodes corresponding to particular objects or motions (Paulius et al.

2016), while another incorporates beliefs from disparate knowledge sources or algorithms

(Saxena et al. 2014).

Uses and Applications:Reasoning over semantic graphs can be performed at the node,

local subgraph, or global graph levels. At the node level, node similarity can be computed by

comparing the locations of nodes in the semantic graph. For example, Wu-Palmer similarity

(Wu and Palmer 1994) is used on WordNet (Miller 1995) data to generalize manipulation

sequences (Paulius et al. 2018) and organizational preferences (Abdo et al. 2015) between

similar objects. At the subgraph level, information retrieval on large-scale semantic graphs

is performed by matching a query template with the graph (Saxena et al. 2014; Paulius et al.

2016; Y. Yang et al. 2014). Queries typically take the form(u; e; v), in which the variables

u andv are nodes in the semantic graph and the variableeis a directed edge fromu to v. For

example, the query(u; HasA�ordance; scoop) can be used to retrieve a list of objects that

provide the scooping a�ordance, and the query(spoon; e; kitchen) can be used to identify

the relationship between a spoon and a kitchen. More complex reasoning can be achieved by

chaining multiple queries together, such as the above examples that can be used to identify

that going to the kitchen may allow the robot to �nd an object for scooping (Saxena et al.

2014). At the global level, graph matching assesses similarity between di�erent models.

For example, graph matching over topological models of human spaces and objects provides
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Figure 2.3: An example Markov network with undirected edges between random variables.
The joint distribution can be factorized into clique potentials, denoted by� 's.

a solution for place recognition and place classi�cation (Vasudevan et al. 2007), and graph

matching over object models of constituent parts enables object recognition (Aleotti and

Caselli 2011). A di�erent approach is used in A. Jain et al. (2013), in which a score over an

entire object graph is computed based on object properties and neighboring objects. The

importance of di�erent features is learned from demonstrations in order to encode trajectory

preference.

2.5.2 MarkovNetworks

A Markov network (MN), or Markov Random Field, is a probabilistic graphical model

represented by the pair(H ; P). The joint probability distributionP factorizes over the

undirected graphH, whose nodes represent a set of propositional random variables and

edges represent the correlations between random variables, as illustrated in Figure 2.3. A

commonly used type of Markov network is a Conditional Random Field (CRF), in which

random variables are divided into a set of target variablesY and a set of observed variables

X . Rather than encoding the joint distributionP(Y; X), a CRF represents the conditional

distributionP(Y jX ).

Tradeo�s in Context of SRF:As a probabilistic model, a MN provides a computa-
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tional framework for representing a complete probability distribution - the probability of

every possible event as de�ned by the values of all the random variables. Additionally,

the independence assertions encoded in the graphical structure allow a distribution to be

compactly represented as products of factors, or clique potentials. Since the factorization

is over cliques, which are fully connected subsets of the random variables in the graph

(e.g., pairs of variables), a Markov network is especially suitable for modeling symmetric or

associative relations between variables. When relations between certain variables are hard

to elicit due to overlapping information or implicit correlations, a CRF can be used to avoid

representing a probabilistic model over these variables. However, the 
exibility in de�ning

MNs and CRFs results in a lack of clear semantics, which has several disadvantages. First,

each clique contributing to the overall inference result does not help to reveal which random

variables a�ect the result the most. Second, the use of cliques to de�ne a joint distribution

makes parameterizing the model by hand more di�cult. The second limitation leads to the

convention of learning clique potentials from training examples, which requires apriori data

to converge to reasonable parameters (Koller and Friedman 2009; Limketkai et al. 2005;

G•unther et al. 2018).

Uses and Applications:Markov networks have been used to model spatial and contextual

relations between objects. Jointly reasoning about these relations helps to improve the

robustness of object classi�cation algorithms over those that are based solely on visual

features. For example, Relational Markov Networks, an extension of CRFs, have been used

to represent the spatial relations between walls and doors in 2D laser scans (Limketkai et al.

2005). Modeling the spatial relations allows this approach to infer labels for line segments

that are not con�dently classi�ed from the 2D map features alone. Similarly in G•unther

et al. (2018), CRFs are used to exploit contextual and spatial relations between objects in a

scene to improve object classi�cation. Particle �lter based belief propagation over a CRF

has been used to represent belief over various objects in the scene (Zeng et al. 2020).
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Figure 2.4: An example Bayesian network with directed edges between random variables.
The joint distribution can be factorized into conditional probabilities, denoted byP's.

2.5.3 BayesianNetworks

A Bayesian network (BN) is a probabilistic graphical model represented by the pair(G; P),

where the probability distributionP factorizes over a directed acyclic graphG. The nodes

in Grepresent propositional random variables, and edges represent informational or casual

dependencies between the variables. Figure 2.4 shows an example of a BN.

Tradeo�s in Context of SRF:The main advantages of a Bayesian network as a com-

putational framework are its precise probabilistic interpretation and its adaptability. The

Markov assumption and directed-acyclic constraints that de�ne the scope of the network,

allow for simple interpretation of conditionally independent variables and causal relations

between variables. The structure of BNs allows for direct inference over variables and learn-

ing of parameters/structures via e�cient approximations, such as importance sampling or

Gibbs sampling. Factorizing the full joint distribution overG via conditional probability

tables (or distributions) also makes determining the in
uences of inference results more

accessible than MNs. However, managing large-scale conditional probability tables leads

to drawbacks in terms of scalability. While the richness of the resulting probabilistic rep-

resentation is useful to robots reasoning about speci�c problems, inference and learning in

BNs is often intractable for real-world problem sizes involving many random variables and

edges in a dense network. Thus, due to limited scalability, BNs are rarely used in complex
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Figure 2.5: An example partially directed acyclic graph with both directed and undirected
edges between random variables. The edge between the two nodes in the same chain
component is undirected, while the edges between two nodes in di�erent chain components
are directed. The joint distribution can be factorized into conditional probabilities of chain
components given their respective parents.

robot environments, but instead are commonly utilized as a foundation for more complex

computational frameworks.

Uses and Applications:BNs have been used for semantic grasping by encoding relations

between grasps, object features, and task constraints (D. Song et al. 2015). In this context,

Gaussian Mixture Models are used to discretize continuous data for BNs in order to learn

the network structures for factors such as object convexity and grasp location. BNs have

also been used to generate situated probabilistic models of the environment, enabling the

robot to predict likely locations for previously unseen objects (Chernova et al. 2017). In

Paul et al. (2017), BNs are extended to incorporate context and temporal relations into

action selection using Dynamic Bayesian Networks (DBNs), a representation that presents

a compromise between state and space complexity.

2.5.4 PartiallyDirectedAcyclic Graphs

A partially directed acyclic graph (PDAG), or Chain Graph, is a graphical model represented

by the pair(I ; P), where the probability distributionP factorizes over the hybrid graph

I , which consists of both directed and undirected edges that represent in
uences between

the propositional random variables encoded in the nodes ofI (Koller and Friedman 2009).
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Figure 2.5 shows an example PDAG.

Tradeo�s in Context of SRF:PDAGs, which can be thought of as a combination of

MNs and BNs, allow for modeling causal as well as associative relationships. However,

similar to MNs, the PDAG joint distributions are de�ned over chain components of cliques

in the moralized graph ofI instead of individual conditional probabilities, as in BNs.

Factorization over cliques leads to confounding inference results for reasons similar to that

of MNs, namely it is di�cult to distinguish the variables that contribute to an inference

result. Additionally, PDAGs lack clear semantics for model parameters, which makes model

parameters di�cult to elicit from experts. As a result, the convention, much like for MNs,

is to estimate model parameters from training data (Pronobis and Jensfelt 2012).

Uses and Applications:PDAGs have been used to perform causal and associative

reasoning of spatial commonsense knowledge in order to build spatial models of indoor

environments. In Pronobis and Jensfelt (2012), each room instance is connected to one

another by undirected edges according to a topological map. The potentials on undirected

edges are used to describe typical connectivity between room categories. Within each room,

the variable representing the room's category is linked via directed edges to the room shape,

size, appearance, and objects in it, capturing the causal relations between these attributes

and the room type. Similarly in Kim and Suh (2019), undirected edges are used to model

connectivity; however in this case, they connect nodes representing waypoints in the map.

For each waypoint, causal relations between viewing angles, expected objects in a view,

and observations from a robot are modeled by directed edges.

2.5.5 DescriptionLogics

Description Logics (DLs) are a family of formal knowledge representation languages that

are widely used in ontological modeling. DLs represent an application domain using the

pair (T ; A ), whereT , the T-Box, contains terminological axioms describing relationships

between concepts, andA, the A-Box, contains assertional axioms capturing knowledge
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Figure 2.6: A graphical representation of an example description logic ontology. The T-
Box contains axioms de�ning relations between class-level concepts. The A-Box contains
a single fact, which is governed by the constraints de�ned in T-Box.

about named individuals, i.e., the concepts to which they belong and how they are related

to each other (Baader et al. 2008). Figure 2.6 shows an example of a DL ontology.

Tradeo�s in Context of SRF:As a logic language, DLs provide a precise speci�cation of

the meaning of ontologies. This precise speci�cation allows DL ontologies to be exchanged

without ambiguity of their meaning, and also makes it possible to use logical deduction to

infer additional information from the facts stated explicitly in an ontology. As decidable

fragments of �rst-order logic, many DLs also have e�ective methods to always derive the

correct answer. Due to these bene�ts, DLs are widely used in ontological modeling, and

they provide the formalism for the OWL Web Ontology Language, which is standardized

by the World Wide Web Consortium (W3C). As a result of the wide use in the Semantic

Web community, there are many mature libraries providing tools to manipulate, reason, and

query DL ontologies. However, DL cannot be used to reason about uncertainty because

DL o�ers only deterministic reasoning about logic statements. The lack of uncertainty

modeling makes DL brittle when incorporating new knowledge in situations where logical

contradictions arise (Lemaignan et al. 2010). However, ignoring uncertainty allows DL-

based semantic reasoning frameworks to scale to a greater number of instances, type, and
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predicates (Tenorth, Kunze, et al. 2010). Therefore, DLs are typically used for providing

robots with large-scale knowledge bases containing concepts from various domains.

Uses and Applications:Large-scale DLs have been used to encode contexts, spaces,

objects, actions, and features, along with axioms that express inter- and intra-group relations

(Hwang et al. 2006; Suh et al. 2007; Lim et al. 2011). Custom DLs have also been

used to formalize knowledge in speci�c domains, including industrial robotics (Jacobsson

et al. 2016), swarm robotics (X. Li et al. 2017), and object manipulation (Diab et al.

2017). Instead of designing the whole ontology from scratch, the KnowRob ontology is

constructed by combining a manually designed ontology with the public OpenCyc ontology,

therefore bootstrapping available declarative knowledge with general knowledge that could

be leveraged during tasks (Tenorth and Beetz 2017). The ORO ontology is created in

a similar fashion by integrating with the OpenCyc ontology (Lemaignan et al. 2010).

However, the ORO ontology focuses on human-robot interaction, therefore adding new

concepts designed to facilitate interaction.

2.5.6 First-orderProbabilisticModels

First-order Probabilistic Models are formalisms widely used in Statistical Relational Learn-

ing (SRL) that combine graphical models with �rst order relational representations (De

Raedt and Kersting 2011), such as Markov Logic Networks (MLNs) (Richardson and

Domingos 2006) and Bayesian Logic Networks (BLNs) (D. Jain et al. 2009). A �rst-order

probabilistic model is typically represented as a collection of �rst-order logic formulas with

con�dence scores, as illustrated in Figure 2.7. More details about SRL can be found in

Getoor and Taskar (2007a) and De Raedt (2008).

