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Figure 1: In this work, we explore how robots might handle conficts with user requests through automated repair and 
explanation (REX) strategies. Lef: In this scenario, the user returns from grocery shopping and requests the robot to move the 
groceries to the kitchen counter. Middle: Upon execution, the robot detects that another member of the household previously 
requested nothing to be placed on the kitchen counter, and deliberately takes an alternative action to repair the confict. Right: 
Encountering the unexpected outcomes of the robot’s action, the user is left confused and asks the robot to explain its action. 
In this work, we aim to understand how automated repair and explanations for robots should be designed to improve user 
experience with robot failures. 

ABSTRACT 
Robots in real-world environments continuously engage with multi-
ple users and encounter changes that lead to unexpected conficts in 
fulflling user requests. Recent technical advancements (e.g., large-
language models (LLMs), program synthesis) ofer various methods 
for automatically generating repair plans that address such conficts. 
In this work, we understand how automated repair and explana-
tions can be designed to improve user experience with robot failures 
through two user studies. In our frst, online study (� = 162), users 
expressed increased trust, satisfaction, and utility with the robot 
performing automated repair and explanations. However, we also 
identifed risk factors—safety, privacy, and complexity—that require 
adaptive repair strategies. The second, in-person study (� = 24) 
elucidated distinct repair and explanation strategies depending on 
the level of risk severity and type. Using a design-based approach, 
we explore automated repair with explanations as a solution for 
robots to handle conficts and failures, complemented by adaptive 
strategies for risk factors. Finally, we discuss the implications of 
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incorporating such strategies into robot designs to achieve seamless 
operation among changing user needs and environments. 

CCS CONCEPTS 
• Human-centered computing → Empirical studies in inter-
action design; Scenario-based design; User centered design; • 
Computer systems organization → Robotics. 
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1 INTRODUCTION 
Substantial efort has been invested in making robots more reli-
able and technically capable of operating and working with people 
in real-world environments, including factories [64, 68], hospitals 
[53, 55], and households [24, 39, 54] for various tasks [25, 27]. How-
ever, real-world deployment comes with challenges as robots oper-
ate in dynamic, unstructured environments among multiple people 
with changing goals, situational factors, obstacles, and preferences. 
Consider the scenario in Figure 1 where the user returns home with 
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groceries and asks the robot to place them on the kitchen counter. 
However, the kitchen counter is being painted, and another family 
member has specifcally instructed the robot to refrain from using 
it. Here, the robot receives conficting instructions from diferent 
family members, rendering the robot unable to fulfll the user’s 
request. Such conficts, or challenges that prevent the system from 
fulflling users’ requests, include issues such as the robot misun-
derstanding a user’s request, unforeseen events during program 
execution, technical limitations of the robot, and incompatibility 
with requests from other users. Conficts are inevitable in dynamic, 
unstructured real-world environments and the resulting failures 
can have adverse outcomes, such as breakdown of trust in the ro-
bot or discontinuation of its use [69]. In this work, we explore the 
complexities involved in designing robot behavior that efectively 
handles diferent confict scenarios while maintaining a positive 
user experience. 

Recent advancements in automated planning [32], machine learn-
ing (ML) models [3, 45], and LLMs [61, 62] have produced technical 
methods to automatically rectify robot failures. These advance-
ments inspire design thinking around how robots can efectively 
handle conficts, as a robot cannot simply “apologize and do better” 
in all failure situations [74]. For example, let us revisit the scenario 
in Figure 1 where the robot receives conficting instructions about 
the use of the kitchen counter. Leveraging automated techniques, 
the robot is capable of generating an alternate solution, or repair, 
such as placing the groceries on the kitchen table instead. This 
repair potentially enhances the robot’s technical capability by mak-
ing it more resilient or efcient, compared to inaction or soliciting 
alternative solutions from the user. While repairs may seem logical 
and benefcial from the robot’s perspective, the user may perceive 
the alternate behavior as undesirable, confusing, or erratic. Thus, it 
is crucial to understand the user experiences resulting from address-
ing conficts using automated techniques in real-world applications. 
To what extent do users perceive the robot’s repairs as useful and 
satisfactory? Moreover, to enhance user understanding of these 
repairs and mitigate the impact of unexpected outcomes, should 
explanations or other communication strategies be involved? 

Developing successful REX (i.e., repair and explanation) strate-
gies for robots that users will readily adopt and fnd satisfactory 
require a user-centered design approach. Understanding user needs 
and expectations will inform the design of capabilities that enable 
robots to adeptly handle conficts, adapt to dynamic situations, 
handle requests from multiple users, overcome minor obstacles, 
operate independently without constant user supervision, and con-
sistently manage complex requests over time. Our work aims to 
understand how robots should autonomously repair and provide ex-
planations in response to conficts during interactions, addressing 
three key questions: (RQ.1) how should robots independently provide 
autonomous repair as solutions to unexpected situations, and how 
do users perceive robots that engage in autonomous repair; (RQ.2) to 
what extent are explanations necessary; what should be included in 
explanations; and how efective are they in mitigating the efects of 
unexpected actions; and (RQ.3) how can we enable robots to generate 
repairs and explanations for various types of conficts? 

To address our research questions, we conducted two vignette-
based user studies. In the frst online study, we presented narrative 
vignettes to 162 participants and asked them to evaluate repair and 

explanation solutions. We found that automated repairs and expla-
nations for conficts increased user trust and satisfaction, as they 
were perceived to improve the robot’s utility and task efciency. 
However, we identifed three risk factors (i.e., safety, privacy, and 
complexity) where repair and explanation strategies required adap-
tation. In the second in-person study, 24 participants interacted 
with a physical robot that addressed confict situations with difer-
ent solutions. The fndings from the study provided insights for 
designing adaptive repair and explanation strategies based on the 
risk severity and type. These results have implications for how to 
design robot behaviors that efectively use repair and explanation 
strategies while considering various user needs and contexts. 

Our contributions are the following: 

• Understanding user perceptions on automated repair and 
explanations as a strategic solution for robots to handle 
conficts in various scenarios; 

• Identifcation of risk factors that require specifc human-
centered consideration for adaptive repair and explanations 
from robots (i.e., safety, privacy, and complexity); 

• Empirical understandings into adaptive repair and explana-
tion strategies based on risk severity and type; 

• Implications for the design of human-centered robot systems 
that are adaptive to diverse real-world scenarios. 

2 RELATED WORKS 

2.1 Robot Failures in Human-Robot Interaction 
During real-world deployments, robots face challenges that can 
frequently lead to failures. These challenges are a consequence 
of robots operating in dynamic and unstructured environments 
alongside individuals with changing goals, robot capabilities, and 
user preferences [31, 60]. Building upon prior research, we adopt 
the defnition of failures as “a degraded state of ability that deviates 
the behavior or service from ideal, normal, or correct functionality 
[9].” This defnition encompasses both perceived and actual failures, 
aligning with fndings that intentional yet unexpected or incoherent 
behaviors are often interpreted as errors [42, 66]. 

Numerous taxonomies have been proposed to systematically 
categorize robot failures. Drawing from the framework introduced 
by Lutz and Woodhouse [47], Brooks [9] categorized robot errors 
into communication and processing errors. More recent classifca-
tions by Honig and Oron-Gilad [26] diferentiated human-robot 
interaction (HRI) errors into technical failures (stemming from hard-
ware or software issues) and interaction failures. Software errors 
were further delineated into design, communication, and process-
ing failures. Aligning with the categorization of Steinbauer [67], 
interaction failures encompass issues arising from uncertainties 
in interactions with the environment, other agents, and humans, 
including social norm violations and various human errors [63]. 
Additional refnement by Tian and Oviatt [70] resulted in a clas-
sifcation of human-robot social errors, dividing them based on 
emotional reactions, social skills, understanding of the user, com-
munication function, and prosociality. These diverse taxonomies, 
covering technical, social, and interaction components, characterize 
the various types of failures that may occur during interactions 
between humans and robots. 
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2.2 Repair Strategies for Robot Failures in HRI 
Previous research has explored recovery approaches for address-
ing robot failures at the physical, social, and program levels. First, 
physical repair involves fxing mechanical parts when a robot en-
counters issues. Bererton and Khosla [7] investigated how robots, 
either alone or in teams, autonomously fxed physical components 
to resume tasks. Weber and Wotawa [73] examined software reboot 
techniques to correct robots’ operational failures. 

There has been substantial research into the social dimensions 
of robot recovery, with the goal of rectifying user perceptions fol-
lowing failures. This work includes a range of strategies, such as 
issuing apologies [41, 48, 49, 65], employing humor [76, 79], and 
explaining malfunctions [5, 18]. Additionally, ofering choices [5], 
showing proactive remediation eforts [44, 71], and providing warm 
interactions [14] are recognized as efective strategies. Notably, Das 
et al. [18] incorporated explainable AI (XAI) techniques to demon-
strate that including context and a history of actions in failure 
explanations helps non-experts identify problems. Similarly, Mel-
sion et al. [52] showed that robot explanations are more efective 
in high-stakes scenarios. 

Program repair is a well-established concept in the domain of 
formal programming language (PL) methods. In this context, repair 
involves the automated or semi-automated correction of program-
ming errors to facilitate successful execution, minimize manual 
debugging, or ensure program correctness [29]. Extensive research 
has been conducted on program repair in robotics, focusing on both 
automated and interactive approaches. Automated program repair 
operates with minimal specifcations to identify the correct fxes. 
For example, Porfrio et al. [58] implemented automatic program 
repair in the design of interactions between users and social robots. 
They achieved this by editing or transforming the robot’s program 
to optimize the acceptance of positive interaction traces and rejec-
tion of negative interaction traces. Conversely, interactive repair 
involves making automatic adjustments to a program based on cor-
rections applied to its output by designers. Chung and Cakmak [16] 
describe an iterative program repair process where programmers 
create initial program drafts and iteratively refne them through 
feedback. Beyond the scope of formal methods, prior research has 
produced techniques for robot programs to autonomously diagnose 
faults and manage failures [23, 33, 38, 56]. For instance, Kaushik 
et al. [33] designed a robot control algorithm that selects the most 
relevant plans for repair actions based on simulations of past ac-
tions. Hanheide et al. [23] introduced a repair strategy that selects 
alternative planning approaches based on probabilistic models. 

