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ABSTRACT

End user development (EUD) is an emerging paradigm in
human-robot interaction (HRI), involving end users both
creating and maintaining robot programs themselves. For-
mal methods encompass a set of techniques that are useful
to end user development, emphasizing the correctness of
programs that are often created using natural, on-the-fly,
and sometimes even sloppy end-user input. These techniques
include, for example, correct-by-construction synthesis of
robot programs given incomplete developer input, auto-
mated repair of these applications, and formal verification
of these applications against sets of correctness criteria. De-
spite the increasing popularity of EUD and formal methods
individually in robotics, there is no comprehensive review
of how both have been successfully combined. Our primary
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objective is thereby to review current practices for applying
formal methods within robot EUD. To achieve this objective,
we include adjacent areas of EUD research, such as natural
language programming, and adjacent approaches to formal
methods, such as automated planning. Recognizing that the
integration of EUD and formal methods in robotics is still
a nascent topic, our secondary objective is to identify op-
portunities for future research. Our review thereby provides
a primer on how to conduct further integration of formal
methods in robot EUD.




1

Introduction

Robots are becoming increasingly prevalent in daily lives. For example,
social robots, namely robots that communicate social cues, are currently
used within educational settings to assist teachers, parents, and children
in classrooms and homes (e.g., Rahman et al., 2024; Cagiltay et al.,
2023). Service robots are found in many airports and hotels, greeting
and assisting customers with simple tasks, and are also becoming widely
accepted in elderly homes and care facilities (e.g., Lee and Riek, 2023;
Stegner and Mutlu, 2022; Kubota et al., 2021). All of these robots assist
humans by handling repetitive and time-consuming tasks, such as fetch-
ing objects, providing information, and offering support in educational,
service, and caregiving settings. Although robot adoption promises
significant benefits such as reduced human workload and increased
efficiency, many challenges still exist. Current robot adoption requires
professional robotics engineers to program (i.e., transform instructions
into precise, executable code) or train specific capabilities onto robot
platforms, such as a pick and place behavior in a manufacturing setting.
However, there is an increased demand for day-to-day robot end users
themselves to tailor and adapt robot programs to meet their own specific
needs. We can then ask: how can robot end users participate in the

3



4 Introduction

robot programming process to make robots better suited to their own
needs?

End user development (EUD) is a programming paradigm that
supports the creation and maintenance of robot programs by end users,
as opposed to programming experts (Vaiani and Paterno, 2024). Robot
EUD tools refer to software applications that enable EUD, with the
goal being to alleviate the technical barriers of programming for people
without programming experience. Unlike traditional robot programming
approaches that require a deep understanding of how robots operate,
robot EUD tools abstract these details so that users can express desirable
behavior of robots through intuitive means that align with their domain
expertise.

Although EUD lowers the barrier to programming, challenges per-
sist. Few EUD tools prevent their users from introducing mistakes into
their programs, which can be costly once the programs are deployed
in the physical domain. Additionally, robot capabilities are often not
communicated directly to end users (Fisac et al., 2020; Dragan and
Srinivasa, 2014a; Dragan and Srinivasa, 2014b), which makes it chal-
lenging to identify what informed decisions a user is capable of making.
Program maintenance and deployment are also difficult because end
users are not always equipped with knowledge or assurance from the
EUD tools that their program will execute correctly without errors,
unexpected outcomes, or outright failures. End users may also wish
to adapt programs created for other robot applications to their own
domain, alleviating the need to create entire programs from scratch.
However, few robot EUD tools explicitly support modifying existing
programs.

A structured approach is needed to assist end users better navigate
the complexities of creating correct robot programs. Fortunately, formal
methods encompass a set of mathematical techniques that can help. In
particular, program verification assists users by providing guarantees
about their hand-crafted programs or highlighting where errors might oc-
cur during execution. Correct robot program creation can be supported
through program synthesis, where given a set of end-user requirements,
correct-by-construction (Kourie and Watson, 2012) programs are pro-
duced. Program repair can also be used to automatically fix errors in



existing programs, further supporting debugging and program adap-
tation. Formal methods extend beyond these three techniques, but in
this paper, we focus specifically on verification, synthesis, and repair as
being key to supporting the EUD activities of creating, analyzing, and
maintaining robot programs.

In what follows, we ground our discussion of formal techniques that
support robot programming within the EUD workflow. Program veri-
fication, synthesis, and repair are individually mapped to three EUD
phases—program analysis, program creation, and program maintenance,
respectively. Therefore, throughout this paper, when we refer to a partic-
ular formal method, we are also effectively referring to its corresponding
EUD phase, and vice versa.

. . 0 .
Verification Synthesis
-

Analysis Creation
Providing Automatically
guarantees on generating correct
end-user program and executable
correctness programs

L) ()

Maintenance
Modifying programs
to adopt to Repair
changing
requirements

Figure 1.1: A programmer can leverage three formal methods techniques—
verification, synthesis, and repair—while developing robot behaviors for platforms
such as Temi'. Each formal methods technique is tied to an EUD phase, where
verification supports analysis, synthesis supports creation, and repair supports main-
tenance. The EUD process does not require a fixed order; users may enter at different
phases depending on their needs.

Program verification during the program analysis EUD phase
provides end users with guarantees about the correctness of the programs
they write. Verification addresses the challenges of end users being prone
to inserting mistakes into their own programs and robot capabilities

"https://www.robotemi.com/
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not being communicated directly to these users. EUD tools that apply
formal verification techniques check all possible events in a program that
might occur against a set of system requirements defined by the user
(i.e., specifications) and robot constraints. Verification plays a crucial
role when deploying robots in dynamic environments, where failures can
be costly or even hazardous. By analyzing how a program will execute
before deployment, existing EUD tools that employ verification are able
to identify errors and provide confidence in program performance, thus
ensuring reliability, all before the robot interacts with the real world.

Program synthesis during the program creation phase outputs
robust and fully executable programs when given only partial specifica-
tions from end users. Similar to verification, the challenges synthesis
addresses pertain to end users expressing program intent in imprecise
or incomplete ways and introducing errors by applying robot function-
alities in ways that do not align with their actual capabilities. Program
synthesis generates correct-by-construction programs, such as those
built upon refinement rules and logical formulae (Kourie and Watson,
2012), that are robust to these challenges while preserving the core
end-user intent. Existing EUD tools that use synthesis techniques accept
partial specifications from end users, such as input-output examples
and traces (i.e., sequence of human/robot events and tasks), in order
to reduce the burden of specifying every scenario and corner-case that
the robot could encounter.

Program repair during the program maintenance phase allows
end users to modify robot behavior, either to fix execution failures or
to adapt to changing requirements. The challenges repair addresses
thereby pertain to program deployment and adaptation. Program repair
modifies programs based on feedback received during robot deployment,
which may occur if the robot is unable to manipulate an object with its
end-effectors (e.g., Kwon et al., 2018), or if the robot notices that human
operators are distracted during collaboration, to name a few examples.
A rich source of feedback may be received when adapting existing
programs to new use cases or to new end users. Existing EUD tools
that utilize repair may accept end-user feedback directly or self-assess
the causes of failure (e.g., Han and Yanco, 2023; Norton et al., 2022),
and use this feedback to automatically generate program corrections.



Despite the proliferation of robot EUD tools and the application of
formal methods in recent years, there has been no comprehensive review
that focuses on the work done at the intersection of those two fields
of research. In this paper, we thereby aim to review the current use of
formal method techniques in robot EUD. Primarily, we characterize
how each formal method technique is used across the lifespan of a
robot program. Secondarily, we identify future research directions at
the intersection of formal methods and robot EUD. To this end, we
also examine adjacent areas with a long history, such as automated
planning, and analyze how other techniques pursuing similar goals have
been used in tandem with—or in place of—formal methods to enhance
end-user experiences.

The order of content is as follows: In §2, we provide background
on EUD as a development paradigm in human-robot interaction (HRI)
and robotics. In §3, we describe the methodology used to select papers
that fit the scope of this paper. We then motivate the application
of formal method techniques to relevant EUD phases. §4 focuses on
analyzing existing robot programs, where program verification is the
most frequently adopted. §5 discusses program synthesis applied to
program creation, and is further categorized into different approaches
that emerge with the unique combinations of formal representations (e.g.,
finite state machines) and techniques (e.g., SMT solving). §6 presents
program repair techniques applied to maintaining and adapting robot
programs within the EUD phase. In §7 we provide further discussion
points by addressing the gaps in current research, followed by §8 as a
tutorial on how to apply formal method techniques to robot EUD as
researchers. We conclude the paper in §9.



2

Background

The focus of our survey is on the advancement of end user development
(EUD) systems in robotics and human-robot interaction (HRI) via the
application of existing techniques in formal methods. Thus, with the
advancement of EUD as our primary research focus, we provide a brief
background of EUD in human-computer interaction (HCI), robotics,
and HRI. We then provide a set of preliminaries for common formal
method techniques and computational abstractions, or representations,
necessary to realize these techniques.

2.1 End User Development

End user development (EUD) has roots in the wider field of enabling
end users to program and customize human-computer interaction HCI
systems. We thereby begin by describing EUD basics within the wider
(HCI) research umbrella. Following that, we describe the state-of-the-art
for EUD in robotics and HRI.
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2.1.1 Overview of End User Development

Broadly, EUD entails the design of software artifacts by the end users of
the artifacts themselves (Lieberman et al., 2006). Whereas some work,
particularly end user programming (EUP) concerns only the creation
of these artifacts, EUD includes their entire lifespan—both creation
and maintenance (Lieberman et al., 2006). Within the entire lifespan of
such artifacts, end user software engineering (EUSE) promotes the use
of best practices in software engineering, such as testing and debugging,
in the EUD pipeline (Barricelli et al., 2019). The scope of this review
paper includes all three foci—EUD, EUP, and EUSE—in robotics and
HRI.

Historically, EUD has flourished within human-computer interaction
(HCI). EUD has been applied to domains such as enabling end users to
create, or program, graphical user interfaces (e.g., Oney et al., 2014),
mobile applications (e.g., Li et al., 2017), networks of smart home
devices and the Internet of Things (IoT) (e.g., Fogli et al., 2017), and
recently, artificial intelligence (AI) agents (e.g., Li et al., 2018), to name
a few examples. Within HCI, EUD continues to revolutionize how user
interfaces capture user intent. Traditionally culminating in visual pro-
gramming interfaces (Myers, 1986), EUD interfaces have more recently
explored augmented reality (e.g., Wang et al., 2021; Chidambaram et al.,
2021; Wang et al., 2020), natural language (e.g., Li et al., 2019), sketch-
ing (e.g., Landay and Myers, 2001), and programming-by-demonstration
(e.g., Li et al., 2017) as means of collecting user input. Within the
aforementioned domains and methods of capturing user intent, much
prior work has investigated different programming paradigms for EUD,
referring to the process by which development occurs, how user input
is represented, and how feedback is provided to end users. In recent
years, trigger-action programming (TAP) has emerged as an EUD fa-
vorite, culminating in EUD tools such as “AutoTAP” (Zhang et al.,
2019) and “ImAtHome” (Fogli et al., 2017). Goal-oriented paradigms
represent another popular paradigm for IoT, in which device behaviors
are expressed in terms of a desired end result (i.e., goals) rather than
the steps necessary to achieve that end result (Noura et al., 2018; Mayer
et al., 2016; Kovatsch et al., 2015). An additional paradigm proposed by
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Myers et al. (2004) is natural programming, an approach for designing
programming tools and languages based on the natural ways the end
users think about tasks.

2.1.2 Robot End User Development

EUD tools for robotics and HRI resemble their HCI counterparts in
many ways, offering graphical (e.g., Leonardi et al., 2019; Alexandrova
et al., 2015), natural language (e.g., Beschi et al., 2019), and sketching
(e.g., Liu et al., 2011) programming paradigms, to name a few examples.
Due to the physical, embodied nature of robots, certain EUD paradigms
have more emphasis in robotics, such as programming-by-demonstration
(e.g., Patton et al., 2024; Huang and Cakmak, 2017), which often involve
the user physically manipulating the robot (Akgun and Thomaz, 2016)
or providing demonstrations via teleoperation interfaces (Hasan et al.,
2024). In-situ programming similarly has a greater emphasis in robotics,
which overlays programming logic over the real world (Ikeda et al.,
2025; Senft et al., 2021a), or a virtual depiction of the world (Huang
et al., 2020). In robot EUP, interacting with the robot at runtime to
correct its execution is also often necessary (Porfirio et al., 2020; Short
et al., 2019). Due to the multitude of uncertainties, significant risks,
and high cost of deploying robots in the wild, formal approaches that
ensure robot programs are correct prior to deployment, or capable of
self-repair during deployment are especially important.