Tradeo�s in Context of SRF:The most obvious bene�t that results from combining

probabilistic reasoning with �rst-order logic is that relational inferences can be used to model

uncertainty, becoming more 
exible to noisy or contradictory evidence. Another advantage

of this representation is that its world de�nitions are more compact because variables act as
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Figure 2.7: An example Markov logic network and its grounded Markov network. Each
formula de�ning the Markov logic network has an associated weight that re
ects how strong
a constraint it is. The Markov network has 3 grounded atom: obj1, loc1, and loc2.

placeholders for entities, which allows them to make relational rules interchangeable among

entities. In contrast, languages based on propositional logic or propositional probabilistic

graphical models (e.g., MNs, BNs, and PDAGs) assume each symbol represents a concrete

fact or entity. However, while �rst-order probabilistic models allow the compact writing

of rules, their representation rapidly expands when performing probabilistic inference or

learning because �rst-order probabilistic models still need to be grounded to their constituent

probabilistic graphical models for computations. For example, a MLN needs to be grounded

to a MN, which contains every possible assignment to the variables in the MLN, as illustrated

in Figure 2.7. The scalability of inference and learning can be partially addressed by

leveraging structures in the models. For example, domain-lifted inference algorithms

exploit symmetries within Markov networks by identifying symmetries directly from �rst-

order structures without grounding MLNs. However, symmetries are di�cult to �nd and

can be easily destroyed by evidence. Due to this scalability issue, applications of �rst-order

probabilistic models in large-scale SRFs remain limited.
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Uses and Applications:First-order probabilistic models have been used to construct

multi-relational probabilistic knowledge bases. In Zhu et al. (2014), a MLN is used to store

knowledge between object properties and a�ordances by using probabilistic relations such

asisA, hasA�ordance, andhasVisualAttribute. The MLN allows for a variety of queries,

for example, predicting a�ordance based on properties extracted from object images and

inferring typical features of objects with a speci�c a�ordance. Similarly in Nyga et al.

(2014), a MLN encoding relations between object properties (e.g., shape, size, and logo)

is used to fuse information from di�erent perception routines for collective classi�cation.

In Moldovan et al. (2012), a probabilistic programming language, ProbLog, is used to

construct a multi-objects a�ordance model. The probabilistic logical rules can deal with

uncertainty in perception and action outcomes. Through the use of placeholder variables in

place of individual objects, the relational representation is able to generalize the a�ordance

model learned from 2 objects to any arbitrary numbers of objects. In Moldovan and Raedt

(2014), Distributional Clauses, which is a �rst-order probabilistic model that supports

modeling continuous probability distributions, enables occluded object search by encoding

di�erent spatial relations between objects such as co-occurrence and stacking in addition

to a�ordance related relations. A dynamic version of Distributional Clauses is used for

object tracking during human activities (Nitti et al. 2014). The physics laws and common

sense knowledge (e.g., if an object is on top of another object, it cannot fall down) that are

encoded in probabilistic and continuous �rst-order rules help robots robustly track objects

even with occlusion.

2.5.7 NeuralNetworks

A Neural Network (NN) is a parameterized function approximatorF that de�nes a mapping

from input dataX to output resultsY (i.e. Y = F (X ; �) , where� represents parameters

of F ) (Goodfellow et al. 2016). The NNs used in semantic reasoning frameworks usually

have two distinctive features. First, these NNs often make use of data containing semantic
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Figure 2.8: An example neural network embedding. Entities and relations are represented
as vectors in a multi-dimensional space. As the embedding aims to store the knowledge that
a mug can appear in a kitchen or a living room, the values of both rooms should be close to
the value of theMugplus a vector that represents theIn relation.

features, such as natural language descriptions of manipulation actions (Sung et al. 2018),

or subgraphs from a knowledge graph (Wang et al. 2018). Second, the objective of these

NNs is to learn not only the mapping from input to output, but also the structure and

semantic relations that underlie the data (Liu, Daruna, and Chernova 2020). Embedding

methods (Cai et al. 2018), in particular, represent a family of NNs that focus on encoding

the structure of data by projecting input data into vector spaces in which spatial relations

re
ect the semantic relations of the input data.

Tradeo�s in Context of SRF:NNs are a 
exible computational framework capable of

learning highly complex relations from data that are often di�cult to encode manually. NNs

can also take data of almost any form (e.g., task label, natural language instruction, image,

point cloud, grasp pose, and trajectory), thereby allowing multimodal data to be combined

and reasoned about collectively in a principled way. However, the adaptability of NNs comes

at a cost to semantic reasoning for robotic applications. First, training NNs requires large

amounts of data, which is often challenging to obtain, particularly in physical environments.

Second, NNs are not as transparent as logic or probabilistic models, therefore reducing the

explainability of the decision-making process. Additionally because the learned semantics

33



within the NNs are challenging to extract, a NN trained in one domain may not transfer well

to another (e.g., simulation vs real-world). While progress continues to be made on this

front in the deep learning community, it is still a serious concern for practical applications

involving physical robots operating autonomously in real-world environments.

Uses and Applications:Neural networks have been used in most recent semantic

reasoning frameworks. Di�erent neural network architectures o�er inductive biases suitable

for di�erent data structures. Recurrent Neural Networks have been used to model sequential

data for storing history of observations and actions (Shridhar, Yuan, et al. 2022; Gordon

et al. 2018; Weihs et al. 2021; Stepputtis et al. 2020). Graph Neural Networks have been

applied to graph-structured data, modeling spatial relations between objects in both small

scenes and large spaces (Zhu et al. 2021; Kurenkov et al. 2021; Ravichandran et al. 2022;

Kapelyukh and Johns 2022), connections between concepts in knowledge graphs (W. Yang

et al. 2019; C. Gao et al. 2021), and functional interactions between keypoints on objects

(Turpin et al. 2021). Transformers have been shown to be e�ective at capturing long-range

dependencies in sequential data (Pashevich et al. 2021); they can also reason about binary

and higher-order relations between entities (C. Wang et al. 2022; Yuan et al. 2021; Liu,

Paxton, et al. 2022; W. Liu et al. 2021). Besides exploring di�erent architectures, SRFs

apply neural networks to reason about multimodal data and combine inference on symbolic

and sensorimotor data. Di�erent modality-speci�c networks can be used to map metric-

level data (e.g., images, language instructions, point clouds, and tactile signals) to latent

codes, which can then be organized in meaningful ways (Lynch and Sermanet 2020; Sung

et al. 2018). Early fusion of multimodal data at the feature level has also been observed, such

as the LingUNet widely used for language-conditioned manipulation (D. Misra et al. 2018;

Blukis et al. 2020; Blukis et al. 2021; Shridhar, Manuelli, et al. 2022a; Blukis et al. 2022).

Transformer networks also serve as an suitable architecture to perform multimodal learning

(Roh et al. 2022; Liu, Paxton, et al. 2022). We also see an recent trend in leveraging large

pretrained language models as a knowledge sources, such as in the application of grounding
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natural language instructions to task plans (Valmeekam et al. 2022; Huang, Abbeel, et al.

2022; Ahn et al. 2022). Pretrained vision and language models such as CLIP have been

used to closely align visual observations and novel language for improving generalization

(Shridhar, Manuelli, et al. 2022a; Nair et al. 2022; Gadre, Wortsman, et al. 2022)

Embedding methods also have been widely used in semantic reasoning frameworks to

capture relations within the data. In Daruna et al. (2019), knowledge graph embeddings

are used to capture relations between household objects and their attributes, enabling the

robot to predict locations of objects, likely materials for objects, and a�ordances of objects.

Word embeddings capturing similar word meanings are used in Thomason et al. (2018) and

Fulda et al. (2017) to perform multi-modal language grounding and learn common sense

navigational knowledge, respectively. The work of Sung et al. (2017) explores a multi-

modal embedding that mapped trajectory, language instruction, and object point cloud data

to the same embedding space.

2.5.8 Summaryof ComputationalFrameworks

Robots operating in complex human environments, such as homes, o�ces, and hospitals,

require the ability to model uncertainty in the environment, reason about the world at varying

levels of abstraction, adapt to changes in schedule, task requirements or object placement,

be transparent in their reasoning and choices, and scale to multiple domains. Each of

these challenges can be aided by semantic reasoning. Therefore in the context of SRF, we

associate these challenges to �ve crucial characteristics of computational frameworks:

1. Modeling uncertainty- ability to model the inherent uncertainty and variability of the

real world;

2. Expressiveness- ability to represent reasoning patterns at di�erent levels of complex-

ity, such as propositional, �rst-order, second-order, and etc;

3. Adaptability- ability to e�ciently adapt the knowledge representation in response to
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new observations;

4. Explainability - ability to communicate information in a clear way and the trans-

parency of the decision making process;

5. Scalability- ability to e�ectively model complex, real-world environments consisting

of hundreds of objects.

Existing computational frameworks have succeeded in meeting one or more of these chal-

lenges, though no framework to date has excelled in all �ve areas.

Modeling uncertainty:Probabilistic models, including MNs, BNs, PDAGs, and �rst-

order probabilistic models, are inherently e�ective at modeling uncertainty. When using

other frameworks in situations with nondeterministic information, probabilistic variants of

these frameworks, such as Bayesian Neural Networks (Neal 2012), Deep Ensembles (Lak-

shminarayanan et al. 2017) and Probabilistic Description Logics (Heinsohn 1994), can be

selected.

Expressiveness:First-order frameworks such as DLs and �rst-order probabilistic models

are more expressive than probabilistic graphical models (e.g., MNs, BNs, and PDAGs),

which use propositional random variables. Prior work has shown that neural representations

can approximate �rst-order logic, therefore producing more expressive reasoning patterns

(F. Yang et al. 2017; Rockt•aschel and Riedel 2017; Hamilton et al. 2018).

Adaptability: Incorporating new information into probabilistic models is hard as it often

entails learning new parameters or structures. In contrast, new knowledge can be more easily

added as new assertions in DLs and as new nodes or edges in semantic graphs. Since NNs

are typically capable of generalizing learned models to new data, new information can also

be reasoned without retraining.

Explainability: Symbolic frameworks, including all frameworks previously introduced

except NNs, are typically easier to interpret than non-symbolic approaches. Within symbolic

approaches, reasoning in a DL or a semantic graph often is involved with a subset of
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contained information while reasoning in a probabilistic model depends on all random

variables in the model. The modular and local reasoning mechanism, as a result, provides

more interpretability.

Scalability: NNs, semantic graphs, and DLs have all been used with large-scale data

(Daruna et al. 2019; Saxena et al. 2014; Tenorth and Beetz 2013). In contrast, probabilistic

models are less e�cient at handling a large amount of information. As for �rst-order

probabilistic models speci�cally, scalable inference and learning are still open research

problems.

When using existing computational frameworks for semantic reasoning, trade-o�s be-

tween the �ve characteristics mentioned will need to be considered according to the reason-

ing problem domain, available knowledge, and formal veri�cation requirements. However,

a direction for future work is to continue to push toward a framework that excels in all �ve

areas.

2.6 Building World Representations from Data

In this section, we turn our attention to constructing world representations that encode

various types of semantic knowledge. Speci�cally, we consider world representations that

model �ve semantically meaningful entity types:objects, spaces, agents, tasks, andactions.

