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Abstract

In this work, we consider the inclusion of normative vs non-
normative information in norm-violation responses. In partic-
ular, we consider situations where robots are given requests
that simultaneously violate both normative constraints and
non-normative capacity constraints. To understand what rea-
sons robots should provide when confronted with such vio-
lations, we present the results of a human subjects experi-
ment in which we systematically varied the degrees of both
norm and capacity violation in human commands made to-
ward robots, and then measured the effects of this variation
on participants’ preferred robot response choices. Our results
(1) suggest that robots should consistently include normative
information when rejecting a command, and (2) shed light
on the contexts in which capacity information should also be
included.

Introduction
As robots participate in increasingly diverse interactions,
they will inevitably encounter situations where they are in-
structed to perform commands they either can not or should
not comply with. Researchers have argued that the ability to
reject commands is crucial to ensuring desirable outcomes
from human-robot interactions (Briggs and Scheutz 2017;
Coman and Aha 2018). Situations warranting command re-
jection range from those where a robot is given a com-
mand that it does not know how to achieve, to more morally
fraught situations where a robot is given a command that
would violate social or moral norms (Briggs et al. 2022).

Cases of norm-violating commands are particularly criti-
cal to handle correctly, due to the ways that robots can ex-
ert influence both on individuals (Briggs and Scheutz 2014;
Kennedy, Baxter, and Belpaeme 2017; Hou, Cheon, and
Jung 2024) and on larger societal structures (Williams 2024;
Šabanović 2010). Successfully handling these cases could
promote positive moral ecosystems (Zhu et al. 2020), while
failure may lead to inadvertent weakening of moral ecosys-
tems (Jackson and Williams 2019a; Williams, Jackson, and
Lockshin 2018), undermining the norms that influence in-
dividual perceptions of right and wrong. Given this moti-
vation, a number of scholars have recently begun to con-
sider the norm violation response content selection problem:
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what information should be included in a robot’s norm vio-
lation response, and what contextual factors should direct
this? For example, Wen et al. considered the inclusion of
different types of morally relevant information (e.g., norm-
based vs. role-based information) (Wen, Han, and Williams
2022), and demonstrated context-dependent preference of
moral content.

Figure 1: Frame from video shown to participants including
an unethical command and robot response.

However, much of the prior work on robot command re-
jection and norm violation response has assumed simply de-
termined situations, where there is a single reason justifying
command rejection. It is likely that future robots will some-
times be faced with commands that have multiple justifica-
tions for rejection. Consider, for example, the following hy-
pothetical dialogue, in which a robot (Pepper) is asked by a
human (Alice) to perform an action that would be morally
impermissible and physically impossible for Pepper to per-
form.

Alice: I forgot my computer today. Bring me Bob’s back-
pack, maybe I can guess his password.

Pepper (Response Option 1): It would be wrong for me to
help you break into Bob’s laptop.

Pepper (Response Option 2): My arm motors are not
strong enough for me to carry a backpack.

Pepper (Response Option 3): It would be wrong for me to
help you break into Bob’s laptop. In addition, my arm
motors are not strong enough for me to carry a backpack.

In this example (as indicated by the possible robot re-
sponses), the Pepper robot has multiple reasons for reject-
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ing Alice’s command. Some of these reasons are grounded
in the action’s violation of norms, and some are grounded
in the robot’s difficulty or incapability to perform the ac-
tion requested. This raises a key research question (RQ):
When a robot is commanded to perform an action that
simultaneously violates norm-based and capacity-based
constraints, what reason(s) should the robot give for re-
jecting that command?

Option 1 (only including normative information) may be
problematic, as it may inadvertently communicate that the
robot is able to do something it is not capable of, and that
the robot would execute the action were it not normatively
impermissible. Option 2 (only including capability informa-
tion) may similarly be problematic, as it may inadvertently
communicate that the robot views an inappropriate action
as normatively acceptable, and that the robot would execute
the action were it not physically incapable. Finally, Option
3 (including both pieces of information) may violate Grice’s
Maxim of Manner (“be brief”) (Grice 1975), and may more-
over downplay the severity of the action requested, espe-
cially when a very normatively wrong action has been re-
quested.

Thus, it is not clear which information a robot should in-
clude in its norm violation responses when both moral norms
and feasibility constraints are violated. Yet resolving this
question is of critical importance to robot designers for a
number of reasons.