2.2 Formal Method Preliminaries

In this section, we present the preliminaries for program verification,
synthesis, and repair. Before discussing each specific formal method,
we give a formal definition of commonly used representations, such
as finite state machines and logical formulae, to ground the reader’s
understanding in the relationship between raw user input, intermediate
representations, and EUD output. We then outline the premises and
problem definitions for program verification, synthesis, and repair, and
discuss their objectives and the specific techniques used to achieve those
objectives.
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2.2.1 Representations

Formal methods use a myriad of different representations. Here, we
describe two of these representations, which we view as frequently used
in robot EUD. One of these is the finite state machine (FSM) and its
family of closely related representations, which explicitly model the flow
of how system state changes over time. We explain two variants of the
FSM—the Mealy machine and the Moore machine. The other includes
the family of logical formulae, which includes propositional logic,
first-order logic, and variants of temporal logic. These representations
play a central role in verification, synthesis, and repair by representing
user specifications, intermediate representations used by the EUD tool,
and the output of these formal techniques.

Finite State Machine (FSM) One representation used frequently
within existing EUD tools is the finite state machine (FSM), which is
a mathematical model consisting of states, which encompass the current
state of the world, and transitions, which are temporal relations between
states.

Informally, an FSM can be expressed as a state diagram, which is a
visual representation of states and transitions (Sipser, 2013). Figure 2.1
is an FSM model of an on/off switch (Hopcroft et al., 2001). Here, states
are represented as circles and transitions as arrows between the states.
Both transitions are labeled as “Push”, where they denote external
input that causes the state to change. The “oftf” state is denoted as
the initial state, in which the system is first placed. Optionally, though
not included in this example, are “accepting states”, where no further
input is accepted. In the context of robot EUD, an example state might
be the robot’s current observation or the current behavior that it is
executing, and an example input that causes a change of state might
be a user speaking to the robot.

Formally, an FSM can be expressed as the following (Sipser, 2013):

Definition 2.1. An FSM is a 5-tuple (®,qo, ¥, §, F) where
1. @ is a finite set of states,

2. qo € Q is the start state,
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Figure 2.1: State diagram showing the transition between "off" and "on" states.

3. Y is the alphabet, which is a finite set that consists of transition
labels such as “Push”,

4. 6: Q X ¥ — (@ is the transition function,
5. F C @ is the set of accepting states.

There are two main variants to an FSM (Hopcroft et al., 2001):
the Mealy machine and the Moore machine. Mealy machines produce
output based on both the current state and the external input (e.g.,
a human user’s utterance), while Moore machines produce an output
only based on the current state the FSM is in. For formal definitions of
the Mealy and Moore machines, refer to Steffen et al. (2011).

Other variants of FSMs exist, for example, categorized by whether
the FSM produces deterministic or non-deterministic outputs. Robot
EUD tools also frequently use representations that closely resemble
FSMs, such as transition systems, which can have an infinite number of
states.

Logical Formulae End-user specifications on robot behaviors can
also be expressed as constraints that the robot system must satisfy.
Within verification, constraints are referenced as properties, because
they describe the conditions that must hold true for the system to be
correct. In synthesis and repair, constraints may guide the creation and
modification of programs in a correct-by-construction fashion (Kourie
and Watson, 2012), and help narrow down the large search space of
satisfying programs.

Constraints can be expressed as logical formulae. In this portion
of the article, we introduce the common types of logic used to express
constraints and what those formulae look like. We first elaborate on the
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fundamentals of propositional logic, and then expand our discussion
to first-order logic (FOL) and linear temporal logic (LTL). Variants of
LTL, such as metric temporal logic (MTL), are discussed to give the
readers different flavors of logical formulae utilization in robot EUD.
For a comprehensive review of logics, refer to Kress-Gazit et al. (2018).

Propositional logic (or Boolean logic) is a branch of logic that
describes each state as a proposition, which evaluates to true or false,
based on its meaning. For example, a state can be characterized as
the status of the counting robot, expressed as Teounting (Raman and
Kress-Gazit, 2012). The proposition Teounting Can be evaluated to true
if and only if the robot is counting numbers, and evaluated to false if
and only if it is not. More complex truth evaluations can be made by
combining atomic propositions with logical connectives such as = (not),
A (and), V (or), — (if-then), <> (if and only if) (Ebbinghaus et al.,
1994). For example, Tcounting /\ Thedroom is true only when the robot is
counting numbers and it is currently located in the bedroom (Raman
and Kress-Gazit, 2012).

Constraints can also be written in first-order logic (FOL), or first-
order predicate logic, which utilizes functions and predicates to denote
the meaning or the relationship between entities. Because FOL is an
extension to propositional logic, the truth evaluation of a constraint or
a property extends to predicates (Tellex et al., 2020). A first-order logic
formula saying that the agent (e.g., robot) and the thing (i.e., object
in question) are co-located can be expressed as—location(agent) =
location(thing) (Schoen et al., 2020).

Temporal logic formulae represent time-dependent constraints,
which reason over the sequential ordering of states (i.e., paths).

Clarke et al. (2018) defines a path as the following:

Definition 2.2. A path 7 in M from a state sg is a finite or an infinite
sequence of states m = sgsis2--- where for all i@ > 0, (s, 8i+1) is a
transition in the model.

Within the path, each state is labeled with the truth value of the
atomic propositions (Tellex et al., 2020), and in Linear Temporal Logic
(LTL, described below), the sequential ordering of states is enforced per
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individual paths. Existing robot EUD tools leverage this characteristic
of LTL to describe fairly complicated program paths.

Linear temporal logic (LTL) (Pnueli, 1977) is an extension of
propositional logic, where it includes the propositional logic operators
and a few other temporal operators that allow expressing assumptions
about behaviors that change over time (Kress-Gazit et al., 2018). These
operators include X, G, F, and U, which mean “next”, “always”, “even-
tually”, and “until”, respectively.

Formally, the syntax and semantics of an LTL formula are as follows

(Kress-Gazit et al., 2018):

Definition 2.3. An LTL formula ¢ is recursively constructed from
atomic propositions 7 according to the syntax:

m=0¢|¢[¢VP|X PG P|F ¢[P U ¢

An LTL formula has the following semantics:
1. ¢ is a proposition 7.
2. —¢ denotes it is not ¢.
3. @1V ¢ denotes it either satisfies ¢y or satisfies ¢o.
4. X ¢ denotes that ¢ is true in the next state.

5. G ¢ denotes that ¢ is true in every (i.e., always) state in the
path.

6. F ¢ denotes that ¢ is true in some (i.e., eventually) state in the
path.

7. 1 U ¢ denotes that ¢ is true until ¢5 becomes true within the
path.

While LTL formulae only support the expression of time-dependent
constraints abstractly, metric temporal logic formulae provide a more
granular representation of time and the constraints surrounding it. Met-
ric temporal logic (MTL) (Koymans, 1990) captures the “quantitative”

timing properties that exist within real-time systems, and introduce the
concept of “distances” (i.e., time units) that characterize the timing of
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events. For instance, MTL formulae can express constraints such as the
traffic light turning red exactly 5 time units after the traffic light turns
green (i.e., G(green — (—red Us red))) (Ouaknine and Worrell, 2008).
Formal syntax and semantics of MTL formulae are laid out in detail in
Thati and Rosu (2005).

2.2.2 Program Verification

Being able to confidently assert the correctness of robotic systems is
essential not only for expert software engineers, but also for end users,
who may lack formal programming expertise. As more robotic systems
are emerging in less-controlled, real world scenarios, the importance of
safety and correctness guarantees has higher emphasis. Within formal
methods, there are multiple approaches in which guarantees can be
provided, program verification being one of them. Here, depending on
the level of exhaustiveness, we situate program verification within a
spectrum of techniques that achieve the same purpose of demonstrating
correctness.

Verification is usually done at the analysis phase of robot program-
ming. During or after the construction of a program, given (a set of)
properties on desirable robot behavior, program verification exhaus-
tively searches for violations of these properties in the program. The
verifier can output a succinct “yes” or “no”, though some verification
techniques and tools (e.g., theorem provers) provide more information,
such as counterexamples (i.e., example cases in which the scenario will
fail), or formal proofs and axioms regarding program success and its
associated properties.

Here, we explain a common verification technique, model checking,
that performs exhaustive verification of states in program paths.

A model checker, employed within the model checking process,
consists of three components (Clarke et al., 2011),

1. a model of the program being verified, which in our case is a robot
program. Deterministic programs are often modeled as transition
systems.

2. formal properties, or the characteristics of the desired robot
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program, written in temporal logic,

3. an automated model checker, an algorithm that exhaustively
checks whether the model violates any of the properties.

Formally put, model checking can be described as (Clarke et al., 2011):

Definition 2.4. Let M be a state-transition graph (system model) and
let f be a temporal logic formula (program specification). The model
checking problem is to find all the states s € S such that M, s = f.

Given the finite state transition representation M and a temporal
logic formula f, the model checking procedure can be summarized as
discerning if all paths through the model satisfy f (i.e., M,s = f). If
M, s ¥ f, some model checkers output counterexamples that witness
the violation of f by M (Clarke et al., 2018).

2.2.3 Program Synthesis and Repair

Program synthesis is an automated task that discovers programs that
realize user intent on what the system must do. Gulwani (2010) in-
troduces three key dimensions that capture program synthesis, which
are, 1) expression of user intent, 2) search space of programs, and
3) search techniques that narrow down programs. Program repair
similarly transforms existing, faulty programs into their fully correct
counterparts. Both are similar in their aims and techniques; thus, we
discuss both together.

User intent can be expressed in various modalities such as demon-
strations, natural language, and input-output examples. In some cases,
it can be directly known from the user intent how a specific input should
be transformed into some output (e.g., demonstrations of traces). On
the contrary, there are cases where inference of the patterns or rules is
necessary to capture the relationship between a set of unique inputs and
outputs. Ambiguity is another challenge pertaining to the capturing
and representation of user intent. For example, user intent expressed
in natural language reduces the burden on users by eliminating the
need to learn a new expression scheme. However, the drawbacks of
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natural language include its high levels of ambiguity, posing challenges
for translation into logical formulae (i.e., the logics discussed in §2.2.1).

The search space of programs concerns the boundaries over which
the desired programs will be searched. The search space in question can
be significantly reduced by putting restrictions on the specific formats of
the programs (e.g., loop-free programs such as Mandelin et al. (2005)) on
top of selecting programs that satisfy program specifications, i.e., user
intent expressed through system requirements. Smaller search spaces
reduce the computational resources required to traverse each probable
program in that space.

The techniques used for searching candidate programs in the
search space span from brute-force, enumerative searching, machine
learning-based searching, to the logical reasoning-based techniques
(Gulwani, 2010), that operate on logical constraints. As described in the
previous paragraph, enumeratively searching all probable programs is
computationally taxing. Recently with the advance of machine learning
algorithms, probabilistic inference techniques (e.g., Li and Si, 2022) and
neural network-based algorithms (e.g., Kalyan et al., 2018) are utilized
to search through the program space effectively. Among the various
search techniques, logical reasoning-based techniques are commonly
used in robot EUD tools, often by integrating off-the-shelf Boolean
satisfiability (SAT) or satisfiability modulo theories (SMT) solvers into
these systems.

Boolean satisfiability (SAT) solvers are used in reasoning-based tech-
niques. Within SAT solving, variables in the expressions can either have
a value of 0 (false) or 1 (true). Formulae containing these variables
are called propositional formulae (§2.2.1) and can be expressed in Con-
junctive Normal Form (CNF), the standard representation required by
most SAT solvers. Marques-Silva (2008) provides a definition of CNF:

A CNF formula ¢ consists of a conjunction of clauses w,
each of which consists of a disjunction of literals. A literal
is either a variable x; or its complement —x;.

The truth value, or the true assignment of the values is often denoted
as p (Audemard et al., 2002). The SAT solver’s goal is to find the truth
assignment for each variable in a program. An example of a Boolean
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formula in CNF is as follows: ¢ = (zVy)A(mxVz), p = {z — true,y —
false,z — false} or p = {x — true,y — true,z — false}.
Satisfiability modulo theories (SMT) solvers extend SAT solvers
to other existing theories, such as arithmetic theory (De Moura and
Bjorner, 2011). As an example, an SMT solver would be able to handle
variable assignments for statements such as (t; > t2+3) V (t2 > t1 +2).
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Methodology

In this chapter, we provide details about the methodology used to select
papers for this review. We employed a strict methodology to determine
the set of papers we include in this survey. In particular, we utilized the
Preferred Reporting Items for Systematic reviews and Meta-Analyses
(PRISMA; Page et al., 2021) guidelines to ensure transparency and
rigor in our selection process. In order to facilitate the systematic
review process, we crafted a fized search string that we then entered into
several databases and querying engines, and then applied two sets of
exclusion criteria to narrow down the number of papers subject to review.
The literature search was conducted on May 29th, 2024, and after two
iterations of applying exclusion criteria resulted in 32 papers that we
consider for this article. Step-by-step process on literature screening is
depicted in Figure 3.1.