These �ve categories cover di�erent aspects of the world a robot interacts with, and each is

also inherently di�erent in the modality and underlying structure of its data. By analyzing

these �ve categories of representations, we aim to provide developers the useful languages to

build up multi-modal, multi-relational, and multi-domain semantic reasoning frameworks

that can accurately model and reason about the world.

2.6.1 RepresentingObjects

In this survey, objects refer to the physical entities that robots can perceive and interact with.

Representations of objects model object properties and the relations between these prop-
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Figure 2.9: Structure of object representations

erties. Leveraging object representations helps create robot behaviors that are intelligent

(e.g., manipulation based on object functionality (Tenorth et al. 2013; Liu, Daruna, and

Chernova 2020)) and robust (e.g., recovery of task failure with object substitution (Boteanu

et al. 2016)). In addition to storing information associated with objects, object represen-

tations also serve as a foundation for representations of other entity types. For example,

modeling the function of a space depends on modeling its contained objects, and modeling

the belief state of an agent often requires modeling the agent's perception and understanding

of objects.

In discussing the structure of object representations, we refer to three types of encoded
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information: metric, instance-level semantic, and class-level semantic, as illustrated in

Figure 2.9:

ˆ Metric: Metric representations of objects contain information unique to each object

instance (e.g., image, point cloud, and pose). As these representations store high-

�delity information, they are often numerical and continuous. Aggregating these

low-level data for each instance or across instances allows robots to build features

that are used to recognize objects and properties, enabling grounding (Coradeschi

et al. 2013). Meaningful semantics and suitable abstraction can also be automatically

discovered from the metric data (Sung et al. 2017; Thosar et al. 2021). Maintaining

the raw data, in addition, helps avoid the combinatorial explosion that would arise

from storing all possible qualitative semantic representations (e.g., pair-wise relations

between objects) (Tenorth and Beetz 2013). Implicit representations of objects can

be used to achieve view-invariance (Simeonov et al. 2022) and e�ciently encode

multimodal properties (R. Gao et al. 2022)

ˆ Instance-level Semantic:Instance-level semantic representations include abstract

concepts about each object instance, which are grounded in a robot's observations.

For example, in Figure 2.9, the object is classi�ed as a cup from its image. Since these

representations are abstract, they tend to be qualitative and discrete. The compact form

of instance-level semantic representations facilitates e�cient semantic reasoning but

they also maintain enough information that can distinguish between object instances

and guide precise robot behaviors (Liu, Daruna, and Chernova 2020; D. Song et al.

2015; Achlioptas et al. 2020; Thomason et al. 2022).

ˆ Class-level Semantic:Class-level semantic representations encode abstract knowl-

edge that generalizes across an entire class of objects. For example, a cup is a

container and can be used for drinking. Similar to instance-level semantic represen-

tations, the class-level representations often are symbolic. Though class knowledge
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cannot be readily perceived, it encodes many useful priors that can be extracted from

semantic knowledge sources or manually created by experts (Tenorth and Beetz 2017;

Lemaignan et al. 2017; Galindo et al. 2008; Bisk et al. 2020).

Together these three types of object representations allow a robot to ground perceivable

symbols, learn class attributes from instances, and relate objects to other abstract semantic

concepts. These three types of information are observed in many complete semantic

reasoning frameworks such as KnowRob (Tenorth and Beetz 2017), RoboBrain (Saxena

et al. 2014), ORO (Lemaignan et al. 2017), and OUR-K (Lim et al. 2011). To provide

concrete examples, we now discuss how a variety of object properties and relations have

been modeled in representations of each type.

Metric representations have been used to store complete and accurate information about

object appearance, shape, location, and use. Speci�cally, 2D images (Saxena et al. 2014)

and 3D CAD models, meshes, and point clouds (Tenorth and Beetz 2017; Beetz et al. 2018;

Saxena et al. 2014; Sung et al. 2018; Sung et al. 2017) encode raw visual and geometric

information. Intermediate representations such as image features (Hwang et al. 2006; Sax-

ena et al. 2014), primitive shape models (Tenorth and Beetz 2017; Hwang et al. 2006), and

object dimensions (Moldovan and Raedt 2014) store processed 2D and 3D information.

Objects are also represented by parts extracted from methods like curvature-based segmen-

tation (Tenorth and Beetz 2017; Tenorth et al. 2013; Pangercic et al. 2012) and Reeb-graph

segmentation (Aleotti and Caselli 2011). Keypoints (Manuelli et al. 2019) and neural de-

scriptor �elds (Simeonov et al. 2022) have been used to establish shape correspondence

between objects in the same categories. Apart from visual and geometric information,

object poses are also maintained in the numeric form, which enables both metric reasoning

(G•unther et al. 2018; Nitti et al. 2014; Koppula and Saxena 2014; Vasudevan et al. 2007)

and extractions of qualitative spatial relations (Tenorth and Beetz 2013; Tenorth and Beetz

2017). Object functions are often described in the language of a�ordance, which is intro-

duced by Gibson as the properties of an object that determine possible actions to perform
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on it (Gibson 2014). At the metric level, the spatio-temporal representation of a�ordance

de�nes both the 3D location of interaction on an object, and the motion trajectory for

manipulating it (Koppula and Saxena 2014; Zhu et al. 2015). Articulation models are also

included in prior work to specify manipulation trajectories for objects such as doors and

drawers (Beetz et al. 2018; Pangercic et al. 2012).

Instance-level semantic representations have been used to encode a variety of abstract

information about individual objects. Class labels represent object categories, which can be

predicted from end-to-end image classi�ers or grounded in low-level and semantic features

(Hwang et al. 2006; G•unther et al. 2018; Aleotti and Caselli 2011; Antanas et al. 2019;

Hidayat et al. 2008). Shape labels extracted from metric data are used to infer a�ordance

(Moldovan et al. 2012; Moldovan and Raedt 2014; Varadarajan and Vincze 2013), guide

grasping (D. Song et al. 2015). A�ordance labels are also directly extracted from visual data

(Liu, Daruna, and Chernova 2020; Varadarajan and Vincze 2013), and could be learned from

physical interactions with objects, especially in the case of tool use (Fang et al. 2020; D. Xu

et al. 2021; Turpin et al. 2021). Another widely used representation is object part labels,

the de�nitions of which are based on common object parts (e.g., door knob) (Tenorth and

Beetz 2013; Tenorth et al. 2013; Pangercic et al. 2012; Hwang et al. 2006), a�ordances (e.g.,

pourable and containable) (Liu, Daruna, and Chernova 2020; Varadarajan and Vincze 2013;

Zhu et al. 2015), and other heuristics (e.g., top and bottom) (Antanas et al. 2019). Object

states (Antanas et al. 2019; Liu, Daruna, and Chernova 2020), materials (Liu, Daruna,

and Chernova 2020; Varadarajan and Vincze 2013), and other more open-ended language

descriptions (Beetz, B�alint-Bencz�edi, et al. 2015; Thomason et al. 2018; Thomason et al.

2022) have also been used to characterize object instances.

Class-level semantic representations have been used to store general knowledge about

object classes. External knowledge graphs and ontologies, such as WordNet, ConceptNet,

and Cyc, are connected to objects through class labels (Galindo et al. 2008; Daruna et al.

2019; Chernova et al. 2017; Fulda et al. 2017; W. Yang et al. 2019; Thomason et al.
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2018). To deal with partial and inaccurate information from these knowledge sources, some

methods have used these priors as high-level constraints or probabilistic statements instead

of ground-truths (Tenorth and Beetz 2013; Tenorth and Beetz 2017; Zhu et al. 2014; Marino

et al. 2017). General spatial knowledge is also expressed in terms of object classes (e.g.,

a kitchen typically has a sink and a microwave), which we will discuss in more detail in

subsection 2.6.2. Prior work has also modeled the relations between di�erent types of class-

level knowledge and used them to infer missing or unknown information such as a�ordances

and possible object locations (Daruna et al. 2019; Chernova et al. 2017; Bozcan and Kalkan

2019; Fulda et al. 2017). A unique representation at the class level is word senses, which

eliminate the ambiguities between objects with the same name but di�erent meanings (e.g.,

a bowl as a container or as a stadium) (Tenorth, Nyga, et al. 2010b; Chernova et al. 2017;

Nyga et al. 2018).

2.6.2 RepresentingSpaces

Spaces in this survey refer to continuous expanses with speci�c volumes de�ned by their

boundaries. We distinguish the concepts ofmapandsemantic spatial modelin the context

of semantic reasoning. The primary purpose of a map, as used in the literature (Asada 1990;

Thrun et al. 1998; Choset and Nagatani 2001), is for use in navigation and localization.

We introduce the concept ofsemantic spatial models, which are also designed to represent

spaces, but with the purpose of facilitating task execution. For example, semantic spatial

models often encode semantic object types and attributes in addition to space occupancy

or room topology, which enables task planning (Galindo et al. 2008; Hanheide et al.

2017), visuomotor navigation for object search (Ravichandran et al. 2022), and visual room

rearrangement (Trabucco et al. 2022).. By using semantic spatial models, queries can

be made to reason about not only spaces but also other objects, agents, actions, or tasks

associated with them.

In discussing the structure of semantic spatial models, we de�ne three main layers:
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Figure 2.10: Structure of space representations

metric, instance-level semantic, and class-level semantic (Figure 2.10). Note that the

structures of semantic spatial models and object representations are closely related as they

share similar levels of abstraction.

ˆ Metric: The metric layer of a semantic spatial model describes spaces and contained

entities quantitatively through various numeric measurements (e.g., laser scan, 3D

pose of landmark, occupancy grid). Metric representations allow robots to interpret

the geometry of environments but lack the abstraction and semantic meaning required

to perform e�cient reasoning.

ˆ Instance-level Semantic:The instance-level semantic layer of a semantic spatial

model enriches the metric layer by assigning semantic meaning to measurements
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(Galindo et al. 2005). This layer has nodes that represent observed concepts (e.g.,

recognized objects and rooms) and edges that represent observed relations (e.g.,

traversability and part-whole relations), from which belief states can be extracted to

be used by task planners.

ˆ Class-level Semantic:The class-level semantic layer of a semantic spatial model

allows for further generalization by including general knowledge of class types. This

layer can store abstract properties about the class types (e.g., bedrooms and living

rooms are rooms in house environments) and encode common rules (e.g., sofa and

TV are typically observed in living rooms) (Galindo et al. 2008; Pronobis and Jensfelt

2012).

Prior work has explored techniques for combining information across various subsets of

these layers, as discussed below.

In many semantic spatial models, all three layers are in use. This is particularly

true for models of large spaces composed of many rooms or locations, such as an entire

kitchen (Tenorth, Kunze, et al. 2010) and a whole o�ce 
oor (Pronobis and Jensfelt 2012).

In these spaces, all three layers are crucial as robots need to navigate with the metric

information, e�ciently reason about individual entities with the instance-level semantic

knowledge, and generalize with the class-level semantic knowledge. The exact details

of how information is encoded at each layer di�er across frameworks. In many systems

(Suh et al. 2007; Lim et al. 2011; Galindo et al. 2005; Galindo et al. 2008), class-level

knowledge about typical room types (e.g., a bedroom has a bed) are encoded in expert-

created ontologies. In order to overcome the rigidity of rule-based systems, co-occurrence

statistics of objects and room types are stored as conditional probabilities (Kunze et al.