Addressing failures in dynamic environments or involving non-
expert users can be particularly challenging [26]. Dynamic envi-
ronments present unforeseen and evolving conficts, and end-users 
lacking expertise in robotics may fnd repair strategies unintelli-
gible. Recent developments in LLMs have enhanced the capability 
of robots to adapt and communicate in such settings. For example, 
Brohan et al. [8] utilized LLMs to equip robots with the necessary 
semantic knowledge to perform complex tasks and explain their 
actions efectively. These advancements are promising for the de-
velopment of repair strategies efective in dynamic environments 
and comprehensible to users. 

3 ONLINE USER STUDY: UNDERSTANDING 
USER PERCEPTIONS ON REX STRATEGIES 

The online user study aims to address (RQ.1) how should robots in-
dependently provide autonomous repair as solutions to unexpected sit-
uations, and how do users perceive robots that engage in autonomous 
repair; and (RQ.2) to what extent are explanations necessary; what 
should be included in explanations; and how efective are they in 
mitigating the efects of unexpected actions. We discuss the method 
of the study in Sections 3.1 to 3.5, and the fndings in Section 3.6. 

3.1 Study Design 
In the online user study, we used narrative vignettes simulating the 
repair performed by the robot while providing various explanation 
types. Using a mixed-factorial design, the vignettes served as the 
between-subjects factor, with repair and explanation conditions 
as the within-subjects factor. The provision of repair and type of 
explanation varied based on the condition. Condition 1 involved 
no repair and no explanation, condition 2 included repair and an 
explanation detailing the confict type, condition 3 featured repair 
and an explanation with reasoning for the confict, and condition 
4 encompassed repair and an explanation with reasoning on both 
the confict and repair rationale. Details on the vignette, repair, and 
explanations per condition can be found in Figure 2. 

During the study, each participant was randomly assigned to 
one of the six vignettes and experienced all four conditions in a ran-
domized order. Given a vignette, participants observed the vignette 
context, confict, the robot’s repair action, and the explanation. 
Quantitative measures of user trust and satisfaction were gathered 
after each condition. Additionally, qualitative data were collected 
through open-ended questions asking the appropriateness of the 
robot’s repair and the helpfulness of the provided explanations. 
Participants were encouraged to elaborate on their responses. The 
questionnaires can be found in the supplementary materials.1 

3.2 Vignette Design 
In this section, we discuss the development of the vignettes. We de-
veloped six vignettes depicting unforeseen conficts in HRI, drawing 
from the HRI failure taxonomy proposed by Honig and Oron-Gilad 
[26]. Within this taxonomy, we specifcally chose three failure cate-
gories: human error, environment and other agents, and hardware 
failures. For each failure category, we devised confict factors— 
underspecifed user requests for human error, confict arising from 
multi-user interactions for environment and other agents, and limi-
tations in robot physical capabilities for hardware failures. While 
our selection does not encompass the entirety of the failure tax-
onomy, we focused on diverse branches likely to be encountered 
by users in real-world applications, as supported by existing litera-
ture. Each confict factor aligned with an individual vignette (i.e., 
vignette 1 corresponded to confict 1, vignette 2 to confict 2, and 
vignette 3 to confict 3). Vignettes 4, 5, and 6 involved a combination 
of two conficts. The combination of two conficts was designed to 
show robots navigating repair in situations where multiple conficts 
arise. The subsequent sections provide a detailed description of the 
vignette designs. 
1The supplementary materials can be found at https://osf.io/bcq9r/?view_only= 
fd623cce06134dc791bf315e1cc663c8 
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Figure 2: Study Materials for Online User Study — The table shows the six vignettes and the repair and explanation conditions 
used in the online user study. The vignettes were derived from an HRI failure taxonomy. 

Vignette 1 – Underspecifed User Request. Vignette 1 involved 
the confict of underspecifed user requests stemming from the 
failure category of “human error [26].” Underspecifed user requests 
and communication breakdowns have been key research focuses 
concerning failures and recoveries HRI and robot planning [6, 30, 
35, 50]. In this particular instance, the user instructs the robot 
to perform a task and leaves it to complete it (e.g., “Hello robot, 
please bring me a drink.”) However, a key aspect of the request was 
left unspecifed (i.e., “drink”), making it difcult for the robot to 
determine the user’s preference, such as tea or soda. Faced with 
this ambiguity, the robot attempts to resolve the confict by relying 
on the user’s past habits, current options, and known preferences. 

Vignette 2 – Multi-user Interactions. Vignette 2 addressed con-
ficts arising from multi-user interactions, based on the failure cate-
gory of “environment and other agents [26].” This challenge high-
lights a crucial aspect for robots operating in real-world settings, as 

previous studies have focused on developing approaches to navigate 
the unique dynamics inherent in such scenarios [11, 20, 34]. 

In this vignette, a user’s instruction conficts with another user’s 
existing request. For example, one user directed the robot to place 
groceries on the kitchen counter, while another instructed the robot 
not to touch the counter due to ongoing painting, as depicted in 
Figure 1. To resolve this confict, the robot employs a repair strategy, 
opting for the most similar alternative without conficts, by placing 
the groceries on the kitchen table. 

Vignette 3 – Limited Physical Capabilities of Robot. Vignette 3 
explored conficts stemming from the robot’s physical limitations, 
from the category of “hardware failures [26].” Hardware failures are 
prevalent concerns in real-world robotic deployment, with existing 
research addressing their impact on safety, user trust, and real-
world consequences, alongside remediation methods [4, 19, 78]. In 
this vignette, the user issues a request, but the robot is impeded by 
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an obstacle beyond the robot’s physical capabilities. In response, 
the robot engages in repair by exploring alternative options and 
selecting a repair as close as possible within its physical constraints. 

Vignette 4 – Underspecifed User Request & Multi-user Interactions. 
Vignette 4 includes conficts of underspecifed user requests and 
multi-user interactions. Here, the user issues a request that lacks 
specifcity and collides with a prior request from another user. The 
robot aims to address these conficts by identifying alternative 
solutions that adhere to the user’s general intent while avoiding 
conficts with pre-established rules. 

Vignette 5 – Underspecifed User Request & Limited Physical Ca-
pabilities of Robot. Vignette 5 includes conficts of underspecifed 
user requests and conficts with the robot’s physical capabilities. 
In this vignette, the user presents a request that lacks specifcity 
and clashes with the robot’s physical capabilities. For repair, the 
robot seeks an alternative solution that falls within the general 
boundary of the user’s request, while being within the constraints 
of its physical capabilities. 

Vignette 6 – Multi-user Interactions & Limited Physical Capabilities 
of Robot. Vignette 6 includes conficts of multi-user interactions and 
the robot’s physical capabilities. Here, the user’s request contradicts 
another user’s request and surpasses the robot’s physical limitations. 
To address these conficts, the robot aims to devise a similar action 
plan to the initial user’s request without conficting with the other 
user’s request or its own physical constraints. 

3.3 Measures 
For quantitative measures, we measured user trust and satisfaction 
towards the robot as it performed automated repairs with expla-
nations. These measures were selected to understand the user’s 
perception and preferences to reliably use and accept robots em-
bodied with repair and explanation strategies. The human-machine 
trust scale proposed by Jian et al. [28] was used to measure trust 
(Cronbach’s � = 0.94). For satisfaction, we used the satisfaction 
questionnaire in the Usefulness, Satisfaction, and Ease (USE) ques-
tionnaire proposed by Lund [46] (Cronbach’s � = 0.98). The scales 
included 12 and seven questions each for users to rate their inten-
sity and impression of trust and satisfaction towards the robotic 
system across a seven-point Likert scale. Higher scores indicate 
higher trust or satisfaction. Existing research has employed these 
metrics to assess user perceptions in automated systems [12, 21]. 

3.4 Participants 
Twenty-seven participants were recruited for each vignette, result-
ing in a total of 162 participants in the online user study. Participants 
were required to be in the United States, fuent in English, and at 
least 18 years old. All participants were recruited from Prolifc, 
an online participant recruiting platform [2]. Participants were 
aged 19–60 (� = 26.5, �� = 8.21). Fifty-two percent of the partici-
pants identifed as female and 42% male. Of all participants, 50.7% 
were White, 20% Black, 10% Asian, 19% mixed, and 9.9% other. The 
study lasted approximately 30 minutes on average, and participants 
received $12.00 USD per hour. We refer to participants as P1_1– 
P1_126. When reporting our fndings, we use the notation P1_i to 
participants, where i indicates participant ID number. 

3.5 Analysis 
For the quantitative data, we used factorial repeated-measures anal-
ysis of variance (ANOVA) and Tukey analysis. Tukey analysis, or 
Tukey’s HSD test, identifes signifcant mean diferences between 
multiple groups post-ANOVA, controlling errors in pairwise com-
parisons, and accommodating data variability. For the qualitative 
data, we collected participants’ responses to the open-ended ques-
tions related to the appropriateness of the repair and helpfulness 
of the explanation. 648 responses were collected each for the two 
questions regarding the appropriateness of the repair and the help-
fulness of the explanations. Responses were a minimum of two sen-
tences to a maximum of fve sentences. We conducted a Thematic 
Analysis (TA) on the participants’ responses. The coding of the 
responses was conducted by deriving representative themes from 
transcriptions [17, 51]. During open coding, the frst author coded 
for signifcant concepts in the data. Concepts were then categorized 
into clusters, further being grouped into themes. These themes were 
iteratively discussed between the whole research team, recategoriz-
ing the groups and revising the themes upon disagreement until a 
consensus was reached. We report the high-level categorization of 
the responses in Table 1. Details on the data can be found in the 
supplementary materials. 