3.1 Paper Selection

To identify relevant papers, we used the search string:

(“human-robot interaction” OR “robot”) AND (“end user devel-
opment” OR “end user programming” OR “graphical programming”
OR “visual programming”) AND “interface” AND (“formal method”
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OR “formal analysis” OR “formal model” OR “model” OR “automata”
OR “automaton” OR “domain-specific language” OR “synthesis” OR
“verification” OR “monitor” OR “repair”)

We justify these search terms as follows:

e “human-robot interaction” OR “robot”: We primarily aim to focus
on papers that are written within the context of human-robot
interaction (HRI) and robotics.

o “end user development” OR “end user programming” OR “graphi-
cal programming” OR “visual programming”: We aim to capture a
range of tools that achieve interactive authoring and development
of HRI and robotics scenarios. The terms end user development
and end user programming are frequently used both in the HRI
field and in the software engineering field (e.g., Ko et al., 2011).
We add the terms graphical programming and visual programming,
to collect for papers that describe robot programming interfaces
in the computer science education (CSE) fields (e.g., Chen and De
Luca, 2016). We therefore include these terms to capture practical
programming applications beyond end user development.

o “interface”. We aim to collect papers discussing interfaces that
instantiate the EUD paradigm, rather than papers that introduce
notional frameworks or pure algorithms.

e “formal method” OR “formal analysis” OR “formal model” OR
“model” OR “automata” OR “automaton” OR “domain-specific
language” OR “synthesis” OR “verification” OR “monitor” OR
“repair”: We aim to collect papers that originate from or integrate
formal method techniques, including model-driven formal method
techniques or newly designed domain-specific languages (DSLs)
within the software engineering realm. We also include keywords
that talk about the specific methods within formal methods, such
as synthesis and verification.

We entered this query into four database querying engines. The list
of databases we utilized is: Google Scholar, Scopus (Elsevier), ACM
Digital Library, and IEEE Xplore. Search terms were found within
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anywhere in the articles or their metadata, and we filtered out papers
that were published before 2010. We exclude work that dates prior to
2010 due to observing a surge of EUD work in HRI beginning from
2010.

Identification of studies via databases

c
o
2
©
O
=
=
c
]
=

Screening

Included

Figure 3.1: PRISMA flow diagram illustrating the selection process for studies
included in this review article.
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This resulted in 2,011 articles:

Google Scholar yielded 8,150 articles, of which we considered
the first 700 articles when sorted by relevance (a similar paper
collection method was used in Ajaykumar et al. (2021)).

Scopus yielded 779 articles.
ACM Digital Library yielded 498 articles.

IEEE Xplore yielded 34 articles.

Removing duplicates from the queried databases resulted in a total

of 1,692 articles. From there, we performed screening of the collected

articles. The exclusion criteria are as follows:

Reason 1: Short papers that are less than 5 pages long (n = 90)
Reason 2: Papers that are not written in English (n = 1)

Reason 3: Indices for conferences and journals (n = 163)

After screening, 1,438 articles were subject to initial assessment of
eligibility. During this phase, the full texts of the articles were reviewed.

A set of exclusion criteria was applied to filter out papers that did not

meet our scope. The exclusion criteria are as follows:

o Reason 1: Papers that make theoretical (e.g., proposing notional

frameworks, interaction design approaches) or empirical contribu-
tions (e.g., evaluating an existing artifact) (n = 93)

Reason 2: Survey papers that provide an overview of EUD, but
not a specific EUD artifact or a formal methods technique (n =
8)

Reason 3: Artifact papers but those built on top of existing
programming frameworks such as LabVIEW (n = 10)

Reason 4: Artifact papers but those that mainly consist of function
calls for one-time use (n = 24)
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o Reason 5: Masters/Ph.D. theses that include multiple artifacts (n
= 40)

e Reason 6: Papers that are unrelated to robotics, or where robots
are mentioned only peripherally and not as a central focus of the
work (n = 1102)

After applying the above set of exclusion criteria, a total of 161
papers remained. We then conducted a final screening step, excluding
papers that did not incorporate formal method techniques—specifically
verification, synthesis, or repair—or that lacked any user-interface com-
ponents. This resulted in a final selection of 32 papers that met all
inclusion criteria. Figure 3.1 illustrates this literature screening process.

Even though many articles were retrieved in the initial stages, only
a few subset of papers matched our selection criteria. This shows that
the keywords appearing in query strings are often used informally or
in ways that do not align with the formal methods concepts we target,
leaving only a limited set of papers subject to review. Despite this small
number, we conduct an in-depth analysis of these papers to provide a
guideline-style account of the current research landscape.

Below is a full table of robot EUD studies that are included in this
review article. To view the bibliography files for the surveyed studies,
refer to the OSF link?.

Table 3.1: Overview of Robot EUD Studies. Papers listed in order of appearance.

Paper EUD Phase Formal Method Formal Method

Type Goal

Schenkenfelder et al. (2023) Analysis Type checking Ensuring Validity
Moser et al. (2014) Analysis Type checking Ensuring Validity
. Ensuring Validity,

Porfirio et al. (2018) Analysis Type. chec}(mg, Ensuring

Verification
Correctness

Analysis Pre-/postcondition Ensuring Validity

Porfirio et al. (2023) evaluation

Completing

Creation Synthesis Program Structure

*https://osf.io/avqxt Joverview?view__only=f2d64b88776c4e9e81e5549aa6d1cadb
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Table 3.1 (continued)

Methodology

Formal Method

Formal Method

Paper EUD Phase Type Goal
Alexandrova et al. (2015) Analysis Pre—és;)ls;f;;)ir;iltlon Ensuring Validity
Lucci et al. (2022) Analysis Verification Ensuring
Correctness
Pre-/postcondition Ensuring Validity,
Askarpour et al. (2021) Analysis evaluation, Ensuring
Verification Correctness
Pre-/postcondition Ensuring Validity,
Schoen et al. (2020) Analysis evaluation, Ensuring
Verification Correctness
Datta et al. (2016) Analysis Verification CEnsurmg
orrectness
. o . . Ensuring
Lyons et al. (2015) Analysis Verification Correctness
. . . Ensuring
Lyons et al. (2012) Analysis Verification Correctness
Hurnaus and Préhofer (2010) Analysis Verification Ensuring
Correctness
Porfirio et al. (2019) Creation Synthesis Completing
: Program Structure
Completing
Kubota et al. (2020) Creation Synthesis I;’rogra.m Structure,
mposing Program
Constraints
Porfirio et al. (2024) Creation Synthesis Completing
: Program Structure
Sauer and Henrich (2022) Creation Synthesis Completing
Program Structure
Porfirio et al. (2021) Creation Synthesis Completing
: Program Structure
Creation Synthesis Procrc;nniplsettrl:cgture
Porfirio et al. (2020) ;j e §
. . epairing for
Maintenance Repair Adaptation
Liang et al. (2022) Creation Synthesis Completing
’ Program Structure
Liang et al. (2019) Creation Synthesis Completing
’ Program Structure
Gavran et al. (2020) Creation Synthesis Imposing Program

Constraints




3.1. Paper Selection
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Formal Method

Formal Method

Paper EUD Phase Type Gonl
Gavran et al. (2018) Creation Synthesis Imposing P}"ogram
Constraints
. . Parameterizing
Creation Synthesis Prosrams
Chung and Cakmak (2020) €
Maintenance Repair Repairing for
P Adaptation
Creation Synthesis Pali)a:geizg]zsmg
Racca et al. (2020) N ~g‘ :
. . epairing for
Maintenance Repair Adaptation
Hagenow et al. (2024) Maintenance Repair Repairing for
: Adaptation
Senft et al. (2021b) Maintenance Repair Repairing for
Adaptation
Meng and Kress-Gazit (2024) Maintenance Repair Repairing for
Generalizability
Holtz et al. (2020) Maintenance Repair Repairing for
: p Generalizability
Holtz et al. (2018) Maintenance Repair Repairing for
: Generalizability
Mollard et al. (2015) Maintenance Repair Repairing for
’ Generalizability
Van Waveren et al. (2022) Maintenance Repair Repairing for
’ Generalizability
. . . Repairing for
Jiang et al. (2017) Maintenance Repair

Consistency
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Review of Program Analysis within Robot EUD

In this chapter, we provide a review of robot EUD work that analyzes the
correctness of programs, using techniques from program verification.
We take the perspective of examining which aspects of these programs
are formally verified—for example, whether correctness pertains to the
logical structure of programs, or the satisfaction of specified properties
with respect to the programs.

Within robot end user development (EUD), analyses of programs
can be conducted through several different formal approaches, including
type checking, pre-/postcondition evaluation, and verification.
In robot EUD, variants of type checking and pre-/postcondition eval-
uation ensure the syntactic and semantic validity of robot programs.
Verification is more complex, checking whether a program does what
it is supposed to do functionally (e.g., Kress-Gazit et al., 2021; Wing,
1990). Correctness is represented as a set of pre-defined/user-defined
properties that describe how a program should behave in a functional
manner. For example, properties can encode how certain states must be
reached eventually. These are called liveness properties (Lamport, 1977).
Similarly, safety properties can be characterized as ensuring nothing bad
will happen. Current EUD tools apply type checking, pre-/postcondition
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evaluation, and verification to analyze end-user programs for validity
and adherence to these properties, with the goal of identifying issues
and prompting users to make the necessary modifications to ensure
successful program creation and execution.

In what follows, we describe three common EUD approaches for
how formal methods are applied to the analysis of robot EUD programs:
(1) ensuring validity; (2) ensuring invariant correctness; and (3)
ensuring temporal correctness. Ensuring validity pertains to the
use of “lightweight” formal methods (Kulik et al., 2022; Jones et al.,
1996), such as type checking, to ensure that programs are syntactically
valid. Ensuring correctness pertains to the use of verification techniques,
such as model checking (Clarke et al., 1986; Queille and Sifakis, 1982),
to confirm that programs adhere to specified properties. We include
common representations that are used for each approach, and exclusively
focus on reviewing the design-time application of these techniques, as
this is the most commonly observed pattern of application within robot
EUD tools. Table 4.1 summarizes the types of formal method techniques
for program analysis found in existing robot EUD literature.

Table 4.1: Overview of Formal Method Techniques in Robot EUD.

Formal Formal
Technique Representations Techniques Paper Examples
Type in Practice

Schenkenfelder et al.

Type checking, (2023)

Ensuring

Validity Types prei/pgstcondltlon Porfirio et al. (2023)
evatuation Alexandrova et al. (2015)
Askarpour et al. (2021)
Schoen et al. (2020)
Ensuring Logical formulae Porfirio et al. (2018)
Correctness (e.g., first-order logic, Model checking Datta et al. (2016)
linear temporal logic) Lyons et al. (2015)

Hurnaus and Prahofer
(2010)
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4.1 Ensuring Validity

Representations. In adapting type checking to robot EUD, a type
might include labeled user-created robot behaviors, or labeled sensor
signals that a robotic system could produce. Types are often used
to enforce pre- and postconditions of robot behaviors, ensuring that
behaviors are only connected in ways that make sense. In this way, types
determine which operations are valid, and how they can be composed
within a program, helping end users create correct and executable
behavior flows.

Ensuring Validity in Practice. Type checkers used in Schenkenfelder
et al. (2023) and Moser et al. (2014) prohibit users from connecting
two welding-related functions in the graphical user interface when the
robot output signal (e.g., pulse dynamic correction) is incompatible
with the welding machine’s expected input (e.g., possible range for
pulse correction). A type checker in “RoVer” (Porfirio et al., 2018) also
ensures that the outputs of certain behaviors (e.g., Greeter) are a
subset of the allowable inputs for other behaviors (e.g., Ask) before
these behaviors are connected.

“Tabula” (Porfirio et al., 2023) and “RoboFlow” (Alexandrova et al.,
2015) are other examples of EUD tools that check whether adjacent
robot behaviors satisfy each other’s pre- and postconditions. Tabula
assembles user input to create a small, incomplete finite state machine
(FSM; §2.2.1) where robot actions are represented as states. Because
the user-provided input is incomplete, certain actions specified by the
user might not have their preconditions satisfied. Tabula flags the
unsatisfied preconditions and inserts necessary actions into the FSM
to ensure satisfaction. For instance, if the user specifies an FSM with
a “put” action, Tabula recognizes that “put” is preconditioned on the
robot having grabbed something first, and accordingly inserts a “grab”
action. RoboFlow similarly ensures the validity of robot programs by
evaluating action pre-/postconditions. For example, before finalizing the
“manipulation” action, RoboFlow checks whether physical landmarks
that are referenced by this action are actually visible to the robot. In
RoboFlow, postconditions output whether the manipulation procedure
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has succeeded. Similarly, in Askarpour et al. (2021) and “Authr” (Schoen
et al., 2020), robot actions can only be added to the EUD editor when
their pre-/postconditions align with those of adjacent behaviors.

4.2 Ensuring Correctness

The purpose of program verification is to ensure program correctness
against a set of properties. The correctness of a program is defined
as the “program doing what it is supposed to do” (Goldschlager and
Lister, 1986). We refer to invariant correctness as ensuring that some
property applies to every state of a robot program (known as invariants),
in contrast to temporal properties that reason about the behavior of
programs over time. Many existing robot EUD tools (e.g., Lucci et al.,
2022; Askarpour et al., 2021; Schoen et al., 2020; Porfirio et al., 2018;
Datta et al., 2016; Lyons et al., 2015; Lyons et al., 2012; Hurnaus and
Préhofer, 2010) use temporal properties to verify correct ordering of
robot actions within programs. Temporal properties often require more
expressive logic than invariant properties.