2012; Vasudevan et al. 2007) and encoded in factor graphs which can be integrated with

probabilistic measurement and prediction models to infer likely object locations (Zeng et

al. 2020). Room-object relations, room-appearance relations, and room-room connections

have been simultaneously represented in PDAGs (Pronobis and Jensfelt 2012; Hanheide
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et al. 2017; Kim and Suh 2019). In Tenorth, Kunze, et al. (2010), class-level knowledge

about objects and spaces are obtained by establishing connections to external commonsense

ontologies. Recently, large language models is used to enhance the instance-level map with

commonsense knowledge (W. Chen et al. 2022).

All three spatial layers are not always needed, and subset pairs have been used in some

applications. With only abstract knowledge, the instance- and class-level semantic layers

are used to qualitatively reason about missing objects in di�erent scenes (Tenorth and Beetz

2013; Bozcan and Kalkan 2019). Some approaches model spaces only at the class-level.

The abstract knowledge about types of spaces provides high-level guidance for object search

and rearrangement (Daruna et al. 2019; W. Yang et al. 2019).

Metric and instance-level semantic layers are commonly used to closely integrate per-

ception and spatial reasoning. Predicates representing inter-object spatial relations, such

as in, on, andleft of, can be inferred through functions learned from data (Yuan et al.

2021; Migimatsu and Bohg 2022; Huang, Xu, et al. 2019; Kase et al. 2020). These spatial

relations have been used for contextual reasoning (Moldovan and Raedt 2014), language

grounding(Bisk et al. 2018; Paul et al. 2016), modeling world dynamics (Zellers et al.

2021), and specifying manipulation goals (e.g., moving the cup to the right of the bowl)

(Mees et al. 2020; Janner et al. 2018; Kartmann et al. 2021; Huang, Xu, et al. 2019). 2D

and 3D scene graphs o�er a compact representation to simultaneously encode spatial and

semantic information of multiple entities, where metric information such as object poses,

visual appearances, and 3D models can provide precise speci�cations for the qualitative

concepts and relations (Zhu et al. 2021; Zeng, Zhou, et al. 2018; Tuli et al. 2022; Rosinol

et al. 2020; Kurenkov et al. 2021). Beyond prede�ned spatial relations, continuous val-

ued embeddings can be used to encode scene graphs relating objects in a view-invariant

representation (Gadre, Ehsani, et al. 2022). To maintain a history of observed instance-

level scene information from egocentric observations and aid in long-term memory recall,

spatial maps have been built by projecting instance segmentation masks onto a 3D voxel
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Figure 2.11: Structure of task representations

space (Tan et al. 2020; Blukis et al. 2022; Trabucco et al. 2022) or using learned Gated

Recurrent Unit (Gordon et al. 2018)

2.6.3 RepresentingTasks

Tasks in this survey are de�ned as structures that encapsulate and organize grounded actions.

Task planning of robots in the physical domain poses challenges such as intractable domains,

partial observations, stochastic e�ects, and disconnected goals. Semantic reasoning is used

to alleviate these problems by adding organized information. We show three essential

structures of semantic task models in Figure 2.11. The two upper panels of Figure 2.11

show how tasks can be organized as sub-tasks in a class-level task hierarchy. This structure

is used to represent tasks at an abstract level. The two lower panels of Figure 2.11 show
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how each sub-task could be represented and linked to information in representations of

other entity types in class-level sub-task template and class-level sub-task instantiation.

The example structures illustrated in Figure 2.11 and de�ned below illustrate one approach

by which semantic knowledge can be incorporated into tasks.

ˆ Class-level Task Hierarchy:recursively decomposes a task into sub-tasks until a

known set of class-level sub-task templates are reached. A task hierarchy uses

di�erent levels of abstraction to enable re-use of task plans and e�ectively represents

the sequential nature of tasks with multiple steps (Kaelbling and Lozano-P�erez 2011).

ˆ Class-level Sub-task Template:de�nes a sub-task by placeholder actions and place-

holder conditions. This structure serves as the blueprint of the class-level sub-task

instantiations and allows for better generalization by grouping instantiations from

the same template (Hanheide et al. 2017). This representation also pertains to lifted

operators in the task and motion planning literature (Garrett et al. 2021).

ˆ Class-level Sub-task Instantiation:inherits all the restrictions from the class-level

sub-task template by instantiating pre- and post-conditions in terms of class-level

concepts in other world representations. Connection to other representations help

infer missing information in tasks and infer the correct ordering of sub-tasks. (For the

example in the �gure, because the refrigerator is connected to pancake mix in object

representation and kitchen in space representation, perceiving refrigerator is added

as a pre-condition to help the robot �nd pancake mix in execution).

It is worth noting that the instance level of task speci�cation is not shown here because

its conditions are speci�ed as concepts in other representations. For example, the realization

of a sub-task is an action. The grounding of class-level concepts of tasks are discussed

separately in subsection 2.6.1, subsection 2.6.2, subsection 2.6.4, and subsection 2.6.5.

Prior work has explored techniques for utilizing di�erent subsets of structures to organize

tasks. Incorporating hierarchical structure into task representations, which can be learned
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from a repository of tasks (D. Xu et al. 2018; Boteanu et al. 2016; Y. Yang et al. 2015) and

encoded by an expert (Kr•uger et al. 2011; Lim et al. 2011; Kaelbling and Lozano-P�erez 2011)

promotes robustness and e�ciency of task execution and planning. Decomposing tasks in

hierarchies helps promote robustness to stochastic task outcomes (Kaelbling and Lozano-

P�erez 2011; S. Zhang et al. 2014) and representational e�ciency through the re-use of tasks

(D. Xu et al. 2018; Waibel et al. 2011). Additionally, a hierarchical task decomposition

enables more e�cient planning by planning at di�erent abstraction levels (e.g., planning

at class-level) (S. Zhang et al. 2014), or executing partial plans (e.g., only planning to

decision points which require execution) (Kaelbling and Lozano-P�erez 2011). In addition

to modeling robot tasks, class-level task hierarchies have been used to model instructions

provided by humans during interactions (Nyga et al. 2018; Lemaignan et al. 2017). Tasks

de�ned in natural language can be decomposed into sub-tasks in natural language (Ahn et al.

2022; Huang, Abbeel, et al. 2022; Valmeekam et al. 2022), or expanded into programs (I.

Singh et al. 2022) through pre-trained language models.

In addition, class-level task hierarchies have been modeled in prior work to express the

ordering of task steps both explicitly in symbols (Nyga et al. 2018; Zeng, Zhou, et al. 2018;

Hanheide et al. 2017; Fainekos et al. 2005; Paulius et al. 2016; Hristov et al. 2020a), or

implicitly in neural networks (A. Das et al. 2018; D. Xu et al. 2018; Paxton et al. 2019;

Ichter et al. 2021) The ordering constraints within the class-level task hierarchy structure

enables robots to infer a sequence of actions to reach a goal state (Beetz, M•osenlechner,

et al. 2010; Galindo et al. 2005), select the next action given the current state (Zhu et al.

2017; A. Das et al. 2018; Paxton et al. 2019), and repair failed task plans (Hanheide et al.

2017; Kim and Suh 2019). Graphical task structure to represent ordering constraints has

be learned from demonstrations and provide the 
exibility of generalizing to unseen tasks

with similar skill requirements (Huang, Nair, et al. 2019; D. Xu et al. 2019).

Besides encoding sequential and hierarchical structures of tasks in task representations,

prior work has also adopted class-level sub-task template and instantiations by ensuring cor-

48



Figure 2.12: Structure of action representations

respondences between generic and task-speci�c information (Galindo et al. 2008; Tenorth

and Beetz 2017; S. Zhang et al. 2014). Learned state and action abstractions have been

used to generate an abstract sub-task template that yields e�cient and scalable task-speci�c

policies (Curtis, Silver, et al. 2022). Several methods leverage class-level sub-task instanti-

ations to establish the connection to other world representations. In Lim et al. (2011), pre-

and post-conditions are de�ned in terms of concepts in object and space representations.

Similarly in Galindo et al. (2005), conditions link to semantic maps and topological maps.

In Tenorth and Beetz (2017), conditions additionally incorporate temporal information for

inferring and explaining temporal order of tasks.

2.6.4 RepresentingActions

Actions in this survey refer to physically grounded robot behaviors. Inherently, actions

are continuous, stochastic, and require feedback. In the context of SRF, each action also

has related semantic representations, which create a high-level abstraction for the low-

level sensor-motor experience and associate the action with contextual information. The

semantic representations of actions are compact and can be easily connected with high-level

objectives and task plans. By leveraging the encoded information in these representations,

robots can generalize behaviors to novel situations (Tenorth et al. 2014; Sung et al. 2018)
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and take actions appropriate for the context (A. Jain et al. 2013).

In discussing the structure of action representations used in prior work, we build on the

framework of object-action complex (OAC) (Kr•uger et al. 2011), which aims to bridge the

gap between high-level abstract reasoning and low-level control knowledge for actions. We

adapt the OAC representation in the context of SRF so it is consistent with the language of

this survey. Speci�cally, action representations have two layers: metric and instance-level

semantic, as illustrated in Figure 2.12.

ˆ Metric: The metric representations contain low-level information related to actions.

The representations can be divided into representations of the world states (e.g.,

an image of the scene, a pose of the manipulated object) and representations of

actions themselves (e.g., a trajectory, a feedback controller). Executing an action

causes changes in the physical world that transform the initial world stateWS0 to the

resulting world stateWSr .

ˆ Instance-level Semantic:The instance-level semantic representations create high-

level abstractions for actions. The word instance-level emphasizes that these rep-

resentations are grounded in the metric level data. Similar to the metric layer, the

semantic layer consists of semantic representations of world states and semantic rep-

resentations of actions. The semantic representation of an action can be a prediction

function that models how the semantic world state will transform from the initial

semantic stateS0 to the predicted semantic stateSp if the action is executed (Kr•uger

et al. 2011; Zellers et al. 2021). However, the semantic representation of an action can

also be as simple as a language description of the action (Sung et al. 2018; Stepputtis

et al. 2020; Shridhar, Manuelli, et al. 2022a; Lynch and Sermanet 2020).

Another essential feature of action representations is the tight connections between these

two layers. As robot actions are noisy, keeping the mappings from metric to semantic

representations of world states allow robots to discover the discrepancies between the
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physical actions and imagined actions. For example, the di�erence betweenSr andSp, or

the di�erence betweenWSr andWSp, as illustrated in Figure 2.12.

All the described components of action representations are observed in prior work. In

OAC (Kr•uger et al. 2011), the discrepancies between the e�ects of actions in the semantic

and metric layers have been used as feedback to both improve the prediction function for

push actions and facilitate the learning of task-agnostic and speci�c grasps. In (Moldovan

et al. 2012), a prediction function for primitive actions is implemented in a SRL formalism,

while (Zellers et al. 2021; C. Wang et al. 2022) learn to predict the results of an action

represented in natural language in the form of logical predicates. Having the conceptual

model of actions allows a robot to pick actions most likely to produce desired e�ects on

objects.

Besides learning conceptual models of actions, semantic representations of actions

are also commonly used for creating generalizable actions. The controllers of the robot

manipulators can be parameterized by task functions grounded in geometric features of

objects (e.g., keep the main axis of the spatula pointed at the center of the oven) (Bartels

et al. 2013; Tenorth et al. 2014; McMahon et al. 2018; Thompson et al. 2021). Actions

are generalized to new objects by imposing these task functions as semantic constraints

on functionally meaningful geometric features (e.g., handles). Another approach combines

low-level trajectories and point clouds of object parts with high-level language instructions

in NNs to create generalizable representations of actions (Sung et al. 2018; Sung et al. 2017).