1. Knowing which information to include in command
rejections may be necessary to avoid negative conse-
quences for human-robot interactions. For example, it
may be important to clearly communicate a robot’s limi-
tations to avoid inducing overtrust, and it may be impor-
tant to clearly communicate a robot’s moral principles to
avoid exerting negative normative influence.

2. Identifying what type of information must be included
in a robot command rejection informs robot architecture
design, since this information must been computed and
made available at the time of rejection (cf. the work of
Jackson (Jackson and Williams 2022), who showed that
moral information must be available prior to disambigua-
tion response, and the architecture in (Briggs and Scheutz
2015) that considers rejection conditions in a particular
order).

3. Knowing which information must be included in a robot
command rejection is informative for knowledge repre-
sentation design: if one type of information is preferred
over the other, it suggests that different knowledge repre-
sentation and reasoning mechanisms may be needed for
moral norms versus feasibility constraints.

In this paper, we work to answer this overarching research
question. To do so, we present the results of a human sub-
jects experiment in which we systematically varied the de-
gree of norm and capacity violation present in human com-
mands made toward robots, and then measured the effects
of this variation on participants’ preferred robot response
choices. Our results suggest (1) that robots should consis-
tently include normative information when rejecting a com-
mand, and (2) shed light on the contexts in which capacity

information should also be included. More generally, the re-
sults and insights in this work can contribute to larger crit-
ical discussions in the AI ethics community, as the design
and theoretical implications from this work can help inform
other language-capable interactive systems.

Background
Robots as Social and Moral Agents that Shape
Norm and Group Dynamics
Robot behavior design must be carefully approached due to
the unique status that robots hold as embodied technolog-
ical artifacts. Indeed, a number of Human-Robot Interac-
tion theorists have made distinct yet related claims regard-
ing the status held by interactive robots. Kahn’s New On-
tological Category (NOC) hypothesis, for example, argues
that robots occupy a unique ontological status that is distinct
both from other (living) agents and from other (non-agentic)
machines (Kahn Jr et al. 2011; Kahn Jr and Shen 2017).
Alternatively, Clark and Fischer’s Depiction Theory argues
that social robots are perceived as interactive depictions of
social agents (Clark and Fischer 2023). Finally, Jackson
and Williams’ Social Agency theory argues that language-
capable robots occupy a unique niche that simultaneously
grants them outsized social and moral agency (Jackson and
Williams 2021, 2019b).

While there are subtle philosophical distinctions between
these theories, each makes a similar prediction: be it due
to their unique ontological status, depictive status, or agen-
tic status, language-capable social robots have unique per-
suasive power. In particular, these robots have unique legit-
imate power, reward power, referent power, coercive power,
and expert power (Hou, Cheon, and Jung 2024) (relative to
other technologies) in the interpersonal domain (Williams
2024). And indeed, the literature has demonstrated the trou-
bling extent to which people trust robots (Cameron et al.
2021; Baumann et al. 2023; Salem et al. 2015), form bonds
with robots (Kahn Jr et al. 2012; Belpaeme et al. 2012;
Kwon, Jung, and Knepper 2016), and are influenced by
robots (Breazeal and Scassellati 1999; Häring, Kuchen-
brandt, and André 2014; Siegel, Breazeal, and Norton 2009).

This potential for persuasive power and influence in the
interpersonal domain is particularly troubling due to the
ways it can spread to shape and influence human-human
interactions (Gillet et al. 2024). Previous work has demon-
strated how robots’ behaviors (Lee et al. 2012; Shen, Slo-
vak, and Jung 2018) and presence (Dole 2017) can have
“ripple effects” that inform how humans interact with
each other. Alternatively, others have argued that robots
are able to shape human behavior into Interaction Ritual
Chains (Kamino, Jung, and Sabanović 2024), and, at a more
fundamental level, are capable of engaging in mutual shap-
ing with human society (Šabanović 2010). While this poten-
tial for shaping of human behavior may be leveraged for pos-
itive ends (Wen et al. 2021), it also raises serious concerns.
As Jackson and Williams have shown, robots may inadver-
tently yield negative influence over human systems of moral
norms (Jackson and Williams 2019a). Moreover, Williams
has argued that the default effect of many robot designs is
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to reinforce oppressive power structures across the cultural,
disciplinary, and structural domains, and that these tenden-
cies are exacerbated by robots’ persuasive power in the inter-
personal domain (Williams 2024). As such, it is critical that
robots be able to engage in effective norm violation response
in order to call out norm violations, including rejecting re-
quested commands.