In this section, we describe the different logics used to reason about
invariant correctness and temporal correctness. We also categorize the
types of properties (e.g., liveness, safety, and fairness properties) and
discuss their significance in verifying correctness. Finally, we discuss how
verification techniques are used in existing work. Although ensuring
invariant correctness and temporal correctness sometimes relies on
different kinds of logics, the underlying verification techniques (e.g.,
model checking) can be applied in a similar manner, and we therefore
discuss them together.

Representations Used to Ensure Invariant Correctness. EUD tools
under this category use logical formulae to represent invariants. Exam-
ples include “VIPARS” (Lyons et al., 2015; Lyons et al., 2012), where
the invariant is expressed in first-order logic (FOL; §2.2.1) and speci-
fies that the robot must never go within one meter of an obstacle—that
is, the system checks in every state whether the distance q satisfies q >
1. Hurnaus and Préhofer (2010) also use the following FOL formula—
where =(d.1sDrilling() A d.rpm()<5000) says that for every state,
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drilling is only allowed when the driller speed is lower than 5000 rpm.
Here, predicates such as d.isDrilling() express the current state of
the robot. Because invariants are state-based properties, such predicates
allow those invariants to be written and subsequently checked across
all reachable states.

Representations Used to Ensure Temporal Correctness. Temporal
properties evaluate program behavior across sequences of states. Predi-
cate logic formulae are often used to represent preconditions of robot
actions. Temporal logic formulae are also commonly used to express
more complex logic as the operators capture rich patterns of behavior
across sequences of states. Although there are many different types
of temporal logic, here we focus on the common temporal logic types
used in existing robot EUD—linear temporal logic (LTL; §2.2.1) and
metric temporal logic (MTL; §2.2.1). LTL formulae specify whether
action-occurrence and action-ordering properties hold within program
traces, while MTL formulae extend LTL formulae by enforcing action-
occurrence and action-ordering within specific time intervals.

Existing robot EUD tools use predicate logic formulae to verify
satisfaction of pre-/postconditions of each robot action within pro-
grams. For example, “Authr” (Schoen et al., 2020) verifies the pre-
condition for the grip action—that the robot is not already grip-
ping anything (—gripping())—before adding the grip action into
the program. Lucci et al. (2022) also leverage predicate logic to ex-
press preconditions for a screwing operation in assembly settings,
such as, IsObjectInHand (Hand, Object) A IsHandInVolume(Right,
V2)—ensuring that the screw action only happens when the Object is
in Hand and V2 is on the Right.

On the other hand, there are works that utilize temporal logic
formulae to reason about more complex properties that span across
multiple states. “RoVer” (Porfirio et al., 2018) uses linear temporal
logic (LTL) formulae to formalize social norms and subsequently uses
these formulae to verify end user-authored interactions. The motivation
lies in assisting end users to create robot behaviors that align with human
expectations and prevent conversational breakdowns during interactions.
RoVer builds on the idea that social norms, such as greeting others
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or avoiding interruptions, closely reflect the appropriate timing and
ordering of actions. For example, a greeting norm is enforced by verifying
that the robot does not repeatedly issue greetings at the beginning of
the interaction. Similarly, a speech norm can be enforced by prohibiting
the robot from speaking at the same time as the user. In LTL, this
would be expressed as G humanSpeaking — —robotSpeaking. Given
LTL formulae for each social norm, RoVer verifies whether end-user
programs adhere to this set of formulae, flags when violations occur, and
provides feedback on what went wrong, such as highlighting actions that
were added in the wrong order, or notifying the absence of a greeting
in the beginning of the interaction.

Metric temporal logic (MTL) formulae in “Papyrus” (Askarpour
et al., 2021) encode properties that specify robot actions be executed
within a certain number of time units. For instance, the MTL formula—
distyy < distinresh — Futr(speed,, 1)—enforces that the end-user
program includes a time-bounded response, which is to stop the robot
within one time step as soon as the human-robot distance is deemed
unsafe.

Property Types in Ensuring Program Correctness Considering the
large space of properties that can be expressed using a variety of different
logics, these properties can be generally categorized based on the type
of system behavior that they constrain—Iliveness, safety, and fairness
properties.

“VIPARS” (Lyons et al., 2015; Lyons et al., 2012) verifies the live-
ness properties of end-user programs. In VIPARS, the success of a
robot program is ensured by verifying that the robot reaches a certain
goal waypoint and finishes every movement towards that waypoint in
under 100 seconds. RoVer also verifies end-user programs against live-
ness properties. For example, the verifier ensures that the interaction
eventually terminates, and ensures that the robot does not keep the
human waiting forever without ever responding.

VIPARS also defines and utilizes safety properties, prohibiting the
robot from approaching too close to an obstacle for both physical safety
and adherence to mission success criteria.

Fairness properties are also often checked in robot EUD tools.
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Verifying fairness means to check if “some event becomes possible
infinitely often”, while other events do not (Queille and Sifakis, 1983).
RoVer addresses fairness by verifying that end-user programs do not
include logic where the robot dominates the conversation by speaking
twice or more times in a row. Similarly, Datta et al. (2016) verify that
the expected robot actions occur only once and do not repeat.

Ensuring Correctness in Practice.  Given a set of properties expressed
in temporal logic, many EUD approaches apply a formal verification
technique called model checking (§2.4). In model checking, every
state within an FSM program is systematically inspected to confirm
whether the properties specified in LTL, for example, are satisfied during
program execution. The objective of model checking is to find a trace 7
within the transition system that does not satisfy a property, ¢. The
model checker outputs a confirmation if no states within all possible
execution paths violate the property. In some cases, model checkers also
provide counterexamples, namely execution paths that violate a set of
properties. RoVer uses a PRISM model checker (Kwiatkowska et al.,
2011) to exhaustively examine every program trace and verify them
against LTL formulae that encode social norms.

Existing model checking tools often use Satisfiability Modulo Theo-
ries (SMT; SMT solving in §2.2.3) solvers to find value assignments for
each state in order to prove or disprove the correctness of all execution
paths (De Moura and Bjgrner, 2011). Solvers such as Z3 (De Moura and
Bjorner, 2008) and a solver by Dutertre and De Moura (2006) are used
in existing robot EUD tools, such as Schoen et al. (2020) and Hurnaus
and Préahofer (2010). For solving MTL formulae, Zot solvers (Pradella,
2009) are often used.

One of the challenges during execution path enumeration is the state
explosion problem (Clarke et al., 2011), where the search space of the
execution paths is so large that computation becomes intractable. Prior
work addresses these issues, such as by propagating identical parameter
values across states, observing that end users often chain states sharing
the same parameter (e.g., Schoen et al., 2020). Papyrus also utilizes
this approach to efficiently enumerate path segments of varying length.
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Review of Program Creation within Robot EUD

In this chapter, we review robot EUD tools that create correct robot
programs using techniques from program synthesis. As with formal
techniques for analysis, the success of synthesis is contingent on its
chosen representations—(1) the initial input, including user input and
information that is missing from this input to be inferred by a synthesizer;
(2) the intermediate representation that enables formal reasoning about
the program being constructed; and (3) the program that is output by a
synthesizer. This chapter describes robot program creation and synthesis
through the lens of three different representation pipelines in robot EUD.

The program creation phase of robot EUD involves enabling users
to develop robot behaviors that match their needs. In the context of
formal methods, program synthesis focuses on automatically creating
a robot program that is guaranteed to satisfy a user specification—a
description of user intent expressed through system requirements. While
program analysis checks whether an existing program meets a set of
requirements, synthesis constructs such a program from the ground
up. Often, synthesis leverages formal techniques for analysis, such as
verification, to ensure that automatically constructed programs maintain
correctness, or in other words, are correct-by-construction (Kourie and

33



34 Review of Program Creation within Robot EUD

Watson, 2012).

In this chapter, we focus on the nature of the initial input as the
primary factor distinguishing various program synthesis work in HRI
and robotics. We elaborate on the representation pipeline and the syn-
thesis techniques used to transform this initial input into executable
robot programs. We group the different synthesis approaches present in
existing work into three major categories: (1) completing program
structure; (2) imposing program constraints; and (3) parameter-
izing programs. Completing program structure refers to transforming
incomplete program structures—such as disjoint snippets specified by
the end user—into fully formed, executable programs. Imposing program
constraints refers to synthesis processes that begin from constraints,
i.e., end-user specifications that bound robot behavior. Lastly, parame-
terizing programs refers to synthesis approaches that begin from full
program structures, which are then automatically parameterized by
filling in missing variable values.

Table 5.1: Overview of Program Synthesis Techniques in Robot EUD.

iz]r;ihems Representations Synthesis in Practice Paper Examples
. Finite state machines (FSMs), Automata learning, Sauer and Henrich
Completing . . .
Prosram logical formulae (e.g., first-order  constraint solving (e.g., (2022)
Strugcture logic, linear temporal logic SAT/SMT solving), Liang et al. (2022)
formulae) CEGIS, automated planning  Porfirio et al. (2019)
Imposin Controller synthesis,
posing Logical formulae (e.g., linear automated Kubota et al. (2020)
Program

reasoning/planning

Gavran et al. (2018)

\ . temporal logic, description logic)
Constraints (e.g., PDDL planning)

Chung and Cakmak
(2020)
Racca et al. (2020)

Parameterizing

Finite state machines (FSMs)
Programs

Sketching, Bayesian filtering

5.1 Completing Program Structure

Creating correct programs begins with collecting and processing example
behaviors of what the robot should do. Program synthesis in this pipeline
involves composing incomplete program structures—such as end-user-
provided, linear traces—and formalizing them into executable program
structures, such as finite state machines (FSMs; §2.2.1). This approach
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leverages sequence-like input representations to generate generalizable
programs that capture and integrate the behavioral patterns across
example inputs. Techniques such as automata learning and satisfiability
solving (SAT/SMT solving in §2.2.3) are primarily used within this
synthesis approach.

Representations. During the elicitation and gathering of end-user
programming intent, end users may provide incomplete program struc-
tures, such as linear program traces. These traces serve as example
execution paths through the not-yet-constructed full program, and are
represented as input-output sequences, often of alternating states and
events. States in a trace usually represent either a robot action/goal or
its internal /environmental condition. For example, “Tabula” (Porfirio
et al., 2023) encodes robot actions, such as grab(groceries), as states
within individual traces that are provided to the system. External events
or other information that the robot senses often denote the transition
from state to state, such as human actions that trigger robot actions or
responses. For example, “Synthé” (Porfirio et al., 2019) models robot
behavior traces as Mealy machines (§2.2.1), with states being internal
conditions of the robot, while transitions are pairs of human actions
and robot actions that modify those internal representations. “JESSIE”
(Kubota et al., 2020) is similar in that user input consists of sequences of
robot actions, each of which may be conditioned on a specific stimulus
occurring beforehand. With both systems, traces are very similar to,
and can be easily operationalized as, FSMs without any branching or
looping.

Logical formulae are often employed as intermediate representations
in the synthesis pipeline to ensure that the synthesized program remains
consistent with the user-provided traces. For instance, Synthé represents
the desired program as a logical conjunction of separate user-specified
traces, using first-order logic (FOL; §2.2.1) to encode demonstration
traces and capture their shared common state transitions through logical
conjunctions (the “and” operator, A). With JESSIE, linear temporal
logic (LTL; §2.2.1) properties encode sequences of robot actions and
possible stimuli that these actions are conditioned on.

FSMs can also serve as incomplete program input, such as if the
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transition between one state and another state represents a gap in
program logic that must be filled with additional states and transi-
tions. This is similar in concept to “Polaris” (Porfirio et al., 2024), in
which users provide a high-level FSM that encodes robot goals, such
as resident-alertedTo-lunchtime, into FSM states. An automated
task planner then splits each transition into multiple sub-states that
must be met in order for the robot to proceed from one goal to the
next. Note that while automated task planning is usually thought of as
distinct from program synthesis, it behaves very similar to synthesis in
the case of Polaris.

Completing Program Structure in Practice. Robot EUD approaches
utilize a plethora of formal method techniques for synthesizing program
structure from raw, possibly incomplete or partial user input. One
such approach is automaton minimization, which yields compact FSMs
from long traces of robot actions provided by the user. Rather than
generating programs with emergent behaviors, the purpose of automaton
minimization is to express lengthy user input more concisely. A related
form of program synthesis observed in robot EUD is automata learning,
which produces generalizable robot programs that handle cases beyond
those explicitly captured by end-user input.

For incomplete input, some work uses automated planning as a
synthesis technique. Examples include works in which an automated
planner adds states to an FSM when end users skip key robot actions
(thereby causing unmet action preconditions) or specify robot programs
at such a high level that requires lower-level program details to be
inferred (e.g., specifying robot programs in terms of goals, from which
the robot’s actions must be inferred).

Some works define synthesis as a constraint solving problem, where
they use logical formulae—such as FOL formulae—to formally define
how user input must be assembled into the final program that satisfies
as much of the user’s intent as possible.

Because there is a large body of existing robot EUD works that
fall under the category of completing program structure, this section
organizes papers under distinct headers that reflect specific techniques
used in each work.
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Automaton Minimization Sauer and Henrich (2022) use an au-
tomaton minimization algorithm (Hopcroft et al., 2001) to generate
a compact FSM that represents a sequence of user-provided robot ac-
tions. In their work, end users physically manipulate the robot when
demonstrating the action sequence. Every time a new haptic interac-
tion is detected, a robot action is defined and is added as a state in
the action trace. Next, program creation occurs by detecting overlaps
in user-provided sequences in order to generate loop structures, thus
“minimizing” the FSM.