Recent work on language-conditioned manipulation directly maps from natural language

instructions to continuous actions and leverages compositional generalization supported by

language commands (Blukis et al. 2020; Blukis et al. 2021; Shridhar, Manuelli, et al. 2022a;

Mees, Hermann, Rosete-Beas, et al. 2022; Stepputtis et al. 2020)

Semantic representations of actions also allow high-level constraints to be easily incor-

porated. In A. Jain et al. (2013), user preferences of trajectories are modeled as a scoring

function that is computed from both metric information (e.g., robot arm con�gurations and
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Figure 2.13: Structure of agent representations

distances to surrounding surfaces) and semantic representations (e.g., properties of objects

that are near to the trajectory). Similarly, language is used to correct robot motions by

predicting a cost map for path planning (Sharma et al. 2022). Many existing approaches

to semantic grasping have also leveraged semantic representations to compactly encode

contextual information (Liu, Daruna, and Chernova 2020; D. Song et al. 2015; Antanas

et al. 2019). Instead of mapping language directly to actions, correspondences between lan-

guage description and image-based subgoals are learned from o�ine data for model-based

planning (Nair et al. 2022).

2.6.5 RepresentingAgents

Agents in this survey are de�ned as a robot itself, other robots, and humans in the envi-

ronment. Inferring human belief states is often vital for Human-Robot Interaction (HRI),

while understanding the capabilities of the robot's self and others is often necessary for task-

collaboration and knowledge sharing. The representation of each agent (i.e., the self, other

robots, and humans) includes that agent's capabilities, con�gurations, and belief states, as

illustrated in Figure 2.13. While an agent has direct access to its own belief states and ca-

pabilities, the belief states and capabilities of other agents can be received through message
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exchange between agents (Waibel et al. 2011) or inferred from perceptions (Breazeal et al.

2006).

ˆ Capabilities & Con�guration: The capabilities of an agent can be inferred from its

physical con�guration. In addition to spatial poses and dynamics of body parts, phys-

ical con�gurations can include semantic descriptions linking properties, algorithms,

and other semantics to reason about overall agent capability with respect to actions

or tasks (Kunze et al. 2011).

ˆ Belief States:The belief states of agents can consist of the previously mentioned

representations (i.e., object, space, task, action) or attributes speci�c to agents (e.g.,

intent, preferences) (Puig et al. 2020; Lemaignan et al. 2017). Within the agent's

belief state, the di�erent representations will interact as the world state changes and

the representations are updated.

Human agents have been modeled in semantic reasoning frameworks to enable naive

user interaction with complex semantic reasoning frameworks (Lemaignan et al. 2010;

Lemaignan et al. 2017; Nyga et al. 2018) and to model user preferences (Tenorth and

Beetz 2009; Abdo et al. 2015; Zhu et al. 2015; Zhu et al. 2014; Tenorth and Beetz 2009;

R. Liu et al. 2015). Semantic reasoning frameworks that leverage ontologies (Lemaignan

et al. 2010; Lemaignan et al. 2017; Tenorth, Kunze, et al. 2010) have modeled human

agents by including relevant classes (e.g., agent, embodied agent, human, robot, body part),

properties (e.g.,is desired, sees, has in hand), and alternative cognitive models. The

addition of these classes and properties has enabled complex interaction (Lemaignan et al.

2017; Lemaignan et al. 2010) and learning of human preferences such as where to perform

actions (Tenorth, Kunze, et al. 2010; Pangercic et al. 2012). Preferences of human users in

context of a task can be encoded as latent vectors, which the robot's policy is conditioned

on (V. Jain et al. 2022; Kapelyukh and Johns 2022), or reward functions, which can be

learned from demonstrations (Jonnavittula and Losey 2021) or from static observations of
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the world, since the world is already optimized for the preferences of a human user acting on

it (Shah and Krasheninnikov 2019). In addition to learning preferences, manipulation tasks

have been learned from human demonstrations through text (Tenorth, Nyga, et al. 2010b)

or videos (Paulius and Sun 2019; Y. Yang et al. 2015). Other methods have attempted

to capture structured human biases in decision-making (R. Shah et al. 2019) and state

estimation (Reddy et al. 2021), which lead to deviation of human actions from the optimal

actions. MLNs have been leveraged to reason probabilistically about human actions in

relation to objects in use (Zhu et al. 2014) and human commands in relation to the robot's

perceived environment (Nyga et al. 2018). Object arrangements have been used as context to

predict future human activities through temporally evolving sequence of scene graphs (Patel

and Chernova 2022), or conditional random �elds (Saxena et al. 2014; Koppula and Saxena

2016), and to represent spatial user preferences through probabilistic graphs representing

object layouts with human pose as context (Jiang, Lim, and Saxena 2012).

When multiple robot agents need to collaborate, it is crucial to distinguish between

robots and their capabilities. In Jacobsson et al. (2016) and X. Li et al. (2017), each robot

has its own ontology and all robots are de�ned in a global ontology. Because di�erent robots

perceive and interact with the world di�erently due to di�erent capabilities or perspectives,

each robot should have its own world representation. The work of Hidayat et al. (2008)

di�erentiates object representations of di�erent agents by de�ning object a�ordances with

respect to not only object properties but also locations, properties, and capabilities of agents

(e.g., push a�ordance of refrigerator door requires the agent to have push ability and be

in kitchen). A coordinator, which has access to each agent's ontology and the common

goal, can then reason about task assignments based on each agent's a�ordances in the

environment. Similarly in Munawar et al. (2018), an ontology is combined with a PDDL

planner to coordinate multiple heterogeneous robots by using robot speci�c skills. The

semantic robot description language (SRDL) (Kunze et al. 2011) has been used to model

agent capabilities. SRDL allows for the unambiguous de�nition of a robot's hardware,
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con�guration, and software, which in turn helps specify its capabilities. Using SRDL, a

robot can reason about the likelihood of successfully performing speci�c tasks based on

both its capabilities and experience from previous attempts.

2.7 Combining SRF Components for Intelligent Robot Behavior

Many intelligent robot behaviors can be achieved through semantic reasoning { the inference

and computation processes that require all three core component of semantic reasoning

frameworks. Examples of such processes include discovering the semantic similarity

between environments, inferring missing information from underspeci�ed instructions or

partially observable world state, or parameterizing robot tasks to be appropriate for the

context. In this section, we study the reasoning capabilities that are enabled by combining

multiple of the previously discussed SRF core components.

In Table 2.5, we characterize various semantic reasoning tasks by the world representa-

tions and reasoning objectives. For example in (Pronobis and Jensfelt 2012), a robot joins

the object model (O), which encodes attributes that potentially in
uence objects' locations,

with the spatial model (S), which stores typical spatial appearance of objects, to accomplish

the \Inferring Object Location" reasoning objective. While the table provides a full sum-

mary of techniques, in subsection 2.7.1-subsection 2.7.9 below, we more closely examine

the integration of SRF components in several reasoning tasks.
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Table 2.5: Referenced object (O), space (S), task (T), action (Ac), and agent (Ag) semantic reasoning works with related world
representations. Check marked world representations on the left side of the table are used to accomplish corresponding reasoning
objectives listed on the right. Gray shading is used to highlight groupings of techniques that address object-, space-, task-, action-, and
agent-focused problems.

World Representation
Reasoning Objectives Referenced Works

O S T Ac Ag

X

Inferring Object A�ordance

(Saxena et al. 2014; Mo et al. 2022)
X X (Moldovan et al. 2012; Daruna et al. 2019; Chernova et al. 2017; Bozcan and Kalkan 2019)
X X (Koppula and Saxena 2014; Zhu et al. 2015; Fang et al. 2020; D. Xu et al. 2021; Turpin et al. 2021; Abelha and Guerin 2017; Wu and Chirikjian 2020)
X X (Zhu et al. 2014)

X
Object Perception

(Hwang et al. 2006; Suh et al. 2007; Lim et al. 2011; Varadarajan and Vincze 2013; Marino et al. 2017)
X X (G•unther et al. 2018; Nitti et al. 2014; Limketkai et al. 2005; Bozcan and Kalkan 2019; Kunze et al. 2014)
X X (Beetz, B�alint-Bencz�edi, et al. 2015)

X X
Inferring Missing Object

(Bozcan and Kalkan 2019)
X X (Pangercic et al. 2010)

X X Space Classi�cation (Suh et al. 2007; Lim et al. 2011; Pronobis and Jensfelt 2012; Hanheide et al. 2017; Galindo et al. 2005; Vasudevan et al. 2007; Pal et al. 2019; W. Chen et al. 2022)

X X
Semantic Navigation

(Lim et al. 2011; Galindo et al. 2005; W. Yang et al. 2019; Y. Wu et al. 2019; H. Wang et al. 2021; Ma et al. 2019; D. Misra et al. 2018; Gu et al. 2022; Khandelwal et al. 2022; Gadre, Wortsman,
et al. 2022; Moudgil et al. 2021; Qi et al. 2020; C. Gao et al. 2021; Shridhar, Yuan, et al. 2022; Blukis et al. 2022; Trabucco et al. 2022; Weihs et al. 2021; Zhu et al. 2017)

X X Localizing object (Achlioptas et al. 2020; Roh et al. 2022; Thomason et al. 2022; Moudgil et al. 2021; A. Das et al. 2018; Y. Wu et al. 2018; Ha and Song 2022)

X X
Inferring Object Location

(Tenorth and Beetz 2017; Tenorth, Kunze, et al. 2010; Kunze et al. 2012; Suh et al. 2007; Pronobis and Jensfelt 2012; Galindo et al. 2005; Galindo et al. 2008; Moldovan and Raedt 2014; Zeng
et al. 2020; Daruna et al. 2019; Chernova et al. 2017; Fulda et al. 2017) (Ravichandran et al. 2022; Zheng et al. 2022; Zeng et al. 2020)

X X X (Abdo et al. 2015; Kapelyukh and Johns 2022)

X X Inferring Suitable Location for Task (Waibel et al. 2011; Beetz et al. 2018)

X X Reasoning about Spatial Relations (Tenorth and Beetz 2017; Bozcan and Kalkan 2019; G•unther et al. 2018; Moldovan and Raedt 2014) (Migimatsu et al. 2022; Huang, Xu, et al. 2019; Yuan et al. 2021; C. Wang et al. 2022)

X X Inferring Task Hierarchy and Ordering (Tenorth and Beetz 2009; Waibel et al. 2011; Moldovan et al. 2012; D. Xu et al. 2018; Galindo et al. 2008; Nyga et al. 2018; Hanheide et al. 2017; Zeng, Zhou, et al. 2018; Galindo et al. 2008;
Paulius et al. 2018; Boteanu et al. 2016; Ahn et al. 2022; Huang, Abbeel, et al. 2022; I. Singh et al. 2022) (Huang, Nair, et al. 2019; V. Jain et al. 2022; D. Xu et al. 2019; Zhu et al. 2021; S. Li
et al. 2022)

X X Inferring Manipulation Task from Objects (Y. Yang et al. 2014; Y. Yang et al. 2015; Nyga et al. 2018; D. Xu et al. 2021; D. Shah et al. 2021)

X X X Invoking Task for Decision Con�dence (Galindo et al. 2005; Hanheide et al. 2017; S. Zhang et al. 2014; A. Das et al. 2018; Kim and Suh 2019)