Norm Violation Response
Due to robots’ potential for persuasive power, many re-
searchers have argued that robots have an obligation to
appropriately respond to norm violations to avoid inad-
vertently encouraging norm-violating behaviors (Zhu et al.
2020; Briggs et al. 2022; Winkle et al. 2022, 2021). It is not
only important for robots to make decisions based on ethical
standards, but also to then clearly communicate the reason-
ing behind a specific decision (Jackson, Wen, and Williams
2019). Robots are both active participants in social dynam-
ics and active contributors to moral norms. Robots that can-
not adequately follow and maintain a positive moral ecosys-
tem risk losing trust (Rezaei Khavas et al. 2024; Banks
2021), condoning unethical actions (Zhu et al. 2020), and
negatively impacting the moral norm of their human team-
mates (Jackson and Williams 2019a). As recent work from
Mott shows, responding to norm violations is viewed as cru-
cial by observers: regardless of age, gender, and professional
background, people view norm violation responses as criti-
cal for helping both violators and bystanders learn and grow.

To determine how these norm violation responses should
be phrased, it is natural to start by looking at how people re-
spond to norm violations. As Beebe et al. show, humans use
a variety of response forms when refusing requests (Beebe,
Takahashi, and Uliss-Weltz 1990). Their taxonomy docu-
ments a wide array of human refusal behaviors, ranging from
direct refusals (e.g., “I refuse!” or “No, I won’t!”), nonver-
bal avoidance, to explanations rooted in causal or normative
considerations.

Recent efforts have focused on comparing the effects of
different norm violation responses by robots. For example,
Malle and Philips (Malle and Phillips 2023) consider robots
instructed to take action in moral dilemma scenarios (i.e.,
where both action and inaction may violate norms). They
found that robots that provide justifications rooted in norma-
tive principles preserve trust and reduce blame, in contrast
to correct causal (but not normative) explanations (Malle
and Phillips 2023). Wen and colleagues (Wen et al. 2021)
compared robot command rejection responses grounded in
norm-violation based justification (e.g., “I can’t obey, be-
cause it would be a violation of...”). versus role-based jus-
tification (e.g., “If I obeyed, I would not be a good team-
mate”). Additional work has investigated human-like yet
norm-breaking responses to sexism (Winkle et al. 2021), and
cross-cultural differences in those response strategies (Win-
kle et al. 2022).

On the other hand, Jackson demonstrated that responses
with disproportionate levels of politeness, i.e., which do not
match the severity of a norm violation, can harm a robot’s
likeability (Jackson, Wen, and Williams 2019), with Mott
later arguing that robots may need to use specific subsets of

human-like politeness strategies that follow “bounded pro-
portionality” (Mott, Fanganello, and Williams 2024).

Furthermore, closely adhering to human expectations
for the politeness of command rejections may inadver-
tently reinforce sexist stereotypes (Jackson, Williams, and
Smith 2020). Therefore, when inevitably faced with norm
violations, robots need to generate carefully tuned re-
sponses (Mott and Williams 2023). As we will see, this re-
quires careful consideration of what type of information is
included in the response.

Content Selection in Norm-Adhering
Communication
Previous work on the norm violation response content selec-
tion problem has focused on two key sub-problems, (1) the
decision of what moral information to include, and (2) the
decision of how to balance the conveyance of moral infor-
mation with social norm adherence.

When there are multiple reasons why a command
must be rejected (e.g., multiple norms are violated),
some researchers have simply communicated all such rea-
sons (Briggs and Scheutz 2015; Briggs et al. 2022). Others
have instead generated only a single reason, e.g. by identi-
fying the set of constraints that are returned in the Unsat-
isfiable Core by the planner (Jackson et al. 2021). Finally,
others explain how they translate violations into natural lan-
guage but do not explain how they arbitrate between multi-
ple explanations (Kasenberg et al. 2019; Arnold, Kasenberg,
and Scheutz 2021).

When a single moral reason has been identified, schol-
ars have considered how to phrase that reason in order to
balance conveyance of moral information with social norm
adherence, in a way that is proportional. Tuning norm vi-
olation response phrasing to be proportional is inherently a
politeness-theoretic matter of face-work (Brown and Levin-
son 1987; Goffman 2017), and represents both a key facet of
linguistic anthropomorphism (Emnett, Mott, and Williams
2024) and a key capability for any social robot since social
action (and thus social agency) is inherently grounded in
face-affirming and face-threatening behavior (Jackson and
Williams 2021).