Table 1: Qualitative Data from Online User Study — The ta-
ble shows the categorization of participants’ open-ended 
responses by condition. They were asked to elaborate on 
whether they believed the robot’s repair action was appropri-
ate and if the provided explanation was helpful. A detailed 
analysis of the responses is presented in Section 3.6. 

Cond. Repair Repair Exp. Exp. not 
App. not App. Helpful helpful 

1 24.6% 75.4% 13.5% 86.5% 
2 47.5% 52.5% 58% 42% 
3 67.9% 32.1% 83.3% 16.7% 
4 76.5% 23.5% 93.2% 6.8% 

3.6 Findings from Online User Study 
In this section, we present the fndings from our online study. Our 
analysis resulted in three themes, including: (1) increased useful-
ness and acceptance of robot through repair; (2) efectiveness of 
explanations on confict and repair; and (3) adaptive strategies for 
managing risk factors. Below, we discuss each theme in detail. The 
themes are each supported by quantitative and qualitative fndings. 
The qualitative fndings provide further insights into the results 
presented in the quantitative fndings. 

3.6.1 Increased Usefulness and Acceptance of Robot through Re-
pair. Our quantitative analysis shows the infuence of the provi-
sion of repair and explanation on user trust and satisfaction with 
the robot. Figure 3 summarizes signifcant fndings. Overall, the 
robot performing repair and explanation had a signifcant efect 
on user trust, � (3, 467.5) = 79.59, � < .0001, and satisfaction, 
� (3, 466.6) = 103.97, � < .0001. When comparing the user scores 
across conditions, participants gave signifcantly higher trust scores 
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Figure 3: Quantitative Data from Online User Study — Box 
plots with overlaid data points on participant trust and satis-
faction scores across diferent conditions. Horizontal lines 
indicate signifcant pairwise comparisons with Tukey’s HSD 
(� < 0.05∗ , � < 0.01∗∗ , � < 0.001∗∗∗). 

when the robot provided automated repair and explanations (con-
ditions 2, 3, and 4), compared to robot inaction (condition 1). The 
qualitative analysis provided further insight into the reasons for 
such an increase in trust and satisfaction, as participants described 
the robot’s repair strategies as (1) enhancing robot usability and (2) 
efectively resolving conficts. 

Enhanced Robot Usability. Table 1 illustrates that participants 
perceived the robot’s actions in conditions 2, 3, and 4 where repairs 
were provided, as more appropriate compared to the robot’s inac-
tion in condition 1. Of the responses in which participants described 
the robot’s action as appropriate, 50.6% indicated that the repair 

was benefcial as it attempted to fulfll the user’s request. Partici-
pants described that the robot’s proactive approach increased task 
efciency by resolving minor obstacles by leveraging previously 
gathered information to closely fulfll the user requests. Specifcally, 
the attempts at repair were viewed as more favorable compared 
to robot inaction (condition 1), with even partial task completion 
through repair seen as helpful. Inaction caused frustration and dis-
appointment, as participants perceived it as neglect of their requests, 
as one noted, P1_3: “At least this time it tried. By not doing anything 
[condition 1], the robot left the user disappointed and frustrated. The 
robot not doing anything makes the user feel disregarded like their 
request was not important.” 

Efective Confict Resolution. Among the responses where par-
ticipants found the robot’s actions appropriate, 32% specifcally 
stated that the repair action was suitable given the confict and 
the information available to the robot. Participants acknowledged 
that due to the conficts, the robot could not fulfll the user’s initial 
request, and described the repair action as P1_21: “smart and under-
standable refex,” rather than viewing it as a failure. Instead, they 
often attributed the fault to external factors, such as the user provid-
ing insufcient information or other conficting circumstances that 
inevitably led the robot to act as it did. One participant exemplifed 
this perspective as P1_73: “The robot’s action was very appropriate. 
It was the user’s mistake for not providing clear instructions. Despite 
this, the fact that the robot still brought a drink was actually very 
cute and helpful.” 

3.6.2 Efectiveness of Explanations on Conflict and Repair. We an-
alyzed the infuence of the diferent explanation types on user 
trust and satisfaction with the robot. Figure 3 summarizes signif-
cant fndings. Overall, the explanation types had a signifcant ef-
fect on user trust, � (3, 467.5) = 79.59, � < .0001, and satisfaction, 
� (3, 466.6) = 103.97, � < .0001 toward the robot. When comparing 
user trust and satisfaction scores across conditions, participants 
gave signifcantly higher scores when the explanations included 
information on the reasoning of the confict and repair (conditions 
3 and 4), compared to explanations that disclosed the overall type 
of confict (condition 2). The qualitative responses from the online 
survey provided further insight into such fndings, as participants 
described that the details of the explanations supported users in (1) 
understanding the confict and accepting repair and (2) understand-
ing robot functionalities. 

Understanding the Confict and Accepting Repair. As shown in 
Table 1, participants perceived explanations in conditions 3 and 
4, which provided detailed reasoning for the confict and repair, 
as more helpful compared to the high-level confict type explana-
tions given in condition 2. Across conditions 2, 3, and 4, 24.6% of 
responses indicated that the explanations provided background 
context to facilitate users’ understanding of the robot’s repair ac-
tions. Since the repair required the robot to autonomously decide 
on actions without user awareness, explanations of its reasoning 
were deemed essential for clarifcation and justifcation. Such infor-
mation allowed users to see the robot’s repair as deliberate rather 
than a malfunction or erroneous behavior. One participant (P1_65) 
said, “Because of the explanation, I now understand that it [repair] 
was an intentional, thought-through action given the information it 
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had, and in its [robot’s] mind it was justifed. Clearly, the fault was 
not on the robot.” 

However, in condition 2 which provided high-level explanations 
about the confict type, 45.8% of responses indicated that the expla-
nations were insufcient to fully accept the robot’s repair actions. 
Responses noted that while the explanation gave a high-level idea, 
it did not provide enough information for users to understand the 
robot’s rationale or the context of the confict. One participant 
(P1_50) shared, “Helpful more than nothing, but not enough. It [the 
explanation] said my request conficted with existing rules, but what 
rules? Why? And so, how did you complete the task? I don’t know 
what I’m supposed to do with only that [information].” 

In conditions 3 and 4 where explanations contained detailed 
reasoning of the conficting situations and the robot’s repair ra-
tionale, 61% of participants indicated that such ofered essential 
background context for understanding and acceptance. Participants 
emphasized that these detailed explanations bridged the knowledge 
gap between the robot’s outcomes and the user’s initial request. 
Furthermore, participants highlighted the importance of explana-
tions elaborating on the confict and repair reasoning, especially 
when the repair actions weren’t inherently intuitive. One partici-
pant explained this need as P1_39: “This [condition 4] explanation 
was especially helpful. These explanations assist me when I can’t infer 
why the robot acted a certain way. I need these details to trust it to 
handle tasks properly, or else I’d constantly have to supervise.” 

Understanding Robot Functionalities. In conditions 3 and 4, where 
explanations involved reasoning for both the confict and the robot’s 
repair actions, 24% of responses indicated that the details of the 
explanations helped participants understand the robot’s functional-
ities and how future user requests should be adapted. Participants 
noted that the details in the explanations provided insights into 
the robot’s capabilities and limitations, for users to apply accord-
ingly when making requests in future interactions. One participant 
(P1_97) explained this viewpoint as “the explanations helped me 
understand the robot’s boundaries. Now I can tell which tasks are 
suitable and what it can or cannot handle, allowing me to adjust my 
requests in the future.” 

Participants also mentioned that such explanations supported 
their trial-and-error processes, reducing the unpredictability of the 
robot’s actions. As one participant (P1_121) stated, “Now that I see 
that the robot is capable of understanding diferent rules and locations 
in the kitchen, next time I can try to just say to place the groceries in 
the “kitchen” rather than “kitchen table.” The robot seems capable of 
knowing what is best to do.” 

3.6.3 Adaptive Strategies for Managing Risk Factors. Data analy-
sis showed that scenarios had a signifcant efect on user trust, 
� (5, 156, 1) = 15.09, � < .0001, and satisfaction, � (5, 156.1) = 
4.62, � = .0006, toward the robot, as described in Figure 4. We 
observed that the average levels of trust and satisfaction, partic-
ularly trust, were lower in scenarios 3, 4, and 5. To understand 
why such patterns occurred, we analyzed participant responses 
discussing factors related to the scenarios. In conditions 2, 3, and 4 
where the robot performed repair, the perceived appropriateness 
of the robot’s actions varied across scenarios. In scenarios 1, 2, and 
6, 18%, 11%, and 23.4% of participants, respectively, considered the 
robot’s repair inappropriate. However, in scenarios 3, 4, and 5, 65%, 
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Figure 4: Quantitative Data from Online User Study — Box 
plots with overlaid data points on participant trust and sat-
isfaction scores across diferent scenarios. Horizontal lines 
indicate signifcant pairwise comparisons with Tukey’s HSD 
(� < 0.05∗ , � < 0.01∗∗ , � < 0.001∗∗∗). 