Automata Learning While traces can be condensed to yield com-
pact robot programs that faithfully represent user intent, some robot
EUD tools utilize synthesis techniques that go one step further—inductively
learning user input-output patterns from multiple traces to produce
generalizable programs. “Figaro” (Porfirio et al., 2021), for example,
leverages automata learning (Steffen et al., 2011) to search for FSM
programs that accept multiple user-specified robot traces. These traces
include the robot’s trajectory in two-dimensional space and any dis-
crete actions that the robot takes within these trajectories. In Figaro,
traces directed toward the same destination are merged, regardless of
the specific trajectories taken by the robot, allowing the program to
generalize to new starting positions and unseen trajectories while still
reaching the intended destination.

Synthé is another example work that uses automata learning. Synthé
implements the bodystorming design method (Schleicher et al., 2010)
by prompting end-user design teams to role-play the back-and-forth
interactions between a human user and a robot. Synthé models end-user
demonstrations as traces in a Mealy machine (§2.2.1), in which human
actions are FSM inputs and robot actions are FSM outputs. There
are two transition functions in a Synthé FSM—an action transition
function that defines how the robot reacts to human actions, and a state
transition function that defines how the robot’s internal state changes
based on the human action. Synthé extends Neider (2014)’s automata
learning technique and applies it to the Mealy machine domain. To learn
iterative and cyclic robot behaviors present in end-user demonstrations,
Synthé imposes an inductive bias towards minimal automata (this is an
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additional constraint on synthesis, conceptually similar to automaton
minimization).

While most existing applications of program synthesis in EUD treat
robot action traces solely as examples of preferred behaviors from
which to generate programs, some tools additionally collect negative
examples and incorporate them into the synthesis process. For example,
in Porfirio et al. (2020), negative examples, or counterexamples, are
collected and used to exclude undesirable robot action traces from the
final program. This approach is based on counterexample-guided
inductive synthesis (CEGIS; Solar-Lezama et al., 2006), where the
synthesizer iteratively uses counterexamples to refine the program for
continual learning and adaptation.

Automated Planning Automated planning is usually viewed as
distinct from program synthesis; recently, however, some EUD tools
have leveraged automated planning as a synthesis tool. Tabula utilizes
program synthesis not only for assembling FSMs from individual user
traces, but also for completing the individual traces themselves, where
preconditions (e.g., “grab”) are automatically added before some actions
(e.g., “put”) in the user-specified trace. Polaris is another example of an
EUD tool that utilizes automated planning in a synthesis-like fashion.
Strictly speaking, Polaris generates plans using an off-the-shelf Planning
Domain Definition Language planner (PDDL planner; Fox and Long,
2003 and Hoffmann and Nebel, 2001), where the states in the goal
automaton are used to generate complete, executable plans, ¢.e., robot
action sequences that achieve the goals set by the user’s high-level hand-
specified FSM. Through this design choice, Polaris alleviates user burden
of exhaustively enumerating each robot action and instead allows users
to simply express FSMs in terms of goals, such as object is fetched
instead of individual actions—move to object and grab-object.

Constraint Solving Many EUD tools leverage constraint solving
to complete a program’s full structure from partial user input. In some
cases, such as with Synthé, constraint solving is used in tandem with
other approaches like automata learning. Specifically, as part of its
automata learning pipeline, Synthé encodes end-user demonstration



5.2. Imposing Program Constraints 39

traces into FOL formulae and performs MaxSMT solving (see SMT
solving in §2.2.3) on them to generate compact programs. The goal of
this is to maximize the number of demonstrations that jointly satisfy
the inferred, FOL constraints, while leaving out traces that include
possibly contradictory robot behaviors.

JESSIE constitutes another example of generating full program
structures from incomplete user input via constraint solving. JESSIE
involves a two-step synthesis process. First, the system synthesizes
program constraints from user-provided action sequences, which are
similar to traces (see §5.2 for a discussion on constraint synthesis).
These constraints serve as an intermediate representation of user intent,
and are used in the second step of the synthesis pipeline. From these
constraints, the system utilizes an off-the-shelf synthesis tool named
slugs (Ehlers and Raman, 2016) to generate an FSM robot controller
that triggers relevant Robot Operating System (ROS) nodes (Wong and
Kress-Gazit, 2017). JESSIE thereby uses constraint solving to translate
incomplete user input into fully executable and correct-by-construction
robot programs.

Instead of encoding intermediate logical formulae that capture
program-wide logic, other robot EUD tools extract constraints bound
to each robot action-level (e.g., pre-/postconditions), and from these,
create generalizable programs. For instance, “iRoPro” (Liang et al.,
2022; Liang et al., 2019) generates pre-/postconditions expressed in
FOL from robot action sequences, which describe how the robot’s world
(e.g., object positions) has changed between robot actions, expressed
such as obj is on A. These inferred intermediate representations are
then passed to an off-the-shelf PDDL planner, which generates robot
action plans that remain robust in new environments, as long as the
pre- and postcondition formulae are satisfied.

5.2 Imposing Program Constraints

While some synthesis pipelines accept sequential input, like end-user
demonstration traces, others take a more declarative approach, accepting
user-defined program constraints. These constraints guide the creation
of robot programs by setting boundaries without explicitly defining
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program structure or flow. They limit robot behavior by, for example,
specifying a partial order over actions rather than prescribing a full
action sequence. Robot EUD tools that fit under this category often
utilize temporal logic formulae to describe the required sequencing and
timing of robot actions. These formulae may be the product of synthesis
itself (e.g., translating a user’s natural language description of robot
behavior to temporal logic) or might be used as input to a program
synthesizer or an automated planner for further program generation,
consequently yielding automata-based artifacts or step-by-step robot
action plans.

Representations. Constraints are often expressed via logical formu-
lae. These logical formulae tend to be intermediate representations
within the synthesis pipeline, usually following specific branches of logic.
In particular, linear temporal logic (LTL; §2.2.1) is frequently used to
encode time-dependent constraints. As an other example, description
logic (DL) is used for describing ontologies within specific domains
(Baader et al., 2008). Combined with principles from set theory, DL
allows for the representation of relational constraints that govern robot
programs.

Imposing Program Constraints in Practice. Synthesizing program
constraints involves translating raw user input into logical formulae.
The logical formulae may then be used for additional synthesis, or to
guide an automated planner in selecting the appropriate actions for a
robot to perform.

JESSIE is an example of an EUD tool that imposes program con-
straints. The system involves a two-step synthesis process—translates
raw user input from a tangible authoring interface into LTL formulae,
and subsequently generating a finite state machine (FSM; §2.2.1) robot
controller from the LTL. We have already discussed this second step in
§5.1. This section now focuses on the first step.

The system’s tangible interface consists of a set of cards, where each
card either represents a robot-initiated activity or sensing events that
precede robot reactions, such as greeting people with mild cognitive
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impairments—PwMCI—when they touch the robot. Here, the clinicians
treating the PwMCIs place the activity cards in a specific order, thereby
expressing the temporal ordering of the activities. The clinicians can
express other types of constraints, too, such as by guiding the robot to
display a congratulatory notification to the PwMCI only when they com-
pleted certain activity modules. These constraints are then translated
into LTL formulae, which are then used for controller synthesis. In this
way, JESSIE employs LTL as an intermediate synthesis representation.

As another example of imposing program constraints in practice,
“LTLTalk” (Gavran et al., 2020) uses a multi-objective optimization
problem modulo SMT solver (Bjgrner et al., 2015) to search for candidate
LTL formulae that best capture user intent. The input of LTLTalk
are user demonstration traces and natural language descriptions that
contextualize the demonstrations. For example, a user may instruct a
robot to take one red item from the coordinates (7,4) by demonstrating
the action and providing a corresponding description. Given these
inputs, the system first generates extra samples from the user-given
trace and then constructs a set of candidate LTL specifications through
an SMT-based search (see SMT in §2.2.3) over all bounded-size formulae
consistent with those samples. During this search, the solver gives highest
priority to the objective that measures how well each candidate LTL
formula aligns with the natural language description. The user, after
reviewing the possible LTL formulae, is prompted to choose a single
LTL formula that best fits their intentions. In order to facilitate this
selection process, robot behavior traces that instantiate different LTL
formulae are presented to the end user so that they can decide upon
an LTL formula that best fits their intent. This approach follows the
distinguishing examples approach (Gulwani, 2012; Jha et al., 2010)
in formal methods, where different inputs are used to determine whether
candidate programs behave differently, allowing the program synthesizer
to rule out incorrect specifications. After the final LTL formula is chosen,
LTLTalk then invokes an off-the-shelf planner to generate step-by-step
robot actions that satisfy the LTL constraint.

Lastly, “TOOL” (Gavran et al., 2018) uses automated Al reasoners
and planners to generate robot actions given constraints that are for-
mulated in logical formulae, namely description logic formulae (DL;
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Baader, 2003). TOOL allows end users to express these constraints
through a domain-specific language (DSL) designed for describing rela-
tionships between elements in robot manufacturing tasks. Users define
how the assembly items, workers, skills, resources, and tools in a manu-
facturing task are related to each other rather than describing how each
element is used within an action sequence. A user’s TOOL DSL code
is then translated to a set of DL formulae that capture the inclusion
relationship between the elements. For example, skills might consist of
inclusion relationships in DL such as gluing C bonding. Inclusion state-
ments such as skill0f_robotl X robotl C canBeHandledByWorker
can model worker capabilities. Once all the relational constraints are
defined and translated into corresponding DL formulae, step-by-step
plans are generated using two off-the-shelf tools. First, an automated
reasoner (Matentzoglu et al., 2017) checks and matches resources to the
skills. Then, an off-the-shelf PDDL planner is used to generate action
sequences for both human and robot workers, factoring in all constraints
defined by the user.

5.3 Parameterizing Programs

Some existing robot EUD tools adopt a parameterization-based represen-
tation pipeline, in which the synthesis process begins from full, template-
like program structures, and lower-level program details are subse-
quently modified. The template-like program structures used within
this approach accommodate both uncertainty and user interactivity and
support incremental improvement over time, while at the same time
preserving the performance and fluency of the of overarching program
structure at runtime.

Representations. Full program structures are often represented as
finite state machines (FSMs; §2.2.1) but with holes in place of low-level
details, such as the parameters that guide robot execution (e.g., the
velocity of the robot in a move action). Similar to how FSMs are used
in §5.1, we can think of FSM states as representing robot actions, while
transitions encode the conditions that trigger these actions. In extending
this representation, parameters set the thresholds or continuous values
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that define those conditions. For instance, “SoRTSketch” (Chung and
Cakmak, 2020) uses a Mealy machine representation of robot programs
(§2.2.1). Within this representation, SoORTSketch determines the robot’s
reaction to user disengagement via a transition function that encodes
the relationship between the user’s gaze direction and the maximum
angle of engagement. Depending on the disengagement parameter, the
program will trigger either a “wait” action or a continuation of the
interaction.

Parameterizing Programs in Practice. EUD tools that adhere to
this synthesis pipeline use machine learning-based approaches from
multiple iterations of explicit/implicit feedback from the users to infer
the distribution or the exact values of program parameters. Although
these approaches do not strictly fall under formal methods, we include
them in this review article because the boundary between learning-based
techniques and inductive program synthesis is often blurred, and these
approaches still realize concepts closely aligned with formal methods.
SoRTSketch applies an approach that is similar in concept to sketch-
ing (Gulwani, 2012; Solar-Lezama, 2008) in formal methods. In formal
methods, sketching utilizes SAT-based inductive synthesis techniques
(see SAT solving in §2.2.3) to fill in the values of program (the sketch)
holes. While adhering to the core idea of sketching in terms of filling in
holes, SoRTSketch uses a different approach to SAT-based inductive
synthesis—Bayesian Filtering to infer program modifications from im-
plicit user feedback (Chen et al., 2003). Whenever end users provide
implicit feedback that indicates that a robot action transition is incor-
rect, the transition parameters are subsequently modified. For example,
such feedback might be operationalized through “Next” and “Go back”
buttons. The Next button implies that the robot missed a transition
and should proceed to the next action rather than remain in the current
state. The Go back button may be issued when the user thinks that
the robot should stay longer in the previous state before transitioning
to the current one. Both Next and Go back feedback ultimately per-
tain to the threshold values defined for the current transition function.
This feedback adjusts the robot’s transition behavior by refining these
parameters, thereby ensuring that the robot’s actions align with user
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expectations.