X X X Enlarging Task State Space (Galindo et al. 2008)

X Task Instance Domain Reduction (Galindo et al. 2008)

X X X Task Monitoring & Perception (Beetz, B�alint-Bencz�edi, et al. 2015; Lim et al. 2011; Pangercic et al. 2010; Zeng, Zhou, et al. 2018; Ma et al. 2019)

X X Semantic Speci�cation of Manipulation (Beetz, Tenorth, et al. 2015; Tenorth et al. 2014; Tuli et al. 2022; Zellers et al. 2021)

X X Semantic Grasping (Tenorth et al. 2013; Aleotti and Caselli 2011; D. Song et al. 2015; Antanas et al. 2019; Liu, Daruna, and Chernova 2020)

X X Generalizing Manipulation Trajectory (Sung et al. 2018; Sung et al. 2017)

X X Learning Preference over Trajectory (A. Jain et al. 2013)

X X X Learning Task Level Behavior from Action (Kr•uger et al. 2011; Moldovan et al. 2012)

X X X Language-Conditioned Manipulation (Blukis et al. 2020; Blukis et al. 2021; Shridhar, Manuelli, et al. 2022a; Mees, Hermann, Rosete-Beas, et al. 2022; Stepputtis et al. 2020; Sharma et al. 2022; Nair et al. 2022; S. Nair et al. 2022;
Paxton et al. 2019)

X X X Learning from Human-Robot Dialogue (Thomason et al. 2020; Thomason et al. 2017; Williams et al. 2017; Padmakumar et al. 2017)

X X X
Natural Language Interaction

(Gordon et al. 2018; Tan et al. 2020; A. Das et al. 2020; Yu et al. 2019; Hatori et al. 2018; Paplu et al. 2021; Do�gan et al. 2022; Khandelwal et al. 2017; Williams et al. 2017)
X X X X (Nyga et al. 2018; Lemaignan et al. 2017)

X X X Human Pose Prediction (Zhu et al. 2014)

X X X X Heterogeneous Robot Team Planning (Hidayat et al. 2008; Munawar et al. 2018)

X X Task Capability Matching (Waibel et al. 2011; Kunze et al. 2011; Munawar et al. 2018)

X X X X Learning Human Task Preferences (V. Jain et al. 2022; Kapelyukh and Johns 2022; Shah and Krasheninnikov 2019)
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2.7.1 Top-downandBottom-upObjectPerception

Object classi�cation techniques typically fall into one of two approaches: bottom-up and

top-down. Bottom-up machine learning algorithms, such as the world of He et al. (2017)

and Qi, Su, et al. (2017), train models to recognize objects based entirely on low-level

object appearance features. Top-down techniques, such as those in Beetz, B�alint-Bencz�edi,

et al. (2015), Hwang et al. (2006), Suh et al. (2007), and Varadarajan and Vincze (2013),

classify objects based on abstract characteristics of objects (e.g., a refrigerator is a white

hexahedron with a door). Both approaches have limitations { bottom-up techniques are

prone to provide ambiguous results (G•unther et al. 2018) and have lower performance when

objects are partially occluded (Nitti et al. 2014), while top-down techniques are too rigid to

capture the diversity of instances in many object classes.

Several semantic reasoning frameworks have developed techniques for combining bottom-

up and top-down reasoning to leverage their relative strengths. In the work of Kunze et al.

(2014), maximum a posteriori estimation integrates bottom-up object classi�cation scores

with top-down inference over occurrence probabilities of spatially related objects. Similarly,

MNs model object features and spatial relations to combine reasoning from both directions

(Limketkai et al. 2005; G•unther et al. 2018). In addition to object recognition, physical laws

and commonsense knowledge (e.g., a small object can fall inside a large box) de�ned in a

SRL model help track objects even when they go out of sight (Limketkai et al. 2005; G•unther

et al. 2018). High-level knowledge can also result in more e�cient learning of bottom-up

methods. Few-shot and zero-shot object recognitions are achieved by generalizing visual

classi�ers in Graph Neural Networks that capture high-level semantic similarities between

objects (Marino et al. 2017; Wang et al. 2018).

2.7.2 InferringObjectA�ordances

The ability to reason about a�ordances enables robots to choose actions that are suitable for

a given object and produce the desired e�ects. Most prior work has modeled a�ordances

57



as intrinsic properties of an object that determine possible actions to perform on it (e.g., a

cup is pour-able, and a fork is stab-able and lift-able). Symbolic a�ordance labels provide a

general prior for possible ways to utilize an object. Such labels are retrieved from a semantic

graph based on objects' class labels in the work of Saxena et al. (2014). By modeling the

correlations between a�ordance labels and other object properties (e.g., materials, locations,

and shapes), an object's a�ordance can be predicted from its properties using an MLN (Zhu

et al. 2014), BLN (Chernova et al. 2017), or NN Embedding (Daruna et al. 2019).

However, reasoning about a�ordance labels alone ignores the essential interaction be-

tween objects and the environment. Grounded a�ordances can be discovered from robots'

interactions with the world and encoded in semantic representations. A BLN is used to

model this interaction by representing objects, actions, and e�ects as separate random vari-

ables (Moldovan et al. 2012). Reasoning about a�ordances is treated as various sub-tasks,

such as estimating the e�ect of an action performed on an object, or predicting the action

given the desired e�ect on an object. Although this decoupled a�ordance model re
ects

the connection between objects and the environment, discrete labels of actions and e�ects

still cannot be directly used by robots to produce continuous behaviors. As a result, a

spatio-temporal representation of a�ordance is presented by Koppula and Saxena (2014)

that reasons about continuous manipulation actions through joint probabilistic inference

over spatial and temporal distributions. Physics simulators provide a way for robots to

simulate interactions between objects (Mo et al. 2022; Wu and Chirikjian 2020; Abelha

and Guerin 2017) and discover functions of objects through trail and error (Fang et al.

2020; D. Xu et al. 2021; Turpin et al. 2021). These knowledge can be distilled into models

that predicts key regions on objects and manipulation policy that potentially generalizes to

real-world objects.
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2.7.3 ReasoningabouttheSemanticsof Space

Reasoning about semantic spatial models gives rise to new capabilities, such as visual

navigation (Gu et al. 2022), and provides further robustness to localization and mapping.

Using the knowledge of common objects in di�erent room types, a robot can recognize its

location (i.e., which room it is in) (Suh et al. 2007; Lim et al. 2011; Pronobis and Jensfelt

2012; Hanheide et al. 2017; Vasudevan et al. 2007; Pal et al. 2019; W. Chen et al. 2022) and

detect high-level localization errors when odometry fails (Galindo et al. 2005). Querying an

ontology containing typical spatial relations between objects (e.g., a tv is near a sofa) allows

a robot to �nd a target object that is not directly in its view by continuously navigating to

spatially related objects (Suh et al. 2007; Galindo et al. 2005) or incorporating the knowledge

into a POMDP formulation aimed at searching a speci�c object (Zheng et al. 2022). The

same reasoning pattern is behind many recent methods for visual semantic navigation (Zhu

et al. 2017; W. Yang et al. 2019; Y. Wu et al. 2019; H. Wang et al. 2021; Ma et al. 2019;

D. Misra et al. 2018; Gu et al. 2022; Khandelwal et al. 2022; Gadre, Wortsman, et al. 2022;

Moudgil et al. 2021). In these methods, inference on neural networks, instead of logic

rules, is used to determine navigation actions given observations of the scene. Semantic

spatial models are also used to perform multi-object rearrangement tasks, where the model

encodes the desired con�guration of objects in the environment via agent exploration and

reasons about an action sequence to achieve the desired con�guration (Trabucco et al. 2022;

Weihs et al. 2021). Besides representing object knowledge in semantic spatial models, task

information can also be incorporated. In Beetz et al. (2018), reasoning about the relation

between execution success rates and robot locations in a Gaussian Mixture Model facilitates

task reproduction.

2.7.4 InferringObjectLocationsBasedonClass-& Instance-levelKnowledge

Class-level knowledge provides a general prior of typical object locations, while instance-

level knowledge models the appearances of objects in each speci�c environment. Both
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types of knowledge have been used in prior work.

Class-level knowledge treats spaces and containing objects as general concepts (e.g., a

bowl can be often found in cabinets, sinks, and dishwashers). Inferring object locations is

achieved by retrieving typical locations of objects from ontologies (Suh et al. 2007; Lim

et al. 2011; Tenorth and Beetz 2017) or logic rules (Galindo et al. 2005; Galindo et al. 2008).

Leveraging the intuition that related objects appear in similar places, a work predicts object

locations by �nding semantically similar objects using the Wu-Palmer similarity measure

(Wu and Palmer 1994) computed on an object hierarchy (Tenorth and Beetz 2017). A

method based on neural network embedding takes a step further by modeling di�erent types

of semantic relations between object properties and locations to infer locations of objects

(Daruna et al. 2019).

A di�erent approach is to utilize instance-level knowledge, which pertains to the loca-

tions of objects in a speci�c environment. Existing methods often learn the co-occurrence

statistics of objects in di�erent locations. In Kunze et al. (2012), these statistics are mod-

eled by conditional probabilities. In Zeng et al. (2020), co-occurrence statistics are used

as priors to inform the joint likelihood of object locations, and are mined from large-scale

Flickr dataset. In Abdo et al. (2015), the Collaborative Filtering technique from the data

mining community for addressing personalized user recommendations stores user-speci�c

statistics. The work in Moldovan and Raedt (2014) applies a SRL model to reason about

di�erent types of co-occurrences distinguished by spatial relations.

Ultimately, class- and instance-level knowledge should be reasoned collectively. In

Zeng et al. (2020), a factor graph joints commonsense knowledge at the class-level as well

as long term and short term memory at the instance-level. Similarly in W. Yang et al. (2019)

and C. Gao et al. (2021), a Graph Neural Network combines continuous local observations

with general prior knowledge from ConceptNet to help a robot navigate to target objects.
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2.7.5 TaskPlanningandLearning

Reasoning about task semantics (see section 2.6) has enabled improvements over the execu-

tion of task reasoning objectives in Table 2.5. Two fundamental challenges when reasoning

about tasks involve either planning sequences of primitive actions that lead to the com-

pletion of goals (Nyga et al. 2018; Lemaignan et al. 2017; Hanheide et al. 2017; Galindo

et al. 2008; Zeng, Zhou, et al. 2018; W•achter et al. 2013; Beetz, M•osenlechner, et al. 2010;

Munawar et al. 2018) or learning from sequences of primitive actions that demonstrate the

completion of goals (Zhu et al. 2017; Paulius et al. 2016; D. Xu et al. 2018; Paxton et al.

2019; Tenorth, Nyga, et al. 2010b; Boteanu et al. 2016; V. Jain et al. 2022; Huang, Nair,

et al. 2019; D. Xu et al. 2019; Zhu et al. 2021; Paxton et al. 2019). Reasoning about

semantic properties of tasks can help to improve task planning e�ciency and accuracy

while promoting generalization within task learning.

Many semantic properties of tasks have been leveraged to improve task planning and

learning. Planning at di�erent levels of abstraction leads to planning computational e�-

ciencies by reducing the planning state space to classes of objects (i.e., t-box in description

logics) while executing over instances of objects (Galindo et al. 2008; S. Zhang et al.

2014; Cocora et al. 2006; Ho�mann and Nebel 2001). Modelling a task as a sequence

of primitive skills to be executed and reasoning over modeled a�ordances (D. Xu et al.