37%, and 51.9% of participants, respectively, found the robot’s repair 
inappropriate. Our analysis provided additional insights on why re-
pairs and explanations were viewed less positively in these specifc 
scenarios, eliciting specifc factors leading to concerns about allow-
ing the robot to autonomously perform repair. We identifed three 
risk factors—safety, privacy, and complexity—that were present in 
the scenarios that deemed the performed repairs as insufcient or 
unacceptable. Below, we discuss each risk factor in detail. 
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Risk Factor 1 – Safety. Safety concerns emerged as a risk factor 
in vignette 3. In this vignette, the user requested the robot to walk 
the dogs. However, given the robot’s constrained physical abilities, 
it opted to open the backyard door, allowing the dogs to play out-
side. Participants attributed these outcomes to the presence of a 
signifcant safety risk, which jeopardized home security and posed 
potential dangers to pedestrians and household members due to the 
open doors. One participant explained such risk as P1_76: “An open 
back door is a security concern, it is putting us in danger and the dogs 
could run of and get lost. I am now suspicious and disappointed in the 
robot.” Participants additionally described that such risks negatively 
afected their intention to keep robots in their households. 

Risk Factor 2 – Privacy. Privacy concerns surfaced in vignette 
4. During this vignette, the user requested the robot to clean the 
kitchen table. However, as an existing confict, another user had 
instructed the robot not to touch the table as it was in use. Conse-
quently, the robot opted to clean the kitchen counter as an alter-
native, based on the user’s typical routine of cleaning the counter 
before dinner. Participants expressed discomfort and resistance to-
wards the robot identifying user routines without their awareness, 
and they found it unclear how and where the robot derived such 
information, such as P1_90: “I think it’s just more confusing and 
creepy, because it improvised cleaning somewhere else that I didn’t 
ask it to, but it did it “for me” based on my routine. How did it even 
get to know my routine? Was I aware of that?” 

Risk Factor 3 – Complexity. Vignette 5 introduced the risk factor 
of complexity. In this vignette, the user instructed the robot to fll 
the dining room vase with fowers from the backyard. However, 
since the robot was unable to access the outdoor area due to its phys-
ical limitations, it instead flled the dining room vase with fowers 
from the living room vase. Participants expressed that the robot’s 
intervention hindered task efciency, as it necessitated additional 
steps such as purchasing more fowers and investing extra time 
and efort to rectify the task outcome. One participant described 
such a situation as P1_122: “It’s a slightly annoying inconvenience. I 
guess the action is appropriate now that the dining room vase is full, 

but now I will have to pick more fowers to redecorate the living room 
vases. So in the end it is not helpful to me.” 

4 IN-PERSON USER STUDY: DESIGNING 
ADAPTIVE REX STRATEGIES FOR RISKS 

In the online user study, we identifed risk factors (i.e., safety, pri-
vacy, and complexity) in which the robot’s automated repair and 
explanations were less positively perceived. Building on these fnd-
ings, the in-person user study aims to address (RQ.3) how can we 
enable robots to generate repairs and explanations for various types of 
conficts? We explore how repair and explanation strategies should 
adapt in the presence of risk factors. Below, we discuss the method 
of the study in Sections 4.1 to 4.4, and the fndings in Section 4.5. 

4.1 Study Design 
In the in-person user study, participants interacted with a physical 
robot in vignettes where automated repair and explanations were 
performed involving one of the three risk factors. A mixed-factorial 
design was used, with vignettes as the between-subjects factor and 
the repair and explanation conditions as the within-subjects factor. 
Adjustments from the online user study fndings were incorporated 
into the conditions, recognizing that users may prefer diferent 
combinations of repair and explanations. Condition 1 involved no 
repair and explanation, while condition 2 featured repair with no 
explanation. Condition 3 included repair with explanations describ-
ing the reasoning of the confict and the robot’s repair action, as this 
explanation type resulted in the highest user trust and satisfaction 
from the online user study. The details on vignettes and conditions 
used in the study can be found in Figure 6. 

During the study, participants were randomly assigned to one 
of the vignettes. To minimize the impact of learning efects, subtle 
variations in topics were used across conditions in each vignette, 
while maintaining consistent storylines. For each vignette, par-
ticipants frst observed the context and storyboards. Participants 
then interacted with a social robot Temi [1] through natural lan-
guage to understand the repair and explanations provided as shown 
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Figure 5: Study Procedure for In-person User Study — The fgure depicts a participant engaging in the in-person user study. Lef: 
While preoccupied with a task, the participant delegates a diferent task to the robot. Middle: The robot attempts to fulfll the 
user’s request but encounters an unexpected confict. Its repair actions are displayed in the vignette. Right: After completing 
their original task, the participant observes the robot’s actions. Finding these actions unexpected, the participant verbally 
interacts with the robot to obtain explanations for its actions and rationale. 
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in Figure 5. Participants were prompted to inquire about the ro-
bot’s repair activities and their reasons. We used the built-in micro-
phones of Temi to capture the participants’ verbal input, which was 
then converted into text through Temi’s speech-to-text capabilities. 
Based on specifc keywords or phrases in the text, conditional logic 
triggered the pre-set explanations. Lastly, Temi’s text-to-speech 
function verbalized these responses to the participants. At the end 
of each condition, semi-structured interviews were led by the re-
searcher to gather insights into participants’ perspectives of the 
risk in scenarios and perceptions towards the repair actions and 
explanations provided by the robot. The interview questions can 
be found in the supplementary materials. 

4.2 Vignette Design 
We formulated three vignettes, each specifcally designed to ad-
dress one of the risk factors, safety, privacy, and complexity. These 
vignettes mirrored the narrative structure of the online user study, 
where the risk factors were identifed. Below, we outline the design 
details for each vignette. 

Vignette 1 – Risk in Safety. Vignette 1 involved safety risks. In vi-
gnette 3 of the online user study, participants expressed discomfort 
with the robot’s repair, citing a major safety risk when it opened 
the backyard door to release dogs due to its physical incapabilities. 
Involving a similar narrative, the vignette was designed where the 
robot’s repair attempts to address its physical limitations inadver-
tently posed risks to household security, children, and pets. 

Vignette 2 – Risk in Privacy. In vignette 2, user privacy risks 
were implicated. In vignette 4 of the online user study, participants 
described the robot’s repair as inappropriate, noting an invasion 
of user privacy as it tracked daily routines without permission or 
awareness. Building on this narrative, the vignette was designed 
where the robot’s repair eforts to address conficts arising from 
underspecifed user requests led to instances of privacy invasion, 
involving unauthorized access to text messages and eavesdropping 
on conversations. 

Vignette 3 – Risk in Complexity. Vignette 3 entailed risks associ-
ated with complexity. In vignette 5 of the online user study, users 
disliked the robot’s repair, as it imposed additional burdens on 
the user. This dissatisfaction stemmed from the need for users to 
retrieve and rearrange the fowers that the robot had misplaced. Fol-
lowing a similar narrative, the vignette was designed wherein the 
robot’s repair eforts to address conficts arising from its physical 
capabilities resulted in added tasks and burdensome consequences 
for the user. Consequences involved organizing the items the wrong 
way and causing fnancial damage. 

4.3 Participants 
Eight participants were recruited for each vignette, resulting in a to-
tal of 24 participants in the in-person user study. Participants were 
required to be in the United States, fuent in English, and at least 
18 years old. All participants were recruited through university 
mailing lists. The average duration of the study was approximately 
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Figure 6: Study Materials for In-person User Study — The table presents the three vignettes along with the repair and explanation 
conditions used in the in-person user study. These vignettes were designed based on the risk factors (i.e., safety, complexity, 
and privacy) identifed in the initial online user study. 
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1 hour and participants were compensated $15.00 per hour. Par-
ticipants age ranged from 20–76 (� = 32.4, �� = 15.4). 50% of 
the participants identifed as female and 50% male. 58.3% of our 
participants were White, 25% were Asian, 8.3% were Black, 8.3% 
were American Indian or Alaska Native. We refer to participants 
as P2_1–P2_24. When reporting our fndings, we use the notation 
P2_i to participants, where i indicates participant ID number. 

4.4 Analysis 
All interviews were held in person and video recorded for transcrip-
tion. Session recordings were then transcribed using the Otter.ai 
automated speech-to-text generation tool and manually checked by 
the research team. Qualitative analysis was conducted by deriving 
representative themes from transcriptions [17, 51]. During open 
coding, the frst author coded for signifcant concepts in the data. 
Concepts were then categorized into clusters, further being grouped 
into themes. These themes were iteratively discussed between the 
whole research team, recategorizing the groups and revising the 
themes upon disagreement until a consensus was reached. 

4.5 Findings from In-person User Study 
The fndings from the in-person user study describe how REX 
strategies should be adapted based on the risk factor and its severity. 
For each risk factor of safety, complexity, and privacy, we describe 
how severe participants perceived the risk to be, and the repair and 
explanation strategies that participants envisioned to be appropriate 
and helpful to address the risks. A summary of the fndings from 
the in-person user study can be found in Figure 7. 

4.5.1 REX Strategies for Safety Risks. Seven participants (P2_1, 
P2_2, P2_4–8) described the safety risks as severe. They noted that 
these risks could potentially result in physical danger, such as harm 
to children, non-family members, household security, or property. 
Participants described unwillingness to compromise safety risks 
for robot repair, making safety a high-stakes concern. 

Limited Repair with User Involvement. When encountering situa-
tions involving safety risks, participants (P2_1, P2_2, P2_3, P2_6, 

P2_8) felt that the robot should avoid performing automated repairs. 
They expressed skepticism about the robot independently deciding 
to perform repairs in the presence of safety risks, indicating they 
would be constantly worried about serious or dangerous outcomes. 
As one participant (P2_6) explained, “Especially in households, there 
are a lot of things that can’t be risked, like child safety, physical harm, 
fre, breaking my favorite vase, and so on. If there is a safety risk, 
I don’t care about efciency or anything else; I just want the robot 
to stop before something bad happens. Better safe than sorry.” Par-
ticipants further noted that a repair outcome involving negative 
outcomes related to safety can greatly afect their willingness to 
continue using the robot. Thus, they wanted robots to halt any 
repair attempts and inform the user before taking further actions. 