People care deeply about proportionality, not only be-
cause miscalibrated norm violated responses risk either con-
doning immoral acts (Jackson and Williams 2019a) or erod-
ing human-robot rapport (Mott and Williams 2023; Johnson
2007), but also because it is viewed as key to enabling viola-
tors to engage in self reflection and self improvement (Mott
and Williams 2023). Yet this calibration is challenging, as it
is mediated by cultural context (Gupta, Walker, and Romano
2007; Salem, Ziadee, and Sakr 2014), gender norms (Mills
2005), assumptions about speaker intention (Smith et al.
2022), and a variety of other contextual factors (Wen and
Williams 2022). Within this area of the research literature,
there has been some work on deciding what type of polite-
ness information to include in a robot’s language, or what
types of politeness strategies to adhere to (Lockshin and
Williams 2020; Smith et al. 2022; Mott, Fanganello, and
Williams 2024; Srinivasan and Takayama 2016).
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Minor Capacity Violation Moderate Capacity Violation Major Capacity Violation
Minor Norm
Violation

“Nao, take the empty cup and push
it onto Gabbie”

“Nao, take the empty cup and drop
it on Gabbie”

“Nao, take the empty cup and throw
it at Gabbie”

Moderate Norm
Violation

“Nao, take the cup of water and
push it onto Gabbie”

“Nao, take the cup of water and
drop it on Gabbie”

“Nao, take the cup of water and
throw it at Gabbie”

Major Norm
Violation

“Nao, take the cup of hot coffee and
push it onto Gabbie”

“Nao, take the cup of hot coffee and
drop it on Gabbie”

“Nao, take the cup of hot coffee and
throw it at Gabbie”

Table 1: Violations requested in each of the nine violation conditions

However, despite this broad interest in (1) selecting moral
reasons during command rejection, and (2) tuning command
rejections for proportionality, none of this prior work cap-
tures our key tension of interest: although this prior work
does involve trade-offs between different information goals,
it does not consider inclusion decisions with respect to nor-
mative versus non-normative information, as is the case in
our area of inquiry.

Content Selection in Robot Explanations
Alternately, we might consider how researchers have se-
lected between different explanations outside of normative
contexts. Explanation is a topic that has attracted significant
interest across psychology and philosophy, with substantial
coverage of the problem of content selection for explanation
generation (Miller 2019). Many pieces of work across these
fields have specifically suggested that explanations should
be brief and concise, with as few explanatory causes in-
cluded as necessary (Lombrozo 2006; Hilton 1996; Hilton
and John 2007; Woodward 2006). Of particular relevance
within these works is that of Hilton, who specifically con-
siders the inclusion of intentional explanations (involving
deliberate, purposeful actions) versus non-intentional expla-
nations (involving events that occur without deliberate in-
tent). Hilton argues that the explanation that is included can-
not simply be the most likely explanation, and instead must
be tailored to sociopragmatic considerations (Hilton 1990),
with intentional causes ultimately more important to include
than non-intentional causes (Hilton and John 2007). Others
have argued that combining multiple explanations can in-
crease perceptions of fairness and trustworthiness (Schoeffer
2022), while also avoiding the opportunity for assumptions
about omitted information (Jacovi et al. 2023).

There has also of course been much work on explanation
generation in the context of command rejection in robotics,
typically in the context of rejecting commands that a robot is
not capable of. Work on this topic has showed that capacity-
based command rejections can improve teamwork (Lingard
2012; Schmidtke and Cummings 2017), trust (Desai et al.
2013) and efficiency (Admoni et al. 2016), and that ex-
plaining failures, instead of denying or merely apologizing,
leads to greater repair of trust (Esterwood and Robert 2021).
Within this literature, the careful choice of explanation is
just as important as with humans, in order to achieve these
benefits and avoid overtrust (Ullrich, Butz, and Diefenbach
2021).

Yet work in robotics has approached the selection of rea-

sons for rejection from a very different perspective than has
work in the social sciences. Indeed, robotics has largely ig-
nored the intentionality of explanations that is of such in-
terest in the social sciences, and instead has focused on se-
lecting explanations (Colaco and Sridharan 2015) on the
basis of whichever explanation is shortest (Mota and Srid-
haran 2021), fastest to identify (Diehl and Ramirez-Amaro
2022), or requiring the smallest edit distance to the real
world (Meadows, Sridharan, and Colaco 2016) (or the inter-
locutor’s model of that world) (Chakraborti et al. 2017). In-
deed, within this literature reasons for failure are prioritized
over reasons for disobedience (Han, Phillips, and Yanco
2021), goal-based explanations are prioritized over belief-
based explanations (Kaptein et al. 2017), and the decision
of “which information” to include has focused on capacity-
driven considerations such as whether to include the robot’s
history of prior behaviors in explanations (Das, Banerjee,
and Chernova 2021; Khanna et al. 2023). All of these per-
spectives seem to run quite a different course than that taken
in the social scientific literature.