2021; D. Shah et al. 2021) or latent representations (Silver et al. 2022; Paxton et al. 2019)

of these skills has led to successful generalization of planning algorithms across di�erent

task domains. The integration of uncertainties with distinct semantics through graphical

or relational models helps infer the most likely task plan given unobserved world states or

under-speci�ed instructions (Nyga et al. 2018; Hanheide et al. 2017). Additionally, due to

semantically ambiguous world states, planners with multiple world states can generate plans

that reduce such uncertainties (Galindo et al. 2005; Kim and Suh 2019; Lim et al. 2011; A.

Das et al. 2018). The hierarchical structure of tasks helps task learning generalize because

of modularization enabled through the reuse of subtasks (Waibel et al. 2011; W•achter et al.
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2013; D. Xu et al. 2018; Huang, Xu, et al. 2019). The prediction of future world states as

tasks are executed, planned, or learned allows agents to detect, interpret, or explain plan

failures (Hanheide et al. 2017; Lim et al. 2011; Paxton et al. 2019). The propagation of

pre- and post- conditions in under-speci�ed tasks allow missing task speci�cations to be

inferred (Tenorth and Beetz 2009; Nyga et al. 2018; Beetz, M•osenlechner, et al. 2010). The

grounding of natural language task instructions in world observations and actions allows

agents to learn to generalize execution of novel instructions in novel environments (Gu et al.

2022; D. Misra et al. 2018; Blukis et al. 2020).

2.7.6 EnrichingTaskPlanners

Although tasks themselves contain rich semantics (e.g., pre-conditions, hierarchies), many

works have exposed task planners to even more semantic knowledge. Enriching task

planners with semantic knowledge further promotes reasoning objectives, such as task

generation for decision con�dence, task monitoring, and other reasoning objectives speci�c

to tasks in Table 2.5. Generally, the semantic knowledge being exposed includes precepts

about the situated environment or default knowledge (e.g., fridge likely contains food).

These newly exposed semantics further enable task planners to make more robust primitive

action plans.

Streaming the perceived world state to task planners increases situational awareness,

making task plans more �t to the current world state. The world state is exposed in

semantically meaningful ways to task planners to enable data-e�cient state updates while

promoting generalization (Zeng, Zhou, et al. 2018; Huang, Xu, et al. 2019). Sensor streams

are processed into semantically meaningful axioms and predicates to update planners with

environment variables that might become useful in later parts of tasks, such as the location

of an item required in a later step of a task (Beetz, B�alint-Bencz�edi, et al. 2015; Pangercic

et al. 2010; Migimatsu et al. 2022). Planners can call perception routines to allow for

active acquisition of environment states and semantic information when planning (Beetz,
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B�alint-Bencz�edi, et al. 2015; Pangercic et al. 2010), .

In addition to the perceived world state, exposing semantics about default knowledge

regarding speci�c tasks, domains, and general concepts enables more robust task planning.

Observations from multiple environments or execution histories are used to learn generalized

rules or correlations between semantic concepts, such as rooms and objects, enabling

task planners to prioritize task plans that are more likely to satisfy task goals based on

observed correlations from prior environments (Hanheide et al. 2017; Galindo et al. 2008;

S. Zhang et al. 2014). Ontologies about common domains, such as households, provide

task planners information useful during task execution such as object locations, uses, and

suitable locations for certain actions and tasks (Tenorth and Beetz 2009; Tenorth, Kunze, et

al. 2010; Lim et al. 2011; Galindo et al. 2008). General knowledge such as type hierarchies,

semantic similarity, generic relationships, and other forms of general knowledge can be

used to bootstrap task planners with a knowledge base when operating in new environments

or repairing existing task plans to add robustness (Chernova et al. 2017; Nyga et al. 2018;

Boteanu et al. 2016). Encoded task-speci�c semantic knowledge can improve planning

e�ciency when the set of tasks are prede�ned by enabling planners to prune branches of

plans that cannot satisfy task goals (e.g., searching a bathroom for an oven.) (Galindo et al.

2005; Kim and Suh 2019). Additionally, semantics about human agents have been exposed

to task planners to improve human-aware task planning capabilities, such as including human

preferences in tasks and modeling human belief states during task execution (Lemaignan

et al. 2017; Abdo et al. 2015; V. Jain et al. 2022).

2.7.7 SemanticGrasping

Instance-level semantic knowledge provides precise and generalizable information for se-

mantic grasping, which is the problem of selecting stable grasps that are functionally suitable

for speci�c object manipulation tasks (e.g., when passing a knife to a person, a robot should

grasp the blade instead of the handle) (Dang and Allen 2012). Some existing approaches

63



to semantic grasping use metric data because reasoning about the speci�c locations and

orientations of grasps requires detailed information about an object (Dang and Allen 2012;

Hjelm et al. 2015). However, discovering structures in high-dimensional and irregular low-

level features is hard and has prevented these methods from generalizing to a wider range

of objects and tasks. Compared to metric data, instance-level semantic knowledge provides

the necessary abstraction while also maintaining enough distinctive information to guide

accurate selections of semantic grasps. A commonly used instance-level semantic feature is

object part information. Suitable grasp regions based on segmented object parts have been

manually de�ned in logic assertions (Tenorth et al. 2013) and a SRL formalism (Antanas et

al. 2019). In data-driven approaches, semantic grasps learned from task demonstration are

reproduced on new objects by matching Reeb graphs that represent object decompositions

(Aleotti and Caselli 2011).

2.7.8 ReasoningaboutContinuousActions

Semantic reasoning about actions requires the ability to perform inference on continuous

data. Determining the appropriate level of abstraction for actions is challenging, as illus-

trated in the study of the egg cracking problem (Morgenstern 2001). A large number of

complex logic assertions are required to axiomatize the reasoning of the egg cracking action

because associated continuous behaviors and events have to be discretized di�erently for

di�erent aspects of the problem. Instead of developing a complete symbolic representation

of actions, many works explore certain aspects of action semantics. For example, semantic

representation of grasps are derived from a�ordances and materials of object parts (Liu,

Daruna, and Chernova 2020), user preferences for trajectories are based on nearby objects

(A. Jain et al. 2013), constraint-based motion control are grounded to abstract descriptions

of object parts (Tenorth et al. 2014), and tool-use trajectories are characterized by physical

properties such as displacement and velocity (Zhu et al. 2015). Other works leverage com-

putational frameworks that can directly perform inference on continuous data. Learning
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in these computational frameworks also allows structure and appropriate level of abstrac-

tion to be discovered directly from data. In D. Song et al. (2015), a Gaussian Mixture

Model is used within a BN to reason about continuous variables such as grasp position

and orientation. In Koppula and Saxena (2014), Gaussian Processes with graphical models

together aid representation and reasoning of manipulation trajectories of objects. In Sung

et al. (2018) and Sung et al. (2017), neural networks are used to encode manipulation

trajectories in the shared semantic space with their matching language descriptions and

point cloud of the target objects. In Blukis et al. (2020) and Blukis et al. (2021), actions

are selected in novel states using LingUNets that fuse continuous representations of natural

language instructions and environment observations. Executing actions in simulation is

another direction for reasoning about continuous actions. Though predicting action e�ects

and retrieving motion parameters are demonstrated in Beetz et al. (2018), the speed and

�delity of simulation-based reasoning are still open challenges.

2.7.9 ConnectingLanguageto TasksandActions

Natural language is an organic way to communicate with naive users, and data-driven

semantic reasoning has made immense progress in leveraging unstructured natural language

sources to extract knowledge in an unsupervised fashion. Such semantic knowledge tied to

natural language has not only allowed robots to communicate more naturally with human

users, but also understand and plan tasks, by grounding the semantic knowledge in the real

world.

Language models have been used to follow action instructions (Mees, Hermann, Rosete-

Beas, et al. 2022; Shridhar, Manuelli, et al. 2022a; Qi et al. 2020), understand goal de�ni-

tions (Blukis et al. 2022; C. Gao et al. 2021), and ground natural language action expressions

in the real world (Zellers et al. 2021). Multi-modal models trained simultaneously on vision

and language can be used to localize the referred object in a scene (Achlioptas et al. 2020;

Roh et al. 2022; Thomason et al. 2022; Moudgil et al. 2021; A. Das et al. 2018; Y. Wu
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et al. 2018), even if the object is very small or occluded and is referred to using a reference

object (Ha and Song 2022). In addition to understanding the human user, the robot can

use natural language to answer the user's queries about the environment (Yu et al. 2019;

Gordon et al. 2018; A. Das et al. 2020).

Pre-trained language models are hypothesized to extract generalizable knowledge and

have been empirically shown to be applicable in robotics towards task planning. Some

methods show that LLMs when directly applied to task planning lead to non-executable

plans (Valmeekam et al. 2022; Huang, Abbeel, et al. 2022), but using them to pick an

available action based on language-similarity (Huang, Abbeel, et al. 2022), using a value

function for predicting probability of an action being successful (Ahn et al. 2022), using

an interactive decision process with feedback about the environment and/or changing task

goals (Huang, Xia, et al. 2022), or prompting them to generate programmatic expansions

of given tasks (I. Singh et al. 2022) lead to improved performance. They can also learn

task policies over sequential state, action histories, and goal representations, and their per-

formance drops only slightly on manufactured languages created by randomly permuting

the words so that their actual meaning is lost, implying that these models can work on

any sequential data, not limited to the languages it was trained on (S. Li et al. 2022).

Additionally, pretrained visual-language models are used in language-conditioned naviga-

tion (Khandelwal et al. 2022; Gadre, Wortsman, et al. 2022) and manipulation (Shridhar,

Manuelli, et al. 2022a) to ground human instructions to visual data using the model's learned

visual-language correspondence.

2.7.10 EnablingInteractionthroughAgentSemantics

Reasoning about agent semantics is crucial for robots to collaborate with other agents

successfully. Robots operating in human environments often need to �ll in knowledge gaps

required to interpret and execute tasks. In addition, modeling and reasoning about other

agents is especially useful to enable interaction.
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Interacting with other agents is a di�cult task because di�erences in mental models

result in knowledge gaps across agents, which is especially true of human-robot interac-

tion. Several works have leveraged the diverse semantic knowledge of humans by directly

incorporating human declarations into ontologies and knowledge bases (Nyga et al. 2018;

Lemaignan et al. 2010; Lemaignan et al. 2017; Paplu et al. 2021). Cognitive architectures

such as (Khandelwal et al. 2017; Zhang and Stone 2015) perform probabilistic logical

reasoning over human dialogue to clarify user requests and perform object retrieval. A

work combines a cognitive robot architecture that performs logical reasoning over human

dialogue with hierarchical semantic mapping to resolve and execute natural language nav-

igation goals (Williams et al. 2017). In addition to incorporating declarations, works have

used human-robot dialogues to capture and update human beliefs, following theory-of-

mind (Lemaignan et al. 2010; Lemaignan et al. 2017). In Gu et al. (2022), natural language

instructions from humans are used to label agent trajectories in many visual semantic nav-

igation works. Other works have �lled human-robot knowledge gaps when interpreting

semantic commands by gathering and interpreting demonstrations of tasks from resources

like online recipes, web videos and images, or user preferences to enable capabilities like

inferring tools involved during tasks or preferred organizations of items (Tenorth, Kunze, et

al. 2010; Zhu et al. 2014; Paulius et al. 2018; Abdo et al. 2015; Y. Yang et al. 2015; Koppula

and Saxena 2016; Tenorth, Nyga, et al. 2010b; Ramirez-Amaro et al. 2014). Recognizing

the value of such resources, many works have moved further to organize various agent

representations into large knowledge bases for reuse across tasks or agents (Waibel et al.

