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ABSTRACT 
We interviewed 8 individuals from industry and academia to bet-
ter understand how they valued diferent aspects of social robot 
navigation. Interviewees were asked to rank the importance of 10 
measures commonly used to evaluate social navigation policies. 
Interviewees were then asked open-ended questions about social 
navigation, and how they think about evaluating the challenges 
they face. Our interviews with industry and academic experts in 
social navigation revealed that avoiding collisions was the only 
universally important measure. Beyond the safety consideration of 
avoiding collisions, roboticists have varying priorities regarding 
social navigation. Given the high priority interviewees placed on 
safety, we recommend that social navigation approaches should frst 
aim to ensure safety. Once safety is ensured, we recommend that 
each social navigation algorithm be evaluated using the measures 
most relevant to the intended application domain. 

CCS CONCEPTS 
• Human-centered computing → Social navigation. 
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1 INTRODUCTION 
Research in social navigation studies how mobile robots can navi-
gate in concert with people while adhering to social norms. Mobile 
robots need to operate in a wide range of social situations, which is 
defned by Tsoi et al. [15] as the physical environment, pedestrian 
behavior near the robot, and the robot’s task. Prior works have 
studied social navigation in social situations that encompass air-
ports [16], labs [14], and museums [7]. The number of pedestrians 
near the robot can range from a single person or a few people [11] 
to crowds of people [1]. The task is often A-to-B navigation, from 
one position to a goal position, but can also include delivery [8, 10], 
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guiding [2, 6], following [5], serving as a receptionist in a build-
ing [4] and interacting with groups [13, 17]. Such a wide variety of 
social situations makes it challenging to compare diferent social 
navigation approaches. 

Inspired by the wide range of social situations and correspond-
ing approaches to social navigation, we asked if users of diferent 
approaches have diferent requirements and priorities. There are 
many diferent measures used to evaluate social navigation ap-
proaches [3, 9]. We hypothesized that users of social navigation 
robots in diferent application domains are concerned with diferent 
aspects of performance when evaluated by how they prioritize dif-
ferent evaluation metrics. For example, a robot delivering blood for 
a patient procedure in a hospital may be most concerned with tak-
ing the minimum time to deliver the blood. In contrast, a large and 
dangerous industrial robot in a warehouse may be more concerned 
with staying a safe distance from everyone in the warehouse. 

To better understand how users value and prioritize the behavior 
of social navigation robots, we interviewed 8 roboticists working 
in the feld of social navigation. The 8 individuals we interviewed 
were contacts at 8 robotics companies and research labs. They were 
experts in social navigation working in areas including autonomous 
delivery, hardware development, space robotics, data analytics, 
warehouse automation, and academic research. 

2 RELATED WORK 
Many diferent evaluation measures have been proposed to eval-
uate social navigation approaches. Measures can be quantitative 
or qualitative, the latter typically focused on human perception of 
robot behavior. We refer the reader to surveys that discuss these 
measures in detail [3, 9]. In the broader feld of Human-Robot In-
teraction (HRI), common metrics have been reviewed by Steinfeld 
et al. [12]. In this work, we refer to both metrics and measures 
as “measures” due to the fact that many “metrics” used in social 
navigation and HRI do not adhere to the properties of a proper math-
ematical metric space. We chose to ask interviewees to rank some 
of the most common [3, 12] and readily available measures [15] 
covering navigation performance and social perception. We also 
asked open-ended questions to determine what other measures the 
interviewees prioritized. 

Fairly evaluating diferent approaches to social navigation re-
quires consideration of many factors, which are outlined by Francis 
et al. [3], including experimental design, evaluation measures, the 
social situations used for evaluation, benchmarking against other 
methods, datasets used, and simulators. Our interviews focused 
on the evaluation measures, but during the open-ended question 
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Category 
Demographic 
Demographic 

Market 
Success 
Success 
Success 
Success 
Success 
Success 
Success 
Success 
Success 
Success 

Question 
What is your name and which organization do you represent? 
What is your role at this organization? 
What market does the company serve? 
Please rank these 10 metrics from most to least important. If there are additional metrics, you will be able to share them after this ranking. 
Are there other metrics used to measure success not in the list ranked? 
How would you rank their importance? 
How would you rank them relative to the metrics we provided? 
Do you consider the robot’s navigation system as the main metric for success or are there other metrics outside of navigation that determine success? 
In what ways has your robot’s navigation been changed when being around people to meet the demands of the application domain or market? 
Are subjective human opinions a success metric? If so, to what extent? 
Is there value in this [subjective] metric? 
What would you consider necessary changes still needed to improve the success of your robot? 
Are there changes still needed to be made to robots in your domain generally to improve their success in navigating around people? 