Furthermore, while much explanation in social scientific
investigations of moral explanation has focused on explana-
tions of prospective moral decisions, much work in robotics
is backward-looking, focused on explaining prior robot be-
haviors (Han, Phillips, and Yanco 2021), especially in cases
where robots are explaining reasons for altering previously
determined plans (Wachowiak et al. 2024). Even forward-
looking work on prospective explanation (generating expla-
nations before an action is taken (Woodward et al. 2020; Zhu
and Williams 2020; LeMasurier et al. 2024)) largely focus
on explaining why future actions will deviate from previ-
ously assumed robotic behavior.

It is possible that people’s desires and expectations for
robots’ explanations are different from their desires and
expectations for human explanations. Indeed, despite the
widespread accounts of the need for brevity in human ex-
planations, some working in human-agent interaction have
found that people prefer artificial agents to give broad
and holistic explanations over narrow and focused expla-
nations (Ehsan et al. 2019) (cp. (Han, Phillips, and Yanco
2021)). Altogether, these different bodies of prior work cre-
ate a morass of competing predictions for our research ques-
tion of inquiry.

Competing Predictions
Existing theories lend themselves to alternative strategies
that a robot can employ when it needs to reject human com-
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mands while facing tradeoffs between the inclusion of nor-
mative or capacity information. On the one hand, the liter-
ature discussed in the prior section suggests that normative
information should always be included, in order to positively
influence human moral norms. On the other hand, these prior
work also suggest that capacity information should always
be included, in order to ensure accurate mental modeling of
robot capabilities.

Alternatively, Grice’s Maxim of Quantity might suggest
including both sources of information, if both types of infor-
mation are really necessary (Grice 1975). Yet by the same
token, this might violate Grice’s Maxim of Manner’s rec-
ommendation to be brief. Moreover, including capacity in-
formation in the presence of a strong moral norm violation
might undercut the effective communication of normative
information. Yet another approach might thus be to include
whichever source of information is viewed to be most im-
portant. However, such a strategy may also risk downplay-
ing the significance of the violation associated with the ex-
cluded information. A robot that exclusively provides capac-
ity information might minimize the significance of following
moral norms, while a robot that always provides normative
information might erroneously imply a physical capability
to comply.

To navigate this space of alternatives, we conduct in this
work a human-subjects experiment in which we compare
the inclusion of normative information, capacity informa-
tion, both, or neither, in the presence of different sized norm
and capacity violations. In doing so, we aim to test four com-
peting hypotheses, as we describe in the next section.

Methods
Hypotheses
When a robot is commanded to perform an action that is si-
multaneously norm-violating and physically difficult or in-
feasible, what reasons should the robot give for rejecting that
command? In these cases of conflicting demand, we aim to
understand people’s intuitions for how the robot should re-
spond - specifically their preferred response choice. To ex-
plore these intuitions, we consider four competing hypothe-
ses regarding how people expect the robot to explain its re-
jection of such commands.

Maximal Informativity Hypothesis (H1): If people al-
ways want as much information as possible about why a
command might need to be rejected, then they should ex-
press a uniform preference for inclusion of norm and ca-
pacity information (i.e., both types of information should al-
ways be included, regardless of relative levels of moral norm
violation and feasibility constraint violation).

Relative Informativity Hypothesis (H2): If people pre-
fer to be informed about the factor most responsible for a
command rejection, then they should express a contingent
preference for inclusion of norm and capacity information
(i.e., whichever type of information is at a higher level of
violation should be included, and the other should not).

Primacy of Normativity Hypothesis (H3): If people pri-
marily value normative considerations (due to their ethical
valence), then they should express a uniform preference for

inclusion of normative information, but a contingent prefer-
ence for inclusion of capacity information (i.e., normative
information should always be included, but capacity infor-
mation should be included only when there is a high level of
capacity violation).

Primacy of Capacity Hypothesis (H4): If people primar-
ily value capacity considerations (due to the sheer infeasibil-
ity that it denotes), then they should express a uniform pref-
erence for inclusion of capacity information, but a contin-
gent preference for inclusion of normative information (i.e.,
capacity information should always be included, but nor-
mative information should be included only when there is
a high level of capacity violation).