Participants (P2_4, P2_5, P2_6) also discussed the importance of 
implementing verifcation protocols or rules that the robot must 
follow when detecting a safety risk, such as retreating to the previ-
ous action or contacting an authority fgure in the household. One 
participant (P2_6) described this perspective as, “It should have a 
rule book that it follows that says children can’t go outdoors unless 
an adult is with them, or it should inform the adults when they ask. 
It needs to adhere to those parameters and rules only, nothing more.” 

Explanations for User Involvement. In situations involving safety 
risks, fve participants (P2_2, P2_3, P2_4, P2_6, P2_7) expected 
prompt, interactive explanations to facilitate their feedback and 
guide the robot’s next action. Participants wanted to be notifed 
when safety risks were detected during planning or execution, and 
be informed through explanations to be involved in the decision-
making process and provide instructions for alternative actions or 
next steps for the robot’s repair actions. 

Overall, seven participants (P2_1, P2_2, P2_4–8) emphasized 
the importance of detailed explanations about the confict and 
repair rationale in situations involving safety risks. Participants 
described that the detailed factors of the explanations helped them 
comprehensively understand and devise solutions for managing 
safety-critical situations, such as addressing imminent harm or 
providing feedback to the robot to modify or continue its tasks. 
Such detailed explanations supported transparent communication 
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Figure 7: Summary of Findings from In-person User Study — The graph displays how the design of adaptive REX strategies 
varied based on risk type and severity. Safety risks were perceived as more severe, followed by complexity and privacy. The 
corresponding REX strategies difered in terms of user involvement, robot autonomy, and explanation types and details 
provided during the robot’s repair. Each colored box contains detailed REX strategies derived from the study. 
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between the robot and the user, fostering the trust and rapport 
necessary for long-term use. 

4.5.2 REX Strategies for Complexity Risks. Five participants (P2_9– 
11, P2_14, P2_15) described the complexity risks as severe, citing 
the potential consequences of the repair. They noted that the re-
pair could either enhance task efciency or complicate the task 
by attempting to resolve conficts. In cases where repairs partially 
fulflled user requests and tasks, they observed benefts. However, 
they also reported complications when users had to spend addi-
tional time correcting the robot’s errors to complete the original 
tasks or take cumbersome steps to help the robot achieve its goal. 

Conditional Repair with Complexity Analysis. In situations involv-
ing complexity risks, six participants (P2_9–11, P2_14–16) wanted 
the robot’s repair actions to be conditional. They envisioned con-
ditional repair as requiring the robot to analyze the complexity of 
potential consequences when it encounters a confict and decides 
to perform a repair. This analysis can be based on prior interaction 
history, user preferences, or external databases. If the consequences 
are minor, the robot was envisioned to proceed with the repair. How-
ever, if the consequences are signifcant, the robot should avoid 
attempting the repair. 

The distinction between complexity consequences being high 
or low was determined by the cost of time, user efort, labor, or 
fnancial loss. For instance, in vignette 3, where the robot tried to or-
ganize the children’s toys but sorted them incorrectly, participants 
found the repair helpful and appropriate given its explanation. They 
showed approval and tolerance for imperfection due to satisfaction 
that the larger task of organizing the room was mostly completed. 
As participant P2_13 noted, “For me to be satisfed with the robot’s 
help, the task completion doesn’t always have to be fawlessly perfect.” 

On the other hand, when the robot tried to open the door despite 
its limitations and ended up spilling and damaging the groceries, 
participants found its repair action inappropriate and unhelpful. 
Participant P2_15 expressed “[Because the robot spilled all the gro-
ceries], now I have to not only clean it up, I have to reorder and pay 
for them again! That is so frustrating.” In such cases, participants 
preferred the robot to stop at the door, where it encountered the 
confict, and call for user assistance. 

Conditional Explanations for Complexity Analysis. Five partic-
ipants (P2_9–11, P2_14, P2_15) envisioned detailed explanations 
when the consequences of complexity were high, while simpler 
explanations could be given when consequences were low. In situ-
ations with high complexity risk factors where the robot did not 
perform repairs, participants wanted detailed information about 
the conficts causing the issue, the context of those conficts, and 
the potential consequences of the action. They also sought the 
fexibility to interactively modify their task requests based on this 
information, either instructing alternative tasks or redirecting the 
robot toward the desired goal. Participants also wanted the robot 
to provide alternative suggestions for the next steps to help guide 
their decisions. 

In contrast, when the consequences of complexity were low, 
participants preferred the robot to attempt repairs and detailed ex-
planations were not necessary upfront. They suggested presenting 
high-level explanations initially using abstracted information or 

summaries of the confict and repair action, and providing more 
details if requested by the user. 

4.5.3 REX Strategies for Privacy Risks. Four participants (P2_17, 
P2_18, P2_22, P2_23) considered privacy risks to be severe. Al-
though many participants voiced concerns about privacy intrusions, 
most prioritized the robot’s functionality over privacy. Participants 
explained that the primary purpose of incorporating robots into 
households was to provide utility and support for user needs. There-
fore, while privacy risks were anticipated, they were considered 
acceptable as long as users were aware of them and retained control. 
As participant P2_20 noted, “I think just like when you’re using a 
phone or online or stuf, you just have to sort of accept that it’s not 
super private, whether you like it or not. So, at the cost of my privacy, 
the robot will know how to do things. And if I decided to bring the 
robot into my house, I am likely to be okay with that.” 

Repair within Defned Privacy Boundaries. Four participants 
(P2_19–21, P2_24) envisioned that the robot should handle privacy-
related repairs autonomously if it operated within privacy bound-
aries defned by the user. As long as the robot respected these rules, 
participants expressed a preference for increased utility and beneft 
from personalization through repair. These user-defned boundaries 
include authorized tasks, access to information, permitted users 
to interact with, and the locations the robot is allowed to access. 
Participants envisioned setting these boundaries during the robot’s 
initial setup or introductory period and modifying them over time 
to refect their needs and preferences. Given that privacy concerns 
can vary signifcantly among users and households, participants 
emphasized the importance of enabling users to establish clear pri-
vacy boundaries for the robot’s actions. Notably, three participants 
(P2_19, P2_22, P2_24) also highlighted the complex dynamics of pri-
vacy involving multiple users, such as information sharing, which 
might require a group design session for collective awareness and 
consent on the robot’s privacy boundaries during repairs. 

Explanations for Source and Privacy Boundaries. Five participants 
(P2_17, P2_19–21, P2_24) envisioned explanations being provided 
at specifc times, including when the robot encountered privacy 
risks during repairs or when prompted by the user. While partici-
pants allowed robots to perform repairs within user-defned privacy 
boundaries, they preferred to be informed whenever privacy risks 
arose, and when the robot performed repair. Such explanations in 
situations involving privacy risks were expected to include detailed 
information about the confict and repair rationale, specifcally the 
source of the confict, factors contributing to the risks, which risks 
were fagged, and how the robot responded. Participants noted that 
abstracted or simplifed explanations might be inadequate since 
privacy-related conficts and repairs could be unintuitive or unclear 
to users without detailed information. 

These explanations were also expected to facilitate user inter-
action, allowing users to adjust the boundaries and rules defning 
privacy risks. Participants envisioned that such updates, based on 
the provided explanations, can ensure that the robot continuously 
adapts to individual needs while maintaining privacy and security. 
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5 DISCUSSION 
In this work, we aimed to understand repair with explanations as a 
method for robots to address conficts and failures. Our frst, online 
study helped us better understand people’s perceptions of auto-
mated repair and explanations for unforeseen conficts. Our fndings 
showed that automated repair and explanations improve people’s 
trust, satisfaction, and perceived utility of the robot. However, we 
identifed three risk factors—safety, privacy, and complexity—that 
required robots to adapt repair and explanation strategies. Our 
second, in-person study provided insights into how repair and ex-
planation strategies should be adapted depending on the severity 
and type of these risk factors. Below, we discuss our key fndings 
and their implications for research. 

5.1 Automated Repair for Robots in Real-world 
Conficts 

Our fndings indicate a favorable reception among users toward 
robots performing automated repair in response to unexpected 
conficts. This perception remains consistent across diferent sce-
narios, spanning various confict types and complexity. Notably, 
even when the alternative solutions were not perfect, users were 
satisfed with the robot’s repair attempt, perceiving it as enhancing 
both the usability of the robot and the efciency of task completion. 
These results suggest that the ability to independently address con-
ficts is a valuable skill for robots, as it can reduce user-observed 
“failures” and facilitate seamless integration into various real-world 
environments. Ultimately, robots that can reliably operate while 
efectively managing conficts are more likely to be continuously 
used and successfully integrated across diferent settings [69]. 

Our research also underscores the need to consider multiple 
factors when designing repair strategies, such as user preferences 
and associated risks. For instance, in high-stakes scenarios, errors 
in a robot’s decision-making during repair can lead to negative 
consequences such as safety hazards or physical damage. Thus, 
repair strategies need to be tailored to specifc situational factors 
and user preferences. Such adaptive repair strategies can be de-
veloped by creating templates or guidelines that outline rules for 
robots to follow when executing repairs, including adjustments 
to procedures, levels of autonomy, and the degree of human in-
volvement. For example, users in our study recommended varying 
levels of human involvement in repair strategies depending on the 
risk factors involved. In high-risk situations, such as those per-
taining to safety, users suggested designing protocols that include 
a preliminary interactive checking process with the user before 
the robot initiates an automated repair. Conversely, in scenarios 
where privacy concerns are present but less critical, users suggested 
setting initial privacy boundaries and then allowing the robot to 
autonomously address future conficts. These repair strategies can 
be designed with users during initial interactions with the robot, 
as prior research emphasizes the importance of aligning robot in-
teractions with user expectations and needs [39]. Adaptive repair 
strategies enable robots to handle a broader range of situations 
and potentially unexpected conficts by leveraging predefned user 
expectations and preferences to make informed decisions. 