Racca et al. (2020), on the other hand, accept more explicit feedback
from the end user, such as “higher”, “lower”, and “fine”, for tuning
low-level robot action parameters. These parameters might include the
end-effector’s translational speed or the grasping force during a pick-and-
place task. Similar to SORTSketch, Racca et al. (2020) use a Bayesian
estimation approach, which is combined with expected mazimum diver-
gence for parameter estimation (Roy and McCallum, 2001). Although
this work primarily follows machine learning techniques, specifically the
active learning paradigm (Settles, 2009), rather than formal methods,
its use of “informative queries” to elicit significantly different parameter
ranges bears similarity with the notion of distinguishing input (Gul-
wani, 2012) and the formal method techniques surrounding it. In formal
methods, a distinguishing input refers to a generated input that yields
different outputs. Racca et al. (2020) compute the informativeness of
each query and presents queries to the user. Once users settle upon
feasible parameter ranges through multiple query iterations and the
parameter values eventually converge, the resulting program consisting
of robot action sequences is yielded with final parameter values.
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Review of Program Maintenance within Robot
EUD

In this chapter, we provide a review of EUD work that addresses main-
taining existing robot programs using techniques from program repair.
We ground our discussion based on the program repair activities sug-
gested by Le Goues et al. (2019)—(1) fault localization, which identifies
sources of errors or violations through analysis of execution traces (Lou
et al., 2020), (2) patch generation, which produces potential fizes, and
(3) patch validation, which ensures the correctness and effectiveness of
the proposed patches (Zhang et al., 2023). This chapter analyzes robot
EUD tools that engage in these activities for program maintenance and
repair.

While program verification and synthesis are useful tools for the
creation and analysis phases of robot end user development (EUD),
they do not account for the evolving correctness requirements encoun-
tered during program maintenance. The need for modifying existing
robot programs arises when robots are deployed in the real world and
encounter situations that prevent them from adhering to their original
requirements, experience technical limitations, or receive incompatible
requests from multiple users (e.g., Das et al., 2021). Correctness criteria
may also change when users place robots in novel scenarios, or in the

45
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case when user preferences evolve over time. Addressing these challenges
necessitates continual program maintenance.

In this chapter, we categorize approaches that EUD tools use for
program repair into (1) repairing for adaptation, (2) repairing
for generalizability, and (3) repairing for consistency. Our re-
view is primarily based on the first two categories, particularly on
handling evolving application contexts (i.e., generalizability) and per-
sonal preferences (i.e., adaptation). Not many EUD tools fit in the
consistent-repair-generation category, but we still include them in our
review to provide readers with the full scope of works present in current
robot EUD literature.

For each repair objective, we first describe how faulty programs,
their underlying faults, and the corresponding patches are represented.
We then outline techniques that operate on these representations to
facilitate the three repair steps described above. For an overview of

the types of program repair and their corresponding examples, refer to
Table 6.1.

Table 6.1: Overview of Program Repair Techniques in Robot EUD.

Repair Type Representations Repair in Practice Paper Examples

Chung and Cakmak
(2020)
Porfirio et al. (2020)

Repairing for Counterexamples, Fault localization, sketching,
Adaptation holes in a program sketch CEGIS, model checking

Meng and Kress-Gazit
(2024)

Holtz et al. (2020)
Holtz et al. (2018)

Logical formulae
(e.g., first-order logic, SMT solving
linear temporal logic)

Repairing for
Generalizability

Repairing for Tnvariants Application of

Consistency transformation rules Jiang et al. (2017)

6.1 Repairing for Adaptation

Repairing programs for adaptation begins with mechanisms for express-
ing faults in existing robot programs, such as expressing uncertainty
and low-level variability within program structures. Considerations for
future adaptation often arise from the evolving nature of robot tasks or
from user-specific preferences. In existing robot EUD tools, finite state
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machines (FSMs; §2.2.1) appear to be the primary representation of the
programs subject to adaptation, while fault representations (e.g., coun-
terexample traces) and patch representations (e.g., holes in a program
sketch) capture the necessary modifications to be made and guide which
techniques—such as counterexample-guided inductive synthesis (CEGIS;
Solar-Lezama et al., 2006) and constraint solving (see SAT/SMT solving
in §2.2.3)—can be used to implement these modifications.

Representations. When repairing for adaptation, the programs that
get adapted typically assume an FSM representation. In Porfirio et
al. (2020), FSM programs are adapted to better fit the surrounding
environment and social context. The interactions between users and the
robot that lead to these modifications are represented as FSM traces.
Traces that receive poor user ratings denote counterexamples to be
removed via program program repair, whereas traces that receive good
user ratings represent the positive examples that should not be removed.
“SoRTSketch” (Chung and Cakmak, 2020) also utilizes FSMs as default
program representation. Here, candidate fixes are represented as holes
within the program, which are later filled with parameter values derived
from end-user preferences in social interactions (e.g., how long the robot
should wait upon user disengagement). These parameters are refined
through repeated feedback, indicating how they can be further adjusted.

Repairing for Adaptation in Practice. Robot EUD tools for repair,
specifically for behavior adaptation utilize fault localization and sketch-
ing techniques that aim to identify and repair specific elements of the
programs. In formal methods, fault localization schemes rely on heuris-
tics to explore the repair space. In Porfirio et al. (2020), fault localization
prioritizes which fixes to apply by ranking FSM transitions and states
that appear the most in low-scoring interaction traces, i.e., counterex-
amples. The localization of potential fixes is done in addition to fault
localization, in which the repair process also prioritizes the retention
of transitions and states that occur the most in high-scoring programs.
These two optimization techniques operate within the CEGIS loop,
through which robot programs applicable to new contexts are derived.
Complementing this process, model checking (§2.4) is used as a patch
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validation step, where it ensures that the repaired program does not
violate any context-free constraints, such as social norms in this case.

SoRTSketch uses a similar approach to sketching to support
adaptive program repair for personalization and contextual fit. Sim-
ilar to fault localization approaches, only a small subset of program
components—those most relevant to user interaction—are subject to
modification, i.e., patch generation. In this approach, candidate fixes are
represented as holes in a program, specifically transition functions that
are partially defined. The holes in these partially defined transitions
consist of undefined thresholds for activating FSM state transitions.
Contrary to using a SAT solver (see SAT solving in §2.2.3) to derive
the values of the holes as in the original sketching method, SoRTSketch
utilizes Bayesian inference to iteratively estimate parameters that bet-
ter align with user preferences and situational context. Through this
patch generation process, the system refines behaviors such as how the
robot responds to user disengagement during a guided activity, yielding
personalized yet stable social interactions.

Beyond the aforementioned works that adopt repair techniques
grounded in formal methods, many existing robot EUD tools incorporate
human-in-the-loop repair mechanisms for program adaptation. These
works contribute algorithms and interaction techniques particularly for
timely fault localization and patch generation. For instance, Racca et al.,
2020 propose an algorithm for efficient fault localization. Inspired by
active learning techniques in machine learning (e.g., Settles, 2009), the
system employs informative queries to narrow the acceptable range of
parameter values for different contexts—for example, applying different
forces depending on object contact. Interaction techniques such as
experts providing real-time fault corrections in high task-variability
settings (Hagenow et al., 2024) and modifying task parameters on-the-
fly (Senft et al., 2021b), further demonstrate how adaptive program
repair can occur in real-time settings under human guidance.

6.2 Repairing for Generalizability

EUD tools that seek generalizability of logic during program repair use
intermediate representations expressed as specific logical formulae to
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apply reasoning to unseen environments, situations, and robot tasks.
Once such intermediate representations are specified, methods such as
constraint solving enable both the automatic generation and validation
of generalized repair patches, ensuring correct-by-construction (Kourie
and Watson, 2012) synthesis and robustness across varying contexts.

Representations. Robot program repair for generalizability operates
over FSMs (§2.2.1) or other specifications that define the desired robot
behaviors given environmental assumptions. For instance, Meng and
Kress-Gazit (2024) modify high-level specifications expressed in logical
formulae—such as linear temporal logic (LTL; §2.3)—that formally
describe the relationship between robot tasks, skills, and environment
assumptions. The representation used for the violation expression is
a triplet—the set of environment propositions that are true before
the robot acts, the robot skills being executed, and the change in
the environment after skill execution. The program fix is symbolically
represented, including relaxed environment assumptions and new robot
skills that are synthesized from existing ones. Using a similar approach,
repair in Holtz et al. (2020) and Holtz et al. (2018) occurs at the FSM
level, where faulty conditions are directly specified by end users who
highlight incorrect states within the FSM. The fix for repairing such
programs involves intermediate specifications, such as FSM transition
functions expressed in first-order logic (FOL; §2.2.1).

Repairing for Generalizability in Practice. Several robot EUD ap-
proaches transform program repair into a constraint solving problem
or a learning problem. For example, Holtz et al. (2020) and Holtz et
al. (2018) employ a Satisfiability Modulo Theories (SMT) solver (see
SMT solving in §2.2.3) to extract logical formulae expressed in FOL
and produce programs with updated parameter values that generalize
better across contexts. Meng and Kress-Gazit (2024) do not directly use
constraint solvers to yield repaired programs; however, they leverage
them to determine whether repair is needed. The SMT solver diagnoses
whether an LTL specification—which encodes assumptions about the
environment and the robot task—needs to be rewritten. If an assump-
tion relaxation is necessary, the robot specification is rewritten with
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a logical disjunction, further including the newly written environment
assumptions. In addition to modifying specifications, new robot skills
are created by modifying pre-/postconditions of existing skills.
Existing robot EUD tools also utilize learning techniques to acquire
generalizability in program logic. Although these do not strictly adhere
to formal methods, we introduce these works briefly to demonstrate pro-
gram repair applications within the current HRI landscape. In Mollard
et al. (2015), constraints are generated through encoding key events of
end-user demonstrations using a conditional random field model (CRF;
Baisero et al., 2015) in machine learning. Using these constraints, end
users can further specify relationships between new objects in the robot
workspace. In Van Waveren et al., 2022, robot programs are iteratively
generated through reinforcement learning (RL) techniques. In order
to prevent repeated failures in the course of learning, however, shields
(Alshiekh et al., 2018) that are applicable to many failure types are
generated from non-expert feedback, which includes action refinements,
alternative action suggestions, and forbidding of specific actions. These
shields are then used to repair existing programs which failed previously.

6.3 Repairing for Consistency

Robot program repairs often pursue structural and syntactic consis-
tency to which the fix is applied. In this repair objective, patches are
specified and generated based on pre-defined categorization of fault
types, such as those that pertain to program invariants. Transformation
rules that correspond to these fault categories are then applied to sys-
tematically modify the affected program components while preserving
overall structure and intent.

Representations. Robot EUD tools that seek repair consistency often
depend on invariants, or “statements that are true at specific points
of program execution” (Nelson, 1980), to discern which specific fixes to
apply in a consistent manner. Jiang et al. (2017), for example, infer and
synthesize system invariants observed from Robot Operation System
(ROS) message-passing traces and uses these invariants—such as data
flow within traces, fixed frequencies of ROS messages—to determine the
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type of pre-defined recovery actions when invariant violation has been
observed. While invariants are also used within generalizable program
repair approaches (e.g., invariant generation), in this repair approach,
we highlight the role of invariants as anchors for consistent repair
schemes—allowing pre-defined fix patterns to be applied efficiently once
a violated condition is identified.

Repairing for Consistency in Practice. Formal method techniques
in this type of program repair often use transformation rules (e.g.,
Kim et al., 2013) to yield consistent repair behaviors. Although this
mechanism is not fully instantiated in Jiang et al. (2017), the work
instead focuses on the inference of invariants from ROS traces. This
work lists out a few fixed sets of recovery actions (e.g., unregister an
unknown publisher if the “architecture” invariant is violated) based on
the specific violated invariant type.



7

Discussion

In this chapter, we discuss the promises, gaps, and opportunities for
the integration of formal methods into robot end user development
(EUD), drawing on insights from our review. First, we summarize the
promise of formal methods for robot EUD. Following descriptions of
what each technique could achieve across robot EUD phases, gaps in
current research are highlighted, offering directions for future work.
We conclude this chapter by outlining long-term directions, such as
integrating human-centered design approaches and applying lightweight
formal methods to robot EUD.

7.1 Promise of Formal Methods for Robot EUD

The application of formal method techniques has great potential for a
wide range of problems in robot EUD. Program verification, synthesis,
and repair techniques can support automated analysis of robot programs,
create generalizable, correct-by-construction programs (Kourie and
Watson, 2012), and help maintain and adapt programs in the long run.
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7.1.1 Promise of Verification for Program Analysis

First, the program-analysis phase of the EUD life cycle can benefit from
verification techniques, which checks whether a program does what
it is expected to do. This process thus generates useful insights into
the guarantees of end-user-created programs. By leveraging verification
within EUD tools, end users can avoid time-consuming processes of
manually debugging errors that impact system performance. In social
robotics, formalizing commonly adopted social norms (e.g., Porfirio et
al., 2020; Porfirio et al., 2018)—often overlooked when end users focus on
program functionality—and verifying their compliance in user-created
programs through model checking can reduce interaction breakdowns
during real world execution. Guarantees on system performance (e.g.,
Lyons et al., 2012; Hurnaus and Prahofer, 2010) could also be useful in
industrial and collaborative robotics, where verification can model and
monitor specification violations on safety-critical systems. For instance,
the sequencing and timing of actions can be precisely defined, ensuring
that the robot’s contributions are well-coordinated with and seamlessly
integrated into existing workflows.

7.1.2 Promise of Synthesis for Program Creation

The program-creation phase of the EUD cycle can also greatly benefit
from synthesis techniques that generate programs from end-user speci-
fications. Regardless of the types of end-user specifications, synthesis
can be used to create generalizable, correct-by-construction programs
through automated satisfaction checks (Kourie and Watson, 2012),
which yields executable robot programs that operate safely in the
real world. Program synthesis approaches support program creation
by capturing user input, transforming it into necessary intermediate
representations, and applying techniques, such as constraint solving
(§5.2) and automata learning (§5.1), to generate robot programs that
meet end-user specifications.