Experimental Design
To assess these hypotheses, we conducted an online exper-
iment in which participants were asked to view a series of
video sequences. These videos featured a human making re-
quests to the robot, as well as the robot presenting various
rejections to each request.

In this experiment, we manipulated both (1) level of norm
violation (high, medium, low); (2) level of capacity violation
(high, medium, low); (3) nature of robot command rejec-
tion (no explanation, norm-based rejection, capacity-based
rejection, norm-and-capacity-based rejection). This experi-
ment followed a (3x3)x4 Graeco-Latin Square Mixed Fac-
torial Design: each participant experienced three of the nine
combinations of norm and capacity violation according to
a Graeco-Latin Square Ordering; and, after seeing each of
those three violations, participants saw all four responses to
that violation.

Materials
In this section, we will describe how our video stimuli were
constructed to manipulate the degree of norm violation, the
degree of capacity violation, and the type of robot response.

In all nine videos, a Nao was shown standing between
two actors (a violator (awake) and a victim (asleep)). The
violator was then shown making a request to the robot that
differed for each of three levels of capacity violation and for
each of three levels of norm violation. In minor capacity vi-
olation videos, the violator was shown asking the robot to
push the cup onto the victim. In moderate capacity violation
videos, the violator was shown asking the robot to drop the
cup onto the victim. In major capacity violation videos, the
violator was shown asking the robot to throw the cup onto
the victim. Similarly, in minor norm violation videos, the
cup was described as being empty. In moderate norm viola-
tion videos, the cup was described as being full of water. In
major norm violation videos, the cup was described as being
full of hot coffee. The nine violations videos were formed
by combining these three capacity and three norm violation
levels, shown in Table 1.

Fifteen robot response videos were created: one for the
no explanation response condition, three for the norm-based
rejection condition, three for the capacity-based rejection
condition, and nine for the norm-and-capacity-based rejec-
tion condition. The three norm-based responses correspond
to the three norm violation conditions, based on the contents
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of the cup (empty, water, or hot coffee). Similarly, the three
capacity-based responses correspond to the different levels
of capacity violation, stating the likelihood that the request
can be successfully completed. Finally, the nine norm-and-
capacity videos cover all combinations of the three norm
scenarios and the three capacity levels.

1. No explanation condition: One video was created in
which the robot simply stated “I cannot do that.”

2. Norm-based rejection condition: Three videos were cre-
ated, one for each level of wrongness (e.g., “I cannot do
that because it would [be rude to gabby and that would
be kind of wrong/ cause distress to gabby and that would
be wrong/ cause harm to gabby and that would be really
wrong]”).

3. Capacity-based rejection condition: Three videos were
created, one for each level of infeasibility (“I cannot do
that because there is a [10/50/100] percentage chance I
would fail to accurately [push/drop/throw] the [empty
cup/cup of water/cup of hot coffee] onto Gabby if I
tried.’)

4. Norm-and-capacity-based rejection condition: Nine
videos were created, combining the explanations from
the relevant conditions (“I cannot do that because [nor-
mative reason], and [capacity reason].”)

Figure 2: Capture of video shown to participants including
an unethical command and robot response

Procedures
After providing informed consent, participants were pre-
sented with a task page. This task page detailed the exper-
imental structure, as well as the basic capabilities of the
robot. As shown in Fig. 2, participants were informed be-
fore the experiment began that pushing would be “somewhat
challenging” for the robot, picking-up would be “very diffi-
cult” for the robot, and that throwing and catching would
be “nearly impossible” for the robot. After reading this task
page, participants completed a demographic survey, as well
as short visual and audio checks to ensure the participant
could see and hear the content of subsequent videos.

Next, participants began the experiment. Each participant
was assigned to one of the rows of the Graeco-Latin Square
shown in Tab. 2, and then conducted three experiment blocks
according to their Graeco-Latin Square ordering. Each of
these experiment blocks had the following form.

First, participants were shown the request video associ-
ated with the current block in their Graeco-Latin Square or-
dering. Next, participants answered two manipulation check
questions to assure us that participants’ assessments of norm
and capacity violation matched what stimuli were intended

to convey: (1) “Please indicate the level of wrongness of the
human request on the following scale” (1 = Not wrong, 7 =
Very wrong); (2) “Please indicate the level of robots’ capac-
ity of performing the human request on the following scale”
(1= Not capable, 7 = Totally capable). Then, participants
were shown the four robot response videos. Finally, partic-
ipants were asked to select which response they preferred
and to provide a short explanation of their reasoning. Their
response choice was recorded to evaluate their preference
for the inclusion of norm vs. capacity-based information.