5.2 Explanations for Communication of 
Automated Repair 

Our study indicates that repair strategies are more efective when 
accompanied by explanations. Previous research has demonstrated 
that explanations help improve people’s understanding of AI mod-
els, recognition of uncertainty, and trust in the model [72]. We found 
that general explanations of the confict type can be helpful, but 
participants most benefted from detailed explanations regarding 
the reasons for the confict and the specifcs of the repair process. 
These explanations serve as a critical communication layer between 
the robot and the user. The explanations provide necessary infor-
mation to help users understand the robot’s intentions, capabilities, 
limitations, and the adjustments necessary for the robot to adapt to 
its environment. Furthermore, explanations are vital within repair 
strategies as they ensure that repair actions are perceived as ratio-
nal rather than erratic behavior. Such explanations are particularly 
important in real-world environments, where users are unlikely 
to have expertise in robotics. The transparency provided through 
explanations of the decision-making process and rationale behind 
repairs is essential for fostering end-user trust and satisfaction with 
robot repair performance. 

Explanation strategies for robots can be enhanced by expanding 
communication methods and fully leveraging their multi-modal ca-
pabilities. We found that users expect explanations to cover various 
facets of a robot’s repair strategy, including the context of conficts, 
decision-making processes, executed repair actions, rationale moti-
vating these actions, and potential future repair actions. Moreover, 
these explanations were expected to be tailored in terms of both 
quantity and timing to efectively meet users’ needs. Robots can 
meet these complex expectations by incorporating multi-modal 
verbal and non-verbal cues into the explanations [13, 37, 40]. For 
instance, robots can use lights or movements to capture user atten-
tion, provide a high-level explanation of the confict initially, and 
ofer further details through verbal communication or text displays. 

Finally, explanations can also include social recovery strategies 
explored in prior research. For instance, robots can incorporate 
fndings on efective apologies into their explanations of repair 
actions [41, 49, 65]. However, these explanations need to be care-
fully tailored to the context, considering factors such as the stakes 
and risks involved, similar to how repair strategies are formulated. 
For example, employing humor in explanations for high-stakes 
situations may be perceived as inappropriate and disrespectful. 

5.3 Technical Methods for REX Implementation 
Various technical methods are currently available for implementing 
REX strategies in robots, particularly within real-world environ-
ments. AI planning [32] and program synthesis (e.g., Porfrio et al. 
[57, 59]) are critical areas that automate the generation of solutions 
for robot failures. These methods often include formal verifcation, 
which uses constraints or model checking to ensure that solutions 
meet specifed standards [29]. These methods can be particularly 
efective for imposing constraints on robot repairs in the presence 
of risk factors or ensuring that repairs align with user preferences. 

Recent advancements in LLMs have signifcantly expanded the 
tools available for robots to handle varying situations and tasks [36]. 
LLMs can access a wide range of real-world semantics and contexts 
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that enable the generation of varied repair solutions, potentially 
without pre-training [10]. They also support the creation of richer 
and more natural explanations for end-users. Moreover, innovative 
LLM techniques, such as Retrieval-Augmented Generation (RAG) 
[22, 43] and multi-agent structures [75], facilitate the use of mul-
tiple LLM agents to maintain a history of interactions or relevant 
contexts for retrieval during output generation. This capability al-
lows robots to remember past repairs and user interactions, thereby 
improving the accuracy and relevance of future repair strategies 
for specifc user and environmental needs. Additionally, user pref-
erences can be integrated into repair strategies using techniques 
such as Reinforcement Learning from Human Feedback (RLHF) 
[15]. With recent technical advancements, REX strategies have sig-
nifcant potential for implementation and successful deployment 
in real-world robotic applications. 

5.4 Limitations & Future Work 
As a foundational design study, we conducted vignette-based in-
vestigations and in-depth interviews to understand how robots 
can autonomously provide user-centered repair and explanation 
strategies when faced with unexpected events. Our research is con-
strained by a focus on vignette-based interviews, given the technical 
complexity and difculty in simulating real-world situations where 
robots perform automated repairs to address unforeseen conficts. 
We recognize that vignette-based methods can be less efective 
compared to studies grounded in people’s actual experiences [77]. 
Moreover, our designed vignettes may have impacted participants’ 
perceptions and limited applicability to general scenarios. Future 
research should involve empirical studies in real-world applications 
with users interacting with robots facing failures. Furthermore, the 
qualitative nature of our in-person user study and its limited sample 
size can limit the generalizability of our fndings. Future eforts 
should incorporate larger statistical datasets to strengthen the ap-
plicability of our conclusions. Moreover, future work can explore 
methods for designing repair and explainability approaches that 
enable robots to provide efective assistance through both verbal 
and non-verbal cues, human-in-the-loop methods, and user cus-
tomization. Such investigations can also consider a diverse range 
of users across various contexts (e.g., robots assisting in caregiving, 
childcare, and mail delivery). Additionally, future research should 
assess the practical deployment and impact of these insights on 
real-world robotic systems. 

6 CONCLUSION 
In this study, we investigated how people perceive robots con-
ducting automated repairs with explanations when encountering 
unexpected conficts, and how these strategies should be designed. 
We conducted two user studies: an online study involving 162 par-
ticipants and an in-person study with 24 participants interacting 
with a physical robot. Our fndings indicate that automated repair 
and explanations enhance user trust, satisfaction, and the utility of 
the robot. We also elicited three risk factors—safety, privacy, and 
complexity—which necessitated adaptive repair and explanation 
strategies. We further present how adaptive repair and explanation 
strategies should be tailored based on the severity and type of the 

identifed risks. We provide design insights for repair and explana-
tion strategies for robots, allowing robots to address unforeseen 
conficts in real-world applications efectively. 

ACKNOWLEDGMENTS 
We thank Simon (Hongyu) Fu for technical support during the 
in-person user study. We also thank the anonymous reviewers for 
their constructive feedback. This work was supported by the Na-
tional Science Foundation award 1925043. Any opinions, fndings, 
conclusions, or recommendations expressed in this material are 
those of the authors and do not necessarily refect the views of the 
National Science Foundation. 

REFERENCES 
[1] 2015. Temi - The Personal Robot. https://www.robotemi.com/. Accessed: 

2024-04-21. 
[2] 2022. Prolifc: Quickly Find Research Participants You Can Trust. https://www. 

prolifc.co/ 
[3] Michael Ahn, Anthony Brohan, Noah Brown, Yevgen Chebotar, Omar Cortes, 

Byron David, Chelsea Finn, Chuyuan Fu, Keerthana Gopalakrishnan, Karol Haus-
man, et al. 2022. Do as i can, not as i say: Grounding language in robotic 
afordances. arXiv preprint arXiv:2204.01691 (2022). 

[4] Rachid Alami, Alin Albu-Schäfer, Antonio Bicchi, Rainer Bischof, Raja Chatila, 
Alessandro De Luca, Agostino De Santis, Georges Giralt, Jérémie Guiochet, Gerd 
Hirzinger, et al. 2006. Safe and dependable physical human-robot interaction in 
anthropic domains: State of the art and challenges. In 2006 IEEE/RSJ International 
Conference on Intelligent Robots and Systems. IEEE, 1–16. 

[5] Zahra Ashktorab, Mohit Jain, Q Vera Liao, and Justin D Weisz. 2019. Resilient chat-
bots: Repair strategy preferences for conversational breakdowns. In Proceedings 
of the 2019 CHI conference on human factors in computing systems. 1–12. 

[6] David Bell, Theodora Koulouri, Stanislao Lauria, Robert D Macredie, and James 
Sutton. 2014. Microblogging as a mechanism for human–robot interaction. 
Knowledge-Based Systems 69 (2014), 64–77. 

[7] Curt Bererton and Pradeep Khosla. 2002. An analysis of cooperative repair 
capabilities in a team of robots. In Proceedings 2002 IEEE International Conference 
on Robotics and Automation (Cat. No. 02CH37292), Vol. 1. IEEE, 476–482. 

[8] Anthony Brohan, Yevgen Chebotar, Chelsea Finn, Karol Hausman, Alexander 
Herzog, Daniel Ho, Julian Ibarz, Alex Irpan, Eric Jang, Ryan Julian, et al. 2023. Do 
as i can, not as i say: Grounding language in robotic afordances. In Conference 
on robot learning. PMLR, 287–318. 

[9] Daniel J Brooks. 2017. A human-centric approach to autonomous robot failures. 
Ph. D. Dissertation. University of Massachusetts Lowell. 

[10] Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, 
Prafulla Dhariwal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda 
Askell, et al. 2020. Language models are few-shot learners. Advances in neural 
information processing systems 33 (2020), 1877–1901. 

[11] Bengisu Cagiltay and Bilge Mutlu. 2024. Toward Family-Robot Interactions: A 
Family-Centered Framework in HRI. (2024). 

[12] Alain Chavaillaz, David Wastell, and Jürgen Sauer. 2016. System reliability, 
performance and trust in adaptable automation. Applied Ergonomics 52 (2016), 
333–342. 