Program synthesis enables the processing of diverse forms of end-user
input—ranging from sequential data such as robot actions (e.g., Liang et
al., 2022; Sauer and Henrich, 2022) to high-level declarative constraints
(e.g., Kubota et al., 2020; Gavran et al., 2018)—by translating them into
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intermediate representations that can be mathematically analyzed and
used for correct-by-construction program generation. This flexibility
in accepting different input modalities is particularly important in
human-robot interaction (HRI) and robotics, as the elicitation and
processing of end-user intent are key elements of creating useful EUD
tools. Automatically creating generalizable programs via methods such
as automata learning and constraint solving can help produce programs
that match end-user intent while abstracting away implementation
details. The correctness-guaranteeing optimization mechanisms in these
techniques can contribute to creating compact and reliable programs
across different robot applications.

7.1.3 Promise of Repair for Program Maintenance

The robot program-maintenance phase of the EUD cycle—fixing and
adapting initial programs via repair—also holds significant potential.
End users may seek to modify robot programs to meet their evolving
preferences, address previously unconsidered scenarios, or overcome
technical limitations of different robot platforms. Similar to synthe-
sis, repair techniques generate programs that are correct with regard
to user specifications, only with the new goal of retaining the origi-
nal overarching program intent while satisfying new or updated user
specifications.

Because repair techniques directly interface with robot program
failures that arise across diverse scenarios and user preferences, they can
be directly integrated into HRI and robotics contexts through EUD tools
that keep end users in the loop. End users can rate their satisfaction
with the interactions executed through the program (e.g., Chung and
Cakmak, 2020; Porfirio et al., 2020) or pinpoint particular elements,
such as robot actions, within the programs they find undesirable (e.g.,
Holtz et al., 2020; Holtz et al., 2018). These feedback mechanisms ensure
that programs built with EUD tools remain grounded in firsthand end-
user experiences with the robot. Over time, such repair techniques
hold promise to improve the contextual fit of robot programs, and
can be used to enhance coordination and alignment in both social and
industrial scenarios while reducing maintenance costs through quick, in
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situ correction of faulty program elements.

7.2 Research Gap in Applying Formal Methods to Robot EUD

Despite the great potential formal methods hold for robot EUD, sev-
eral research and resource gaps limit the impact of these approaches.
Specifically, our review has identified gaps in (1) the lack of libraries,
implementations, and best practices to facilitate the adoption
and effective use of formal methods; (2) the lack of program repair
methods specifically developed for programming scenarios such as those
in robot EUD; (3) challenges within automated repair without
human input for addressing scenarios where user feedback or input
may not be feasible; and (4) the lack of human-centered design
and understanding of tools and techniques that incorporate formal
methods. Future research can feasibly address these challenges, thereby
unleashing the potential of formal methods for robot EUD. We outline
these gaps below.

7.2.1 Lack of Libraries, Implementations, and Best Practices

Program analysis, synthesis, and repair methods rely on task expecta-
tions, constraints that the systems must satisfy, and user preferences
that all must be explicitly specified in machine-readable forms. While
some specifications, such as user preferences, are highly user- and
context-dependent, task, system, and environmental expectations and
constraints can be generalizable across contexts. For example, Porfirio
et al. (2018) specified a set of correctness properties for social norms
in linear temporal logic (LTL; §2.2.1), which were then used to verify
user programs for social norm violations. These norms, such as, that a
robot must greet its user at first encounter, may be defined as reusable
properties in libraries that can be shared and used across projects. Such
libraries largely do not exist, and future efforts to create them can
greatly ease the advancement and adoption of formal methods in robot

EUD.
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7.2.2 Need for Effective Repair Methods

As formal method techniques are increasingly applied to robot EUD,
our review shows that, compared to creation and analysis, there is still
limited exploration of program maintenance methods. Whereas studies
on program repair are highly prevalent in areas related to software
engineering and programming languages (e.g., Li et al., 2020; Le Goues
et al., 2019; Nguyen et al., 2013), there isn’t sufficient work done in
the area of robot EUD. Interactive repair approaches that keep users
in-the-loop are more common in human-robot HRI and robotics; still,
even existing work is typically limited to domain-specific corrections and
relies heavily on user input during execution (e.g., Chung and Cakmalk,
2020; Racca et al., 2020). Few systems fully integrate repair into real-
time, context-rich robot behaviors or support dynamic adaptation with
formal guarantees. A potential approach to fostering the development of
such methods is to engage the formal methods research community with
technical and human-centered problems in robot EUD. For example,
the development of “lightweight” formal methods (Kulik et al., 2022;
Jones et al., 1996), specifically to support EUD can both advance
robot EUD and promote the development of novel, more compact, and
human-in-the-loop formal methods.

7.2.3 Challenges within Automated Repair without Human Input

As robots are deployed in everyday settings, situations and unexpected
events that require repair will be inevitable. Robots will be placed
in situations where they encounter unexpected events during runtime
and scenarios that require different adaptation strategies based on user
preferences or technical limitations (e.g., Meng and Kress-Gazit, 2024;
Chung and Cakmak, 2020). These scenarios require repair methods
that go beyond the runtime, human-in-the-loop interaction schemes,
and thus, automated repair methods will become essential for ensuring
resilience in robot behavior. These methods must also include end users
who can, for example, during design-time pre-define repair mechanisms
that execute in response to failures or set deterministic boundaries
or constraints that must not be violated when generating repaired
programs. It is therefore important for future work to first acquire a
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good understanding of what elements are needed to facilitate effective
automated repair, and then explore the balance between automated
repair and end-user control.

7.2.4 The Need to Incorporate User-centered Perspectives

The application of formal methods to robot EUD should also better
incorporate human and user-centered perspectives. It is critical to
understand how different types of users, including novices, domain
experts, and expert developers, engage with EUD tools; how various
stakeholders perceive and set expectations for these systems; and what
limitations users may face when interacting with them. Our review
highlights that much of the current work focuses on the development of
technical methods to enable the application of formal methods to robot
EUD. However, as these tools are ultimately meant for end users who
create, analyze, and maintain robot programs, it is critical to consider
their usability, accessibility, and acceptability. Such understanding will
require examining how people actually use these tools, how useful they
find them, and how systems can be designed to better align with user
needs. As different phases of robot programming—mnamely analysis,
creation, and maintenance—involve different end users, integrating
these perspectives becomes essential for effective, real world adoption
of these tools.

The design of EUD tools must also aim to increase usability, specifi-
cally in lowering the barrier for end users who must (1) define states
and specifications, and (2) interpret system outputs and act upon them.
Defining such states often requires translating user requests, preferences,
and contextual constraints into formal representations such as verifica-
tion properties or low-level logical operations. However, this translation
process typically demands familiarity with formal languages—knowledge
that everyday users often lack. Expecting users to manually perform or
verify these translations poses a significant usability challenge. Practi-
cal solutions might handle much of this complexity “under the hood”
where systems automatically and in real-time translate natural lan-
guage requests into formal properties while maintaining accuracy and
transparency. Advances in natural language processing (NLP) and large
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language models (LLMs) can support this process; when properly con-
strained and grounded, the outputs of these LLMs can be used in
formulating formal properties with more ease, making the system more
approachable and responsive in everyday settings.

In addition to translating end-user input, robot EUD tools should
also support user interaction and follow-up across different stages of the
EUD process. Enabling users to understand, verify, and refine system
outputs is critical for supporting iterative and meaningful engagement.
For example, translating formal properties back into natural language,
or providing visual explanations, can improve interpretability and trans-
parency. In turn, systems can offer user control features that allow
adjustments to constraints, such as their content, flexibility, or severity,
based on evolving needs. These control mechanisms might involve nat-
ural language inputs (e.g., Liu et al., 2023; Tellex et al., 2020), voice
commands (e.g., Porfirio et al., 2023), visual interfaces (e.g., Porfirio
et al., 2023; Lyons et al., 2015; Lyons et al., 2012), or other intuitive
modalities. Hybrid approaches that combine formal verification with
higher-level abstractions can help bridge the gap between system logic
and user intent, ultimately lowering the barrier to entry and supporting
the broader adoption of formal methods in EUD tools.
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Practicum

This review has focused on characterizing the use of formal methods in
robot end user development (EUD) as they appear in current literature.
Another key goal of this work is to advocate for the use of these methods
toward realizing their great potential for EUD and the development
of robotics applications. To this end, this chapter aims to provide a
practical guide for researchers aiming to integrate formal methods into
robot EUD tools and interfaces.

In this chapter, we provide concrete guidelines for researchers inter-
ested in designing formal robot EUD tools and interfaces. Section §8.1
summarizes recurring patterns identified in prior work and provides
heuristics for selecting representations and aligning formal techniques to
these representations. Section §8.2 then discusses how formal methods
can support each EUD phase in future work. We present three repre-
sentative EUD workflows that include combinations of multiple EUD
phases, illustrating potential applications through scenario-based exam-
ples. Lastly, section §8.3 makes a case for combining formal techniques
with popular Al-based techniques, further providing insights on when to
use formal techniques, Al-based techniques, or a combination of both.
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8.1 From End-User Input to Formal Representations in Robot EUD

Existing work demonstrates that representations determine how end-user
programs are interpreted, analyzed, and verified, and thus serve as the
entry point to the formal methods pipeline. Choosing a representation
dictates which formal techniques are applicable, and therefore what
kinds of guarantees can be achieved. These guarantees include state-level
guarantees based on invariant properties, transition-level guarantees
involving pre-/postcondition checking, path-level guarantees derived
from temporal logic properties, and existence guarantees that ensure
the satisfaction of all—or as many as possible—constraints.

Despite their importance, selecting adequate representations remains
a substantial challenge because end-user-written programs demonstrate
large variance in their granularity, uncertainty, and structure. To provide
guidance on tackling this challenge effectively, this section focuses on (1)
the granularity of end-user input and (2) situational uncertainty
and adaptivity. Granularity of end-user input pertains to the level of
detail that users must provide in their programs about robot behavior,
such as step-by-step actions versus higher-level constraints. Situational
uncertainty and adaptivity concern the extent to which user programs
must accommodate future modifications and adaptations based on user
preference evolution or task and environment variability.

8.1.1 Granularity of End-User Input

In EUD, two key paradigms tend to dominate—imperative programming
and declarative programming (Fahland et al., 2009). These popular
paradigms are analogous to differing modes of human reasoning and
the granularity of the instructions that serve as input to program cre-
ation. Van Roy and Haridi (2004) distinguish declarative programming
from imperative programming as “[declarative programming] defining
what (the results we want to achieve) without explaining the how (the
algorithms, etc., needed to achieve results)”.

From an HRI and robotics research perspective, the choice of repre-
sentation reflects the amount of effort and the degree of step-by-step
specification involved. Offering an EUD tool that supports such explicit,
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procedural instruction—following that of the imperative programming
paradigm—Dbuilds on users’ domain-specific knowledge and procedural
understanding of the task. This approach of data collection and process-
ing is useful when users have expectations about the order of events that
should occur within the interaction, such as assembling manufacturing
parts in specific order (e.g., Schoen et al., 2020) or simulating a scenario
where a robot greets customers that enter a store (e.g., Porfirio et al.,
2018). Robot EUD approaches that accept granular user inputs usually
leverage state-transition systems, such as finite state machines (FSMs;
§2.2.1), as their intermediate representations. Existing approaches map
each instruction step (e.g., robot action) into FSM states and interpret
the transitions between these states as the causal or temporal relations
that guide program execution. With this mathematical formulation
of end-user programs, different forms of reasoning become possible,
affording guarantees such as whether certain properties hold in each
state (i.e., §4.2 invariant correctness; Hurnaus and Prahofer, 2010) and
whether particular events occur or precede others along an execution
path (i.e., §4.2 temporal correctness; Askarpour et al., 2021, Schoen
et al., 2020, Porfirio et al., 2018).

On the other hand, EUD tools that support high-level, constraint-
like specifications as user input aligns more closely with the declarative
programming paradigm. Rather than requiring users to enumerate every
step of execution, the declarative approach allows them to express de-
sired goals, outcomes (e.g., Kubota et al., 2020), or relational constraints
(e.g., Gavran et al., 2018) that the robot must satisfy. In theory, this
abstraction can reduce the cognitive burden on users and enable greater
flexibility in refining robot behaviors. Robot EUD tools that accept
constraint-like user inputs usually leverage logical formulae, such as lin-
ear temporal logic (LTL) (§2.2.1), as their intermediate representations.
This formulae summarize user intent within a set of verifiable condi-
tions that govern program synthesis or guide the robot’s autonomous
behavior planning. With the declarative formulation of end-user intent,
program guarantees on robot behaviors can be made through verifying
that generated behaviors adhere to temporal, safety, and goal-oriented
specifications. Such declarative representations not only ensure formal
correctness but also facilitate adaptive behavior generation that remains
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consistent with the user’s intended outcomes across varying contexts.