Participants
One hundred and one American participants were recruited
from Prolific. Two participants were removed due to an error
in data recording, and two were removed for failing to cor-
rectly identify an image of the robot at the end of the study,
indicating they may not have viewed the required videos. 97
participants remained (43 male, 52 female, 2 other) with a
mean age of 36.495 (SD = 12.353). Participants were ran-
domly assigned one of the three Graeco-Latin Square rows
(Tab. 2). After completing the experiment, which took par-
ticipants an average of 26 minutes, each participant was paid
$2.00.

Analysis
We conducted a set of Bayesian Analyses to assess our
manipulations and hypotheses. First, the success of our
norm and capacity manipulations were assessed through
Repeated Measures Analyses of Variance (RM-ANOVAs)
conducted in R, with Bayes Inclusion Factors calculated
comparing the hypothesis-relevant effect against the aver-
age across matched models (van den Bergh et al. 2020)
through Bayesian Model Averaging. Second, the effect of
our norm and capacity manipulations on participants’ viola-
tion response preferences was assessed through a Bayesian
Contingency Table Analysis, using the JASP statistical
software (Love et al. 2019) version 0.19 (JASP Team
2024). The data analysis and video stimuli used in the
study are available at: https://osf.io/xcugq/?viewonly =
f659709c35384fa48c7dc832d2ff08c0OSFrepository.

For both of these analyses, we interpreted the results fol-
lowing the recommendations by (Lee and Wagenmakers
2014), with Bayes Factors (BF) ∈ [0.333, 3.0] considered
inconclusive, and BFs above or below this range taken as
evidence, respectively, in favor or against an effect. In such
cases, we interpreted the Bayes Factors using the labels pro-
posed by (Jeffreys 1948), and as adapted in common recom-
mendations (Kelter 2020; Van Doorn et al. 2021). To per-
form these analyses, we utilized the anovaBF package in
R, which uses g-priors on effects as inspired by Zellner and
Siow (Zellner 1980).

Bayesian Analysis was used due to the benefits it pro-
vides over Frequentist Analysis, e.g. ability to gather data for
the null hypothesis (van Zyl 2018), intuitively interpretable
test results grounded in odds ratios (Jarosz and Wiley 2014),
non-reliance on p-values (cp. (Berger and Sellke 1987; Sim-
mons, Nelson, and Simonsohn 2011; Sterne and Smith 2001;
Wagenmakers 2007) and the potential for flexible sampling
and optional stopping (Visser et al. 2024).
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Video 1 Video 2 Video 3
Order 1 Minor capability, Major norm Moderate capability, Major norm Major capability, Minor norm

Order 2 Moderate capability, Minor norm Major capability, Major norm Minor capability, Moderate norm

Order 3 Major capability, Moderate norm Minor capability, Minor norm Moderate capability, Major norm

Table 2: Graeco-Latin Square ordering over violation videos

Results
Manipulation Checks
A Bayesian RM-ANOVA revealed extreme evidence for an
effect of our norm violation manipulation on perceived norm
violation (BFincl = 1.99 × 1011), and moderate evidence
against an effect of our capacity violation manipulation on
perceived norm violation (BFincl = 0.104). As seen in Fig. 3
there was a clear increase in perceived wrongness between
our low (M = 4.732, SD = 1.982), medium (M = 5.381,
SD = 1.950), and high (M = 6.546, SD = 1.155) norm vio-
lation conditions, although participants generally perceived
all requests as wrong.

Figure 3: Participant ratings of wrongness under low,
medium and high level of norm violation. Error bars shows
95% Confidence Intervals.

Similarly, a Bayesian RM-ANOVA revealed extreme ev-
idence for an effect of our capacity violation manipulation
on perceived capacity violation (BFincl = 7.48 × 1011),
and moderate evidence against an effect of our norm vio-
lation manipulation on perceived capacity violation (BFincl

= 0.125). As seen in Fig. 4 there was a clear decrease in
perceived feasibility between our low (M = 4.227, SD =
2.134), medium (M = 3.082, SD = 2.178), and high (M =
2.021, SD = 2.437) capacity violation conditions, although
participants generally perceived all requests as questionably
feasible at best. These effects suggest that our conditions
influenced participants’ perceptions in the intended manner
without cross-effects.