2011; Beetz, Tenorth, et al. 2015; Saxena et al. 2014; Zhu et al. 2014; Paulius et al. 2018).

Clarifying questions that resolve ambiguities in human dialogue can further reduce human-

robot knowledge gaps. These follow-up questions are generated by combining language

with class-level knowledge (Khandelwal et al. 2017; Williams et al. 2019) or grounding

language to visual data (Deits et al. 2013; Do�gan et al. 2022; Thomason et al. 2020; Ha-

tori et al. 2018). In addition to clarifying questions, explanations based on commonsense
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knowledge are used as justi�cations of a robot's choice of action (Daruna et al. 2022). The

justi�cations help the robot user understand why a robot believes an action will succeed and

correct the robot when it provides a nonsensical justi�cation.

Aside from human agents, reasoning about robot agents, including a robot itself and

other robots, allows for interaction between robot systems and the sharing of learned

abilities. Prior work has looked at reasoning about the semantics of agent con�guration

and available hardware to de�ne heuristics in a centralized task allocation model among

multiple agents (Hidayat et al. 2008). Other works have constructed shared knowledge

bases that contained annotations encoding the semantics of action capabilities accounting

for hardware and software, objects models, and maps (Waibel et al. 2011; Kunze et al. 2011).

These annotations allow a robot to reason about which actions it could perform, search for

any missing object models or maps needed in order to perform the actions, and calculate the

likelihood an action would succeed based on the robot's previous attempts. Recent work has

further enabled collaboration between robotic agents by leveraging hardware capabilities

across agents to enable collaborative task planning (Munawar et al. 2018).
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CHAPTER 3

PREDICTING MISSING RELATIONS IN LARGE-SCALE KNOWLEDGE BASES

In this chapter, we investigate representing and reasoning about relational facts, which

can provide robots with prior knowledge about objects' functions, uses, and locations.

We present an approach that encodes relational facts as latent vectors and uses a neural

network model to infer unknown facts by learning statistical patterns in the vector space

(Liu, Daruna, Kira, et al. 2020). Compared to other computational frameworks discussed in

section 2.5, our approach can scale to large domains and perform 
exible reasoning beyond

logical inference. This approach to manipulating semantic information lays the algorithmic

foundation for all the following chapters. Another key idea we explore is representing

semantic knowledge at di�erent levels of abstraction. The �ndings presented in this chapter

suggest that learning to perform reasoning at a suitable level of abstraction helps generalize

semantic knowledge to new situations while avoiding overgeneralization.

3.1 Introduction

Knowledge bases (KBs), such as WordNet (Miller 1995) and ConceptNet (Speer et al.

2017), provides robots with useful background knowledge in the form of triples, such as

(Fork; in; Kitchen ) and(Fork; is a; Utensil). Despite containing millions of facts, these

KBs still have a large amount of missing information (Min et al. 2013). As a result, robustly

reasoning about missing information is important not only for improving the quality of

KBs, but also for providing more reliable information for robotic applications relying on the

contained data. The objective of theknowledge base completion problemis to infer missing

information from existing facts in KBs.

Prior work has demonstrated the e�ectiveness of path-ranking based methods (Lao et al.

2011; Gardner and Mitchell 2015; Neelakantan et al. 2015; R. Das et al. 2016), which solve
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Figure 3.1: Paths and type hierarchies of a known triple and two missing triples. Attentive
Path Ranking can correctly predict both missing triples by selecting types at appropriate
levels of abstraction.

the knowledge base completion problem by discovering observable patterns in knowledge

graphs. A foundational approach in this area is the Path Ranking Algorithm (PRA) (Lao

et al. 2011), which extracts patterns based on sequences of relations. However, relying

on relation-only patterns often leads to overgeneralization, as shown in the example in

Figure 3.1. In this example, the top triple (hFork; used for; Eating i ) and its associated

information is assumed to be known, and the second (hFork; : used for; Sitting i ) and

third (hKnife; used for; Eating i ) triples must be inferred from available information.

PRA is limited to using only relation patterns, and as such useshin; � in; used for i 1,

observed in the path of the existing triple, to make its predictions. As the example shows,

this representation enables PRA to correctly generalize to similar scenarios, such as the

1the negative sign indicates reversed direction for the relation
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third triple, but the lack of context leads to over-generalization and failure to discriminate

the second triple.

To improve the discriminativeness of PRA, R. Das et al. (2016) extend the above

approach to incorporate entity information in addition to relations within the learned

paths. Paths are expanded to include entities directly, or by aggregating all types for

each entity. As an example, the path pattern of the known triple in Figure 3.1 becomes

hFork; in; Kitchen; � in; P late; used for; Eating i . This new approach successfully dis-

criminates the second triple, however, this comes at the cost of losing generalizability,

resulting in misclassi�cation of the third triple.

In our work, we introduce a novel path-ranking approach, Attentive Path Ranking

(APR) 2, that seeks to achieve discrimination and generalization simultaneously. Our

work is motivated by the distributional informativeness hypothesis (Santus et al. 2014),

according to which the generality of a term can be inferred from the informativeness of

its most typical linguistic contexts. Similar to R. Das et al. (2016), we utilize a path

pattern consisting of both entity types and relations. However, for each entity we use an

attention mechanism(Bahdanau et al. 2014) to select a single type representation for that

entity at the appropriate level of abstraction, thereby achieving both generalization and

discrimination. As shown in Figure 3.1, theAPRpath pattern of the known triple becomes

hCutlery; in; Room; � in; Ware; used for; Ingestion i , which successfully discriminates

from the second triple, and correctly generalizes to the third.

We make the following contributions:

� We introduce an end-to-end trained attention-based RNN model for entity type selection.

Our approach builds on prior work on attention mechanisms, while contributing a novel

approach for learning the appropriate levels of abstraction of entities from data.

� Based on the above, we introduce Attentive Path Ranking, a novel path pattern represen-

tation that leverages type hierarchies of entities to both avoid ambiguity and maintain

2The code and data are available at: https://github.com/wliu88/AttentivePathRanking.git
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generalization.

� Applicable to the above, and other path-ranking based methods more broadly, we in-

troduce a novel pooling method based on attention to jointly reason about contextually

important information from multiple paths.

We quantitatively validate our approach against �ve prior methods on two benchmark

datasets: WN18RR (Dettmers et al. 2018) and FB15k-237 (Toutanova et al. 2015). Our

results show statistically signi�cant improvement of26%on WN18RR and10%on FB15k-

237 over state-of-the-art path-ranking techniques. Additionally, we demonstrate that our

attention method is more e�ective than �xed levels of type abstraction, and that attention-

based pooling improves performance over other standard pooling techniques. Finally, we

show thatAPRsigni�cantly outperforms knowledge graph embedding methods on this task.

3.2 Related Work

In this section, we present a summary of prior work related to our approach.

3.2.1 KnowledgeBasedReasoning

Multiple approaches to knowledge based reasoning have been proposed. Knowledge graph

embedding (KGE) methods map relations and entities to vector representations in continuous

spaces (Nickel et al. 2015). Methods based on inductive logic programming discover

general rules from examples (Quinlan and Cameron-Jones 1993). Statistical relational

learning (SRL) methods combine logics and graphical models to probabilistically reason

about entities and relations (Getoor and Taskar 2007b). Reinforcement learning based

models treat link prediction (predicting target entities given a source entity and a relation)

as Markov decision processes (Xiong et al. 2017; R. Das et al. 2018). Path-ranking based

models use supervised learning to discover generalizable path patterns from graphs (Lao

et al. 2011; Gardner and Mitchell 2015; Neelakantan et al. 2015; R. Das et al. 2016).
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In the context of knowledge base completion, we focus on path-ranking based models.

The Path Ranking Algorithm (PRA) (Lao et al. 2011) is the �rst proposed use of patterns

based on sequences of relations. By using patterns as features of entity pairs, the prediction

problem is solved as a classi�cation problem. However, the algorithm is computationally

intensive because it uses random walks to discover patterns and calculate feature weights.

Subgraph Feature Extraction (SFE) (Gardner and Mitchell 2015) reduces the computational

complexity by treating patterns as binary features, as feature weights provide no discernible

bene�t to the performance, and using more e�cient bi-directional breadth-�rst search

to exhaustively search for sequences of relations and additional patterns in graphs. To

generalize semantically similar patterns, Neelakantan et al. (2015) use recurrent neural

networks (RNNs) to create vector representations of patterns, which are then used as

multidimensional features for prediction. R. Das et al. (2016) improve the accuracy of

the RNN method by making use of the additional information in entities and entity types.

We also use entity types but we focus on using types at di�erent levels of abstraction for

di�erent entities.

3.2.2 RepresentingHierarchicalStructures

Learning representations of hierarchical structures in natural data such as text and images

has been shown to be e�ective for tasks such as hypernym classi�cation and textual en-

tailment. Vendrov et al. (2016) order text and images by mapping them to a non-negative

space in which entities that are closer to the origin are more general than entities that are

further away. Athiwaratkun and Wilson (2018) use density order embeddings where more

speci�c entities have smaller, concentrated probabilistic distributions and are encapsulated

in broader distributions of general entities. In this work, we do not explicitly learn the rep-

resentation of hierarchical types. Instead, we leverage the fact that types in type hierarchies

have di�erent levels of abstraction to create path patterns that balance generalization and

discrimination.
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3.2.3 Attentionin NeuralNetworks

Attention was �rst introduced for machine translation, where it was used to enable the

encoder-decoder model to condition generation of translated words to di�erent parts of the

original sentence (Bahdanau et al. 2014). Later, cross-modality attention was shown to be

e�ective at image captioning (K. Xu et al. 2015) and speech recognition (Chan et al. 2016).

Our approach uses attention to focus on contextually important information from multiple

paths, much like the above methods. More importantly, we use attention in a novel way to

e�ciently discover the correct levels of abstraction for entities from a large search space.

3.3 Problem De�nition

A KB is de�ned as a set of triplesX = f (ei ; r j ; ek)jei ; ek 2 E ^ r j 2 Rg with entity setE

and relation setR. The KB can be represented as a multi-relational graphG, where nodes

are entities and edges are relations. A directed edge fromei to ek with label r j exists for

each triple(ei ; r j ; ek) in X . A path with lengthM betweenei andek in G is denoted by

p = he1; r1; :::; rM ; eM +1 i , wheree1 = ei andeM +1 = ek . For a pair of entitiesei and

ek , we can discoverN paths up to a �xed length,Pik = f p1; :::; pN g. Our objective is to

predict whether a missing triple(ei ; r j ; ek) is true given the path setPik extracted from an

incomplete KB.

3.4 Approach

Attentive Path Ranking model takes as input pathsPik and predictsP(r j jei ; ek), the probabil-

ity thatr j connectsei andek . Our model, shown in Figure 3.2, consists of three components:

a relation encoder, an entity type encoder, and an attention-based pooling method. Given a

pathp = he1; r1; :::; rM ; eM +1 i in Pik , therelation encoderencodes the sequence of rela-

tionshr1; :::; rM i . Theentity type encoderboth selects a typel t for each entityet with a

certain level of abstraction, and encodes the selected typeshl1; :::; lM +1 i . We then combine
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