Table 1: List of questions by category asked to participants during the video interviews. See the text for details. 

portion of the interviews, some individuals mentioned other com-
ponents they considered important, including their datasets, simula-
tors, and how they designed experiments and incorporated end-user 
feedback. 

3 METHOD 
Social navigation robots work in a wide range of application do-
mains and users in these diferent application domains may be 
concerned with diferent aspects of a robot’s performance. We 
interviewed 8 individuals from industry and academia to better 
understand the priorities of users in diferent application domains. 
Our protocol was approved by our local Institutional Review Board 
and refned through pilots. 

3.1 Hypothesis 
Our hypothesis is that users in diferent application domains of 
social navigation robots are concerned with diferent aspects of 
performance when evaluated by how they prioritized diferent 
evaluation measures. 

3.2 Recruitment 
We recruited participants using personal communication methods 
including email and LinkedIn. We initially identifed 25 organiza-
tions and established a point of contact at each. From the initial 
pool, 4 organizations were removed because their robots did not 
perform social navigation. From the remaining 19 organizations, 8 
agreed to take part in the study and complete the interview. The 
representative of 1 organization did not complete the open-ended 
questions portion of the interview, but did rank the measures we 
provided. We include their ranking of the 10 measures we provided 
in our results. One respondent reverse-coded the rankings, which 
we corrected and included in our results. 

3.3 Interviewees 
We interviewed contacts at 8 organizations that addressed markets 
including space robotics, food delivery, general-purpose delivery 
robots, operations logistics, service robots, education, and computer 
vision for mobile robots. The individuals who participated in our 
interviews were from a range of roles within the organizations and 
held titles such as software lead, head of staf, head of AI and ro-
botics, senior applied scientist, senior scientist, assistant professor, 

and Chief Executive Ofcer. Of these individuals, one was working 
at an academic institution and the rest worked at companies, star-
tups, and industry research labs. Some individuals we interviewed 
who were working in industry previously worked as academic re-
searchers and professors. The individuals we interviewed included 
people from two diferent countries, Spain and the United States of 
America. Within the USA, people were spread out across 7 diferent 
states. 

3.4 Procedure 
We collected data by conducting semi-structured interviews over 
30-minute video calls using the Zoom teleconference platform. All 
of the information that we collected was anonymized to disassociate 
responses from any individual or company. Interviews for the study 
were conducted by the same research assistant and followed a 
predetermined script which had 5 main phases. 

Interview Start (1): The interview began with the interviewer 
introducing herself and the following statement regarding our goal 
for the study: “We are conducting a study on robot navigation 
with the goal of collecting information about how diferent groups 
and companies are measuring success for mobile robots capable of 
navigating with or around people. We are specifcally interested 
in learning more about how success is determined for diferent 
robots.” 

Voluntary Participation (2): Each participant was told that 
participation in the study is voluntary and they are free to decline 
to participate or end their participation at any time. 

Recording Consent (3): Each participant was asked for consent 
to record the video call and transcribe the audio to text for the sole 
purpose of coding the interview question. 

Interview Questions (4): Following verbal confrmation of their 
agreement to participate in the study, each participant was then 
asked 14 questions which included demographic information, the 
business market their organization serves, and questions about how 
they measure success in social navigation. This included a question 
that asked the participant to rank 10 measures commonly used in 
social navigation. The 10 measures were: completed navigation 
goals, path length, minimum distance to target, fnal distance to 
target, time not moving, path irregularities, path efciency, distance 
violations, intimate distance violations, and collisions. We also 
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Figure 1: Two plots that show the measure ranking results visualized in diferent ways. (a) Ranking of social navigation 
evaluation measures by interviewee. Where 1 corresponds to the most important and 10 corresponds to the least important 
evaluation measure. (b) Interviewees that assigned the same rank to a metric where the bar length indicates the number of 
interviewees who assigned a given rank (x-axis) to each measure (color). Best viewed digitally. 

asked open-ended questions about the success of social navigation. 
The exact wording of these questions is detailed in Table 1. 