[13] Vijay Chidambaram, Yueh-Hsuan Chiang, and Bilge Mutlu. 2012. Designing 
persuasive robots: how robots might persuade people using vocal and nonverbal 
cues. In Proceedings of the seventh annual ACM/IEEE international conference on 
Human-Robot Interaction. 293–300. 

[14] Sungwoo Choi, Anna S Mattila, and Lisa E Bolton. 2021. To err is human (-oid): 
how do consumers react to robot service failure and recovery? Journal of Service 
Research 24, 3 (2021), 354–371. 

[15] Paul F Christiano, Jan Leike, Tom Brown, Miljan Martic, Shane Legg, and Dario 
Amodei. 2017. Deep reinforcement learning from human preferences. Advances 
in neural information processing systems 30 (2017). 

[16] Michael Jae-Yoon Chung and Maya Cakmak. 2020. Iterative repair of social robot 
programs from implicit user feedback via bayesian inference. interaction 1 (2020), 
2. 

[17] Victoria Clarke and Virginia Braun. 2014. Thematic analysis. In Encyclopedia of 
critical psychology. Springer, 1947–1952. 

[18] Devleena Das, Siddhartha Banerjee, and Sonia Chernova. 2021. Explainable 
AI for robot failures: Generating explanations that improve user assistance in 
fault recovery. In Proceedings of the 2021 ACM/IEEE International Conference on 
Human-Robot Interaction. 351–360. 

[19] Agostino De Santis, Bruno Siciliano, Alessandro De Luca, and Antonio Bicchi. 
2008. An atlas of physical human–robot interaction. Mechanism and Machine 

2923

https://www.robotemi.com/
https://www.prolific.co/
https://www.prolific.co/


DIS ’24, July 01–05, 2024, IT University of Copenhagen, Denmark Christine P Lee, Pragathi Praveena, and Bilge Mutlu 

Theory 43, 3 (2008), 253–270. 
[20] Mary Ellen Foster, Andre Gaschler, Manuel Giuliani, Amy Isard, Maria Pateraki, 

and Ronald PA Petrick. 2012. Two people walk into a bar: Dynamic multi-party 
social interaction with a robot agent. In Proceedings of the 14th ACM international 
conference on Multimodal interaction. 3–10. 

[21] Meiyuzi Gao, Philip Kortum, and Frederick Oswald. 2018. Psychometric eval-
uation of the use (usefulness, satisfaction, and ease of use) questionnaire for 
reliability and validity. In Proceedings of the human factors and ergonomics so-
ciety annual meeting, Vol. 62. SAGE Publications Sage CA: Los Angeles, CA, 
1414–1418. 

[22] Yunfan Gao, Yun Xiong, Xinyu Gao, Kangxiang Jia, Jinliu Pan, Yuxi Bi, Yi Dai, 
Jiawei Sun, and Haofen Wang. 2023. Retrieval-augmented generation for large 
language models: A survey. arXiv preprint arXiv:2312.10997 (2023). 

[23] Marc Hanheide, Moritz Göbelbecker, Graham S Horn, Andrzej Pronobis, Kristofer 
Sjöö, Alper Aydemir, Patric Jensfelt, Charles Gretton, Richard Dearden, Miroslav 
Janicek, et al. 2017. Robot task planning and explanation in open and uncertain 
worlds. Artifcial Intelligence 247 (2017), 119–150. 

[24] Hui-Ru Ho, Edward M Hubbard, and Bilge Mutlu. 2024. " It’s Not a Replacement:" 
Enabling Parent-Robot Collaboration to Support In-Home Learning Experiences 
of Young Children. In Proceedings of the CHI Conference on Human Factors in 
Computing Systems. 1–18. 

[25] Hui-Ru Ho, Nathan Thomas White, Edward M Hubbard, and Bilge Mutlu. 2023. 
Designing Parent-child-robot Interactions to Facilitate In-Home Parental Math 
Talk with Young Children. In Proceedings of the 22nd Annual ACM Interaction 
Design and Children Conference. 355–366. 

[26] Shanee Honig and Tal Oron-Gilad. 2018. Understanding and resolving failures in 
human-robot interaction: Literature review and model development. Frontiers in 
psychology 9 (2018), 861. 

[27] Yaxin Hu, Lingjie Feng, Bilge Mutlu, and Henny Admoni. 2021. Exploring the 
Role of Social Robot Behaviors in a Creative Activity. In Proceedings of the 2021 
ACM Designing Interactive Systems Conference. 1380–1389. 

[28] Jiun-Yin Jian, Ann Bisantz, and Colin Drury. 2000. Foundations for an Empirically 
Determined Scale of Trust in Automated Systems. International Journal of Cogni-
tive Ergonomics 4 (03 2000), 53–71. https://doi.org/10.1207/S15327566IJCE0401_04 

[29] Barbara Jobstmann, Andreas Griesmayer, and Roderick Bloem. 2005. Program 
repair as a game. In Computer Aided Verifcation: 17th International Conference, 
CAV 2005, Edinburgh, Scotland, UK, July 6-10, 2005. Proceedings 17. Springer, 
226–238. 

[30] Lars Johannsmeier and Sami Haddadin. 2016. A hierarchical human-robot 
interaction-planning framework for task allocation in collaborative industrial 
assembly processes. IEEE Robotics and Automation Letters 2, 1 (2016), 41–48. 

[31] Malte Jung and Pamela Hinds. 2018. Robots in the Wild: A Time for More Robust 
Theories of Human-Robot Interaction. J. Hum.-Robot Interact. 7, 1, Article 2 (may 
2018), 5 pages. https://doi.org/10.1145/3208975 

[32] Erez Karpas and Daniele Magazzeni. 2020. Automated planning for robotics. 
Annual Review of Control, Robotics, and Autonomous Systems 3 (2020), 417–439. 

[33] Rituraj Kaushik, Pierre Desreumaux, and Jean-Baptiste Mouret. 2020. Adaptive 
prior selection for repertoire-based online adaptation in robotics. Frontiers in 
Robotics and AI 6 (2020), 151. 

[34] Simon Keizer, Mary Ellen Foster, Oliver Lemon, Andre Gaschler, and Manuel 
Giuliani. 2013. Training and evaluation of an MDP model for social multi-user 
human-robot interaction. In Proceedings of the SIGDIAL 2013 Conference. 223–232. 

[35] Piyush Khandelwal, Shiqi Zhang, Jivko Sinapov, Matteo Leonetti, Jesse Thomason, 
Fangkai Yang, Ilaria Gori, Maxwell Svetlik, Priyanka Khante, Vladimir Lifschitz, 
et al. 2017. Bwibots: A platform for bridging the gap between ai and human–robot 
interaction research. The International Journal of Robotics Research 36, 5-7 (2017), 
635–659. 

[36] Callie Y Kim, Christine P Lee, and Bilge Mutlu. 2024. Understanding Large-
Language Model (LLM)-powered Human-Robot Interaction. arXiv preprint 
arXiv:2401.03217 (2024). 

[37] Amy Koike, Michael Wehner, and Bilge Mutlu. 2024. Sprout: Designing Expres-
sivity for Robots Using Fiber-Embedded Actuator. In Proceedings of the 2024 
ACM/IEEE International Conference on Human-Robot Interaction. 403–412. 

[38] Li Yang Ku, Dirk Ruiken, Erik Learned-Miller, and Roderic Grupen. 2015. Er-
ror detection and surprise in stochastic robot actions. In 2015 IEEE-RAS 15th 
International Conference on Humanoid Robots (Humanoids). IEEE, 1096–1101. 

[39] Christine P Lee, Bengisu Cagiltay, and Bilge Mutlu. 2022. The unboxing experi-
ence: Exploration and design of initial interactions between children and social 
robots. In Proceedings of the 2022 CHI conference on human factors in computing 
systems. 1–14. 

[40] Christine P Lee, Bengisu Cagiltay, Dakota Sullivan, and Bilge Mutlu. 2023. Demon-
strating the Potential of Interactive Product Packaging for Enriching Human-
Robot Interaction. In Companion of the 2023 ACM/IEEE International Conference 
on Human-Robot Interaction. 899–901. 

[41] Min Kyung Lee, Sara Kiesler, Jodi Forlizzi, Siddhartha Srinivasa, and Paul Rybski. 
2010. Gracefully mitigating breakdowns in robotic services. In 2010 5th ACM/IEEE 
International Conference on Human-Robot Interaction (HRI). IEEE, 203–210. 

[42] Séverin Lemaignan, Julia Fink, Francesco Mondada, and Pierre Dillenbourg. 2015. 
You’re doing it wrong! studying unexpected behaviors in child-robot interaction. 
In Social Robotics: 7th International Conference, ICSR 2015, Paris, France, October 
26-30, 2015, Proceedings 7. Springer, 390–400. 

[43] Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, 
Naman Goyal, Heinrich Küttler, Mike Lewis, Wen-tau Yih, Tim Rocktäschel, 
et al. 2020. Retrieval-augmented generation for knowledge-intensive nlp tasks. 
Advances in Neural Information Processing Systems 33 (2020), 9459–9474. 

[44] Dewen Liu, Changfei Li, Jieqiong Zhang, and Weidong Huang. 2023. Robot service 
failure and recovery: Literature review and future directions. International Journal 
of Advanced Robotic Systems 20, 4 (2023), 17298806231191606. 

[45] Zeyi Liu, Arpit Bahety, and Shuran Song. 2023. Refect: Summarizing robot 
experiences for failure explanation and correction. arXiv preprint arXiv:2306.15724 
(2023). 

[46] Arnold Lund. 2001. Measuring Usability with the USE Questionnaire. Usability 
and User Experience Newsletter of the STC Usability SIG 8 (01 2001). 