8.1.2 Situational Uncertainty and Adaptivity

The level of input granularity determines not only the type of user
specifications that can be expressed, but also how user intent can be
effectively elicited, following the paradigms of imperative and declar-
ative programming. In contrast, the level of situational uncertainty
and adaptivity concerns when and what aspects of a task should be
specified. Situational uncertainty and adaptivity arises in HRI and
robotics because robots are frequently deployed in highly dynamic envi-
ronments, making interactions between humans and robots inherently
open-ended. Conducting research in these domains, and eliciting and
developing contextually appropriate user specifications—deciding when
to specify different levels of abstraction and how to support subsequent
modifications—remains a non-trivial challenge.

In situations where robots should adhere to determined sequence
of steps without much deviation, complete action sequences can be
collected from the user. Using multiple end-user examples of robot
action sequences, such as demonstration traces, synthesis techniques
can identify recurring program structures (e.g., loops or conditionals)
and generate fully executable programs (e.g., Porfirio et al., 2023; Sauer
and Henrich, 2022).

Conversely, in scenarios with greater uncertainty and the need
for flexibility and adaptation—such as task-related failures, planned
deviations from pre-defined robot capabilities, or interactions influenced
by evolving user preferences are expected to arise at runtime—some
degree of iterative modification becomes necessary. Logical formulae,
such as LTL formulae, are often more amenable to such revision than
stcenarios with greep-by-step action sequences, especially when the
program complexity is high. Logical formulae can also be beneficial
when the end user has confidence on what general modifications to apply
across multiple demonstration traces. Program sketches (different from
sketches in design) can also be useful, in which high-level structures
are pre-defined and the remaining low-level details, such as parameter
values, can be finalized via iterative tuning (e.g., Chung and Cakmalk,
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2020; Racca et al., 2020).

8.2 Integrating Formal Methods into Flexible EUD Workflows

Currently, many existing robot EUD tools equipped with formal method
techniques apply one technique at a time. These tools operate on
different assumptions and goals, such as either analyzing existing robot
programs (e.g., Porfirio et al., 2018), creating robot programs from
scratch (e.g., Gavran et al., 2020; Kubota et al., 2020), or refining
existing programs (e.g., Meng and Kress-Gazit, 2024; Racca et al.,
2020). We argue that there are many benefits to supporting program
analysis, creation, and maintenance activities in a unified manner, as
these three activities revolve around a key, common concept—enforcing
program correctness. To support this argument, we illustrate how formal
method techniques—program verification, synthesis, and repair—can be
integrated into each EUD phase, respectively, within the same tool. To
demonstrate this idea, we outline three potential workflows that reflect
different combinations of these EUD activities.

It is important to recognize that the three core EUD activities—
analysis, creation, and maintenance—need not occur in a fixed sequence.
In practice, robot EUD may have several entry points and life cycles:
analyzing program building blocks before program creation, developing
a program from scratch and then automatically maintaining it, and de-
veloping, analyzing, and automatically maintaining a program, to name
a few examples. Reflecting this flexibility, we identify three workflows:
(1) analysis to creation, (2) creation to maintenance, and (3)
creation to analysis to maintenance.

Analysis to Creation First, analysis and creation can be jointly
supported within an EUD tool by verifying segments of end-user-written
programs, such as traces or short sequences of robot actions that are
subsequently used to construct full programs. Consider a scenario in
which the user programs a robot to perform a pick-and-place operation.
During the analysis phase, verification such as pre-/postcondition evalu-
ation and type checking, may reveal that the “place” action has certain
guarantees while also highlighting potential issues with this action.
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For example, verification may indicate that if an object is not stably
positioned, the place action will succeed with lower confidence. This
instability can lead to failures in subsequent pick actions, which require
that the object is stable enough to pick up. Using this information, the
user can then assemble verifiable pick-and-place programs by manually
assembling smaller verified segments or by synthesizing correct-by-
construction programs (Kourie and Watson, 2012) from scratch based
on the desired correctness properties.

Creation to Maintenance Second, creation and maintenance can
be implemented within the same EUD tool by supporting end users
synthesis of robot programs and their automatic, iterative refinement.
Maintenance of existing programs becomes necessary when robot pro-
grams are adapted to different scenarios and user preferences. Building
on the robot pick-and-place scenario, imagine a scenario where an end
user automatically synthesized the pick-and-place task, and subsequently
wants to adjust the parameters on the robot’s gripping behavior. When
running the existing robot program, the user may identify that the
gripping force is insufficient for certain objects. During the maintenance
phase, the user thereby needs to modify the gripper configuration so
that it can handle heavier objects with an increased force value. These
types of adjustments can be made by updating parameters (e.g., Chung
and Cakmak, 2020; Racca et al., 2020) through SMT solving (SMT in
§2.2.3), or re-synthesizing programs to exclude counterexamples (e.g.,
Porfirio et al., 2020) from the previously synthesized programs. This
allows iterative improvements to the contextual fit and the robot’s
performance, without having to rebuild the entire program, including
the unchanged program components.

Creation to Analysis to Maintenance Finally, all three core EUD
activities—creation, analysis, and maintenance—can be simultane-
ously employed within the same robot EUD tool, where this comprehen-
sive workflow enforces the correct construction, execution, and revision
of correct robot behaviors over time. Consider the case where an end
user constructs and verifies an existing program with respect to a set of
existing LTL properties. Now, the user wants to modify the program
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so that the robot performs pick-and-place with a human worker in a
co-located space. During analysis, the end user may realize that the
safety properties defined in the initial program are no longer adequate,
as the robot can potentially collide with the human operator. The user
thereby synthesizes a new set of linear temporal properties (LTL; §2.2.1)
properties using the techniques discussed in §5.2. The user can then
integrate these constraints into the existing program by utilizing the
EUD tool’s repair techniques, such as CEGIS (Solar-Lezama et al.,
2006), to include the updated safety requirements. The end result of
this process is therefore a new, verified (e.g., through model checking;
§2.4) program that can continue to be maintained as safety properties
evolve.

8.3 Hybrid Approaches to Robot EUD

Recent advances in robot EUD increasingly draw upon a range of Al-
based techniques. While classical Al approaches, such as automated
planners (e.g., PDDL planners; Aeronautiques et al., 1998), have often
been used to achieve new goals given pre-defined action sets, the preva-
lence of machine learning/deep learning techniques, and large language
model (LLM) applications have enabled a proliferation of robot EUD
systems that build upon these capabilities.

The pervasiveness of Al and learning-related works in robot EUD
reflects the importance of handling unforeseen cases and learning from
limited data. However, a challenge persists in using Al to generalize
end-user specifications in HRI and robotics beyond classic programming
paradigms—safety boundaries and imposing task constraints are still
paramount. In real world deployments, the failure to meet safety or
performance expectations, especially in human-facing contexts, can
cause costly and potentially irreparable consequences. Given the high
cost required to deploy robots in the real world in addition to the cost
for repairing robot failures, formally guaranteeing correctness and safety
prior to deployment remains crucial.

In this subsection, we summarize current Al-based techniques in
robot EUD—including automated planning, natural language pro-
gramming, and other statistical machine learning methods (including
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Bayesian and deep learning approaches)—and discuss how these tech-
niques seek logical generalization. We then provide insights on how
these techniques can be complemented by techniques in formal methods,
thus providing “hybrid” approaches to robot EUD that both generalize
and provide correctness guarantees.

Automated Planning Some robot EUD tools utilize automated plan-
ners to generate sequential action steps given robot action pre-/postconditions
and one or more high-level goals (e.g., Porfirio et al., 2024; Liang et al.,
2022; Liang et al., 2019; Gavran et al., 2018). The primary benefit of
using an automated planner is that it ofloads the end-user burden of
generating low-level action sequences, while at the same time ensuring
that new action sequences can be generated for different tasks, envi-
ronmental contexts, and users. EUD tools in this category primarily
require users to provide high-level task specifications—such as desired
end states, goals, or constraints—rather than manually enumerating
step-by-step action sequences.

Natural Language Programming Because natural language reduces
the burden of learning new specification formalisms and supports more
expressive intent elicitation, many robot EUD tools take advantage
of this expression modality, affording end users a relatively intuitive
and flexible method for articulating robot programs (e.g., Porfirio et
al., 2023; Gavran et al., 2020; Porfirio et al., 2019). An additional
benefit of including natural language programming techniques is its
constantly improving reliability—with LLMs, for example, great strides
are continuously being made in correctly translating loosely specified
natural language to fully executable programs (e.g., Porfirio et al.,
2025; Karli et al., 2024). In addition, improved contextual awareness
is achieved through richer linguistic information, while also enhancing
generalization by allowing EUD tools to interpret flexible, novel, or
out-of-distribution end-user expressions.

Other Statistical Machine Learning Methods Robot EUD tools that
use statistical machine learning techniques, including deep learning,
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learn functions, policies, or distributions over user preferences, allowing
these tools to generalize across diverse demonstrations and adapt to
variability in user behavior (e.g., Van Waveren et al., 2022; Chung and
Cakmak, 2020; Racca et al., 2020; Mollard et al., 2015). The benefits of
using these techniques include capturing general trends and patterns
in data without overfitting, while reducing the end-user burden for
explicitly specifying mappings or relationships that are often difficult to
precisely articulate. EUD tools in this category do not restrict users to
using specific input formats: feedback may be explicit (e.g., parameter
differentials; Racca et al., 2020) often consisting of prohibited actions
Van Waveren et al., 2022), implicit (e.g., indicating actions to redo;
Chung and Cakmak, 2020), or simply consist of demonstrations from
which the system infers key events (e.g., Mollard et al., 2015).

When to Use Formal Methods, Learning, or Hybrid Approaches As
we summarized the representative use cases of Al-based techniques in
existing robot EUD work, we now focus on the ways in which these
popular EUD approaches can integrate formal method techniques. Such
integration combines the flexibility and adaptivity of Al-based tech-
niques with the assurance and provable correctness of formal reasoning.
We first identify the strengths and key characteristics of each category
of technique.

Al-based techniques are useful when operating on continuous, high-
dimensional data, and for handling variance across user inputs or task
instances. Their strength lies in learning generalizable patterns and
fitting trends rather than relying on specified constraints or logical for-
mulae. Because task generalization is crucial in many HRI and robotics
applications—and often requires integrating contextual information
such as perception, language, or robot control data—the ability of Al-
based approaches to fuse and reason over multimodal inputs provides a
significant advantage.

Formal method techniques are particularly useful for expression
and reasoning with discrete logics such as linear temporal logic (LTL;
§2.2.1) and metric temporal logic (MTL; §2.2.1). Encoding end-user
specifications in these formalisms enables the decomposition of program
behavior and supports rigorous correctness reasoning at multiple levels—
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state, path, and program. Formal method techniques are especially
appropriate when absolute assurance of robot performance or program
correctness is required (rather than merely high empirical accuracy),
such as when enforcing hard safety constraints or task constraints that
must be satisfied under all executions.

Given the complementary strengths of the aforementioned tech-
niques, one could opt for utilizing hybrid approaches that combine both
class of techniques appropriately. One instantiation of this might be
to capture and use state-of-the-art Al synthesis techniques to general-
ize a full program from only a small number of user demonstrations,
such as execution traces, while simultaneously leveraging formal veri-
fication to explicitly identify and enforce critical constraints. Further
identification and iterative refinement of correctness criteria can be
facilitated through runtime verification (RV; Leucker and Schallhart,
2009 and Kim et al., 1999), which monitors executions online, detects
deviations from specified properties, and informs subsequent updates
to the learned programs or formal specifications. Utilizing such hybrid
approaches lowers the barriers to integrating formal method techniques
into existing research and implementation practices, enabling broader
exploration of this synergy across diverse applications.
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Conclusion

Robotic applications have the potential to be widely adopted in everyday
scenarios. However, a challenge remains in helping end users navigate
the complexity of creating and maintaining robot programs. This work
surveys the unique combination of robot end user development (EUD)
and formal method techniques that seeks to address this challenge.
Combining formal methods with EUD aims to empower end users to
generate and customize their own robot programs by offering them
assistance throughout the program development cycle.

Motivated by the definition and operationalization of program cor-
rectness, this review maps each formal method to a particular phase
within the EUD timespan. Verification techniques, which assess pro-
gram correctness, are discussed in relation to the analysis phase within
the EUD cycle. Synthesis techniques, which create provably correct
programs, are discussed in relation to the creation phase. Lastly, re-
pair techniques, which automatically refine and modify programs, are
discussed in association with the maintenance EUD phase.

In order to provide clear guidelines for robot EUD researchers who
are interested in applying formal techniques to their work, we structure
the main chapters of our paper (§4 through §6) with regards to the
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formal representations that one might use (e.g., finite state machines
and linear temporal logic formulae), how to map raw user input to these
formal representations, and the specific formal method techniques that
can be applied.

In later chapters, we argue that applying formal techniques to robot
EUD can bring many benefits to the EUD research community, discuss
the current research gaps where further work is needed, and propose
research directions that can advance the integration of formal methods
into EUD in human-robot interaction and HRI more broadly. Finally, we
conclude this review with a practical guide for EUD researchers, offering
a step-by-step list of action items and decision-making considerations
for effectively incorporating formal techniques into robot programming
workflows.
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