Interview End (5): The interview ended with an open-ended 
question regarding the participant’s other thoughts surrounding 
the topics discussed during the call. 

4 RESULTS 
We hypothesized that users of social navigation approaches in 
diferent application domains are concerned with diferent aspects 
of performance when evaluated by how they prioritized diferent 
evaluation measures. We asked participants to rank 10 measures 
commonly used to evaluate social navigation approaches, shown 
in Figure 1, from most (1) to least important (10). While we did see 
variation in most rankings, the collisions measure was surprisingly 
ranked most important by all but one participant. 

We performed a qualitative analysis of the open-ended inter-
view questions by aggregating them and identifying themes in the 
responses. This process revealed the same phenomena. Across all 
interviewees, the primary concern was safety, but after this consid-
eration, priorities varied widely. Interviewees’ primary concerns, 
after safety, included their robot’s ability to localize, user privacy, 
communication (via lights, speech, and motion), task throughput, 
engineering time required to recover from an error, the interpretabil-
ity of motion, and enjoyability of interacting with the robot. 

The variation in interviewee considerations indicates that a wide 
range of evaluation measures are appropriate for handling the 
wide range of social situations that robots encounter. Quantitative 
measures are necessary to evaluate social navigation approaches 
from the perspective of task performance. Qualitative measures can 
be used to measure how end-users perceive the performance of the 
robot, which is important for evaluating social considerations such 
as interpretability and enjoyability of interaction with the robot. 

We observed the hypothesized diferences in priorities across 
application domains, which were refected in diferent evaluation 
measures. We also observed a diference in priorities given diferent 
roles within an organization. Individuals involved in the engineer-
ing and design processes were frstly concerned with the lower-level 
behavior of their robot. Individuals in leadership roles were more 
concerned with task-level and organizational-level goals. We saw 

this diference primarily in the open-ended questions where engi-
neers and designers were concerned with the lower-level measures 
commonly used in social navigation, while institutional leaders 
were interested in measures that related to organizational-level, 
fnancial success, such as task throughput and minimizing engi-
neering time. 

5 LIMITATIONS 
Our study had several limitations. First, while all interviews were 
conducted via Zoom, one interview ran over time and responses 
to some questions were emailed to the interviewer following the 
Zoom call. Another limitation is that we did not provide detailed 
descriptions of the evaluation measures. For example, we did not 
defne the diference in distance between intimate distance viola-
tions and simple distance violations, but instead stated that intimate 
distance violations were when the robot came closer than a dis-
tance violation. We chose to omit details such as precise distances 
because we wanted to avoid biasing participants’ responses given 
interviewees’ diferent use cases. Finally, although we interviewed 8 
individuals, from a wide range of organizations, further interviews 
could be conducted in the future. 

6 CONCLUSION AND RECOMMENDATIONS 
Our hypothesis was that users in diferent application domains 
of social navigation robots are concerned with diferent aspects 
of performance when evaluated by how they prioritized diferent 
evaluation measures. To evaluate this hypothesis, we interviewed 
8 individuals from both academia and industry who are experts in 
social navigation. Data collected during these interviews showed 
that our hypothesis was partially supported. While minimizing 
collisions was almost universally the top priority, all other mea-
sures varied in priority across application domain. This was also 
supported by responses to open-ended questions which showed a 
variation in priorities across application domains. Moreover, inter-
views revealed that there was also a diference in priorities between 
people at diferent levels of an organization. 

Given the diference in priorities regarding robot behavior across 
application domains and roles within an organization, we make 
three recommendations for the development and evaluation of 
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social navigation algorithms. First, while most evaluation measures 
are prioritized diferently, avoiding collisions is a near-universal 
goal. Therefore, all approaches to social navigation should frst 
aim to ensure safety by utilizing an evaluation measure such as 
minimizing the risk of collision. Second, users in a given application 
domain should evaluate their robots using measures that matter 
most to their domain. If users in diferent domains were to share 
the prioritization of evaluation measures, this could serve as a 
starting point for collaboration between users that have common 
goals. Finally, given the potential for diferent priorities across 
roles within the same organization, we recommend that roboticists 
utilize low-level performance measures and roll up these low-level 
measures, such as time to completion for a trajectory, into measures 
that tie into organization-level goals, such as how low completion 
time might increase the task-efciency of the robot which may 
equate to proft or research impact. 
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