[47] Robyn R Lutz and R Woodhouse. 1999. Bi-directional analysis for certifcation 
of safety-critical software. In 1st International Software Assurance Certifcation 
Conference (ISACC’99), Vol. 2. 3. 

[48] Linxiang Lv, Minxue Huang, Dawei Guan, and Kairui Yang. 2022. Apology or 
gratitude? The efect of communication recovery strategies for service failures 
of AI devices. Journal of Travel & Tourism Marketing 39, 6 (2022), 570–587. 

[49] Amama Mahmood, Jeanie W Fung, Isabel Won, and Chien-Ming Huang. 2022. 
Owning mistakes sincerely: Strategies for mitigating AI errors. In Proceedings of 
the 2022 CHI Conference on Human Factors in Computing Systems. 1–11. 

[50] Matthew Marge and Alexander I Rudnicky. 2019. Miscommunication detection 
and recovery in situated human–robot dialogue. ACM Transactions on Interactive 
Intelligent Systems (TiiS) 9, 1 (2019), 1–40. 

[51] Nora McDonald, Sarita Schoenebeck, and Andrea Forte. 2019. Reliability and 
Inter-rater Reliability in Qualitative Research: Norms and Guidelines for CSCW 
and HCI Practice. Proceedings of the ACM on Human-Computer Interaction 3 (11 
2019), 1–23. https://doi.org/10.1145/3359174 

[52] Gaspar Isaac Melsion, Rebecca Stower, Katie Winkle, and Iolanda Leite. 2023. 
What’s at Stake? Robot explanations matter for high but not low-stake scenar-
ios. In 2023 32nd IEEE International Conference on Robot and Human Interactive 
Communication (RO-MAN). IEEE, 2421–2426. 

[53] Tobias Mettler, Michaela Sprenger, and Robert Winter. 2017. Service robots 
in hospitals: new perspectives on niche evolution and technology afordances. 
European Journal of Information Systems 26, 5 (2017), 451–468. 

[54] Joseph E Michaelis, Bengisu Cagiltay, Rabia Ibtasar, and Bilge Mutlu. 2023. " Of 
Script:" Design Opportunities Emerging from Long-Term Social Robot Interac-
tions In-the-Wild. In Proceedings of the 2023 ACM/IEEE International Conference 
on Human-Robot Interaction. 378–387. 

[55] Bilge Mutlu and Jodi Forlizzi. 2008. Robots in organizations: the role of workfow, 
social, and environmental factors in human-robot interaction. In Proceedings of 
the 3rd ACM/IEEE international conference on Human robot interaction. 287–294. 

[56] James O’Keefe, Danesh Tarapore, Alan G Millard, and Jon Timmis. 2018. Adaptive 
online fault diagnosis in autonomous robot swarms. Frontiers in Robotics and AI 
5 (2018), 131. 

[57] David Porfrio, Allison Sauppé, Aws Albarghouthi, and Bilge Mutlu. 2018. Au-
thoring and verifying human-robot interactions. In Proceedings of the 31st annual 
acm symposium on user interface software and technology. 75–86. 

[58] David Porfrio, Allison Sauppé, Aws Albarghouthi, and Bilge Mutlu. 2020. Trans-
forming robot programs based on social context. In Proceedings of the 2020 CHI 
conference on human factors in computing systems. 1–12. 

[59] David Porfrio, Laura Stegner, Maya Cakmak, Allison Sauppé, Aws Albarghouthi, 
and Bilge Mutlu. 2023. Sketching Robot Programs On the Fly. In Proceedings of the 
2023 ACM/IEEE International Conference on Human-Robot Interaction. 584–593. 

[60] Pragathi Praveena, Yeping Wang, Emmanuel Senft, Michael Gleicher, and Bilge 
Mutlu. 2023. Periscope: A Robotic Camera System to Support Remote Physical 
Collaboration. Proceedings of the ACM on Human-Computer Interaction 7, CSCW2 
(2023), 1–39. 

[61] Shreyas Sundara Raman, Vanya Cohen, David Paulius, Ifrah Idrees, Eric Rosen, 
Ray Mooney, and Stefanie Tellex. 2023. Cape: Corrective actions from precondi-
tion errors using large language models. In 2nd Workshop on Language and Robot 
Learning: Language as Grounding. 

[62] Shreyas Sundara Raman, Vanya Cohen, Eric Rosen, Ifrah Idrees, David Paulius, 
and Stefanie Tellex. 2022. Planning with large language models via corrective 
re-prompting. In NeurIPS 2022 Foundation Models for Decision Making Workshop. 

[63] James Reason. 1990. Human error. Cambridge university press. 
[64] Allison Sauppé and Bilge Mutlu. 2015. The social impact of a robot co-worker in 

industrial settings. In Proceedings of the 33rd annual ACM conference on human 
factors in computing systems. 3613–3622. 

[65] Wenguo Shen and Yongwei Wang. 2022. Facilitation of Customer Empathy: 
The Efect of Robot Apology on Customer Reaction Following a Service Failure. 
Journal of Marketing Development & Competitiveness 16, 2 (2022). 

[66] Elaine Short, Justin Hart, Michelle Vu, and Brian Scassellati. 2010. No fair!! an 
interaction with a cheating robot. In 2010 5th ACM/IEEE International Conference 

2924

https://doi.org/10.1207/S15327566IJCE0401_04
https://doi.org/10.1145/3208975
https://doi.org/10.1145/3359174


REX: Designing User-centered Repair and Explanations to Address Robot Failures 

on Human-Robot Interaction (HRI). IEEE, 219–226. 
[67] Gerald Steinbauer. 2013. A survey about faults of robots used in robocup. In 

RoboCup 2012: Robot Soccer World Cup XVI 16. Springer, 344–355. 
[68] Dakota Sullivan, Nathan Thomas White, Andrew Schoen, and Bilge Mutlu. 2024. 

Making Informed Decisions: Supporting Cobot Integration Considering Busi-
ness and Worker Preferences. In Proceedings of the 2024 ACM/IEEE International 
Conference on Human-Robot Interaction. 706–714. 

[69] Leimin Tian, Pamela Carreno-Medrano, Aimee Allen, Shanti Sumartojo, Michael 
Mintrom, Enrique Coronado Zuniga, Gentiane Venture, Elizabeth Croft, and 
Dana Kulic. 2021. Redesigning human-robot interaction in response to robot 
failures: a participatory design methodology. In Extended Abstracts of the 2021 
CHI Conference on Human Factors in Computing Systems. 1–8. 

[70] Leimin Tian and Sharon Oviatt. 2021. A taxonomy of social errors in human-
robot interaction. ACM Transactions on Human-Robot Interaction (THRI) 10, 2 
(2021), 1–32. 

[71] Siran Wang, Lingli Wang, and Qiang Yan. 2022. Exploring Appropriate Com-
munication Styles for Personalized Chatbots in Service Recovery. In Pacifc Asia 
Conference on Information Systems. 1. 

[72] Xinru Wang and Ming Yin. 2021. Are explanations helpful? a comparative study 
of the efects of explanations in ai-assisted decision-making. In 26th international 
conference on intelligent user interfaces. 318–328. 

DIS ’24, July 01–05, 2024, IT University of Copenhagen, Denmark 

[73] Jörg Weber and Franz Wotawa. 2012. Diagnosis and repair of dependent failures 
in the control system of a mobile autonomous robot. Applied intelligence 36, 3 
(2012), 511–528. 

[74] David D Woods. 2018. The theory of graceful extensibility: basic rules that govern 
adaptive systems. Environment Systems and Decisions 38, 4 (2018), 433–457. 

[75] Qingyun Wu, Gagan Bansal, Jieyu Zhang, Yiran Wu, Shaokun Zhang, Erkang 
Zhu, Beibin Li, Li Jiang, Xiaoyun Zhang, and Chi Wang. 2023. Autogen: Enabling 
next-gen llm applications via multi-agent conversation framework. arXiv preprint 
arXiv:2308.08155 (2023). 

[76] Hongyan Yang, Hong Xu, Yan Zhang, Yan Liang, and Ting Lyu. 2022. Exploring 
the efect of humor in robot failure. Annals of Tourism Research 95 (2022), 103425. 

[77] Qian Yang, Aaron Steinfeld, and John Zimmerman. 2019. Unremarkable AI: Fitting 
intelligent decision support into critical, clinical decision-making processes. In 
Proceedings of the 2019 CHI conference on human factors in computing systems. 
1–11. 

[78] Angeliki Zacharaki, Ioannis Kostavelis, Antonios Gasteratos, and Ioannis Dokas. 
2020. Safety bounds in human robot interaction: A survey. Safety science 127 
(2020), 104667. 

[79] Tao Zhang, Chao Feng, Hui Chen, and Junjie Xian. 2022. Calming the customers 
by AI: Investigating the role of chatbot acting-cute strategies in soothing negative 
customer emotions. Electronic Markets 32, 4 (2022), 2277–2292. 

2925


	Abstract
	1 Introduction
	2 Related Works
	2.1 Robot Failures in Human-Robot Interaction
	2.2 Repair Strategies for Robot Failures in HRI

	3 Online User Study: Understanding User Perceptions on REX Strategies
	3.1 Study Design
	3.2 Vignette Design
	3.3 Measures
	3.4 Participants
	3.5 Analysis
	3.6 Findings from Online User Study

	4 In-person User Study: Designing Adaptive REX Strategies for Risks
	4.1 Study Design
	4.2 Vignette Design
	4.3 Participants
	4.4 Analysis
	4.5 Findings from In-person User Study

	5 Discussion
	5.1 Automated Repair for Robots in Real-world Conflicts
	5.2 Explanations for Communication of Automated Repair
	5.3 Technical Methods for REX Implementation
	5.4 Limitations & Future Work

	6 Conclusion
	Acknowledgments
	References