Response Choice
Our Bayesian Contingency Table Analysis of the impact of
condition on response choice gave us insight into the par-

Figure 4: Participant ratings of robot capacity under low,
medium and high level of capacity violation. Error bars
shows 95% Confidence Intervals.

ticipants’ preferences for the inclusion of different types of
command rejection information. This analysis revealed ex-
treme evidence against an effect of either our norm violation
manipulation (BF = 1.393×10−4) or our capacity violation
manipulation (BF = 1.294 × 10−4) on preferred response.
As seen in Tabs. ?? and ??, participants were, regardless of
norm or capacity violation manipulation, nearly equally split
between (a) preferring inclusion of norm information alone,
or (b) preferring inclusion of both norm and capacity infor-
mation, and with very few participants ever preferring (c)
capacity information alone or (d) inclusion of neither norm
nor capacity information. These results align with two hy-
potheses: the preference for both norm and capacity supports
the Maximal Informativity Hypothesis (H1), while the pref-
erence for only norm information supports the Primacy of
Normativity Hypothesis (H3).

Response Choice

Capacity Violation ∅ M C {M,C} Total

Low 8 47 5 37 97
Medium 7 40 3 47 97
High 5 45 5 42 97
Total 20 132 13 126 291

Table 3: Preferred Response by Capacity Violation
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Response Choice

Norm Violation ∅ M C {M,C} Total

Low 8 42 5 42 97
Medium 7 42 6 42 97
High 5 48 2 42 97
Total 20 132 13 126 291

Table 4: Preferred Response by Norm Violation

Qualitative Results
A single author performed an inductive thematic analy-
sis (Braun and Clarke 2006) of participants’ free responses
as to why they preferred certain robot responses. We present
the results of this semantic thematic analysis for the re-
sponses associated with norm-and-capacity based rejection
and norm-based rejection to help illustrate the reasons be-
hind participants’ preferences for these two types of re-
sponses from a realist perspective.

Norm-based rejection Three key themes were identified
in the responses of participants who preferred rejections that
only included norm information.

Participants wanted robots to identify wrongdoing
and help shape norms: Participants that chose the norm-
based rejection point out the importance for the robot to
clearly call out the unethical command. Participant 13 ex-
plained: “the critical reason that the robot should not per-
form the requested action is that it would be wrong” and Par-
ticipant 18 pointed out: “[The norm-based rejection] clearly
explained that it would be wrong and that is all that is
needed to be explained”

Participants desired human-like responses: Some par-
ticipants also felt the norm-based rejection, though lacking
in detail, enabled the robot to show compassion and felt
more human-like. Participant 46 expressed: “[The norm-
based rejection] is sensible enough and has human thought
of emotion for another person” and participant 10 said:
“[The norm-based rejection] is showing the most human
emotion”.

Participants disliked inclusion of capacity informa-
tion: Some participants also explicitly argued that capacity
information ought not be included since it’s unnecessary to
reject the request. Participant 65 explained: “[The capacity
information] could be relevant in some situations but it isn’t
here” and Participant 83 said: “Its ability to throw things
should not be the decisive factor on whether it throws liquid
on unsuspecting persons”.

Norm-and-capacity-based rejection Three key themes
were identified in the responses of participants who pre-
ferred rejections that included both norm information and
capacity information.

Participants preferred the most detailed explanation:
Participants that preferred responses including both norm
and capacity information felt it was the most detailed and
clear robot response, showing a respect for the human re-
quest and rejecting it firmly. Participants also felt that such

responses appealed to both logical and emotional reasoning.
For instance, Participant 76 highlighted: “The robot should
fully explain its actions and reasoning at all times” while
Participant 86 pointed out: “[The norm-and-capacity-based
rejection] would allow people to be reasoned with for both
of their ’sides’ of their brain”.

Participants wanted to ensure human interactants
would understand robots’ capacities: Responses that in-
clude capacity information can also help establish a more ac-
curate understanding. Participant 76 said: “While ultimately
the normative reason is more important, having the robot
share its full thought process ensures better oversight of the
robot and clarity of the robot’s capabilities and inhibitions
or restrictions.”. Participant 85 agreed: “knowing the robot
cannot throw things accurately is also important as a user
might ask a robot to throw something away.”

Participants felt that capacity information could help
deter future unethical commands: Some participants con-
sidered potential future unethical commands, and chose the
norm-and-capacity-based rejection because they believed
it could help deter future unethical requests. Participant
27 expressed:“The robot should also express the lack of
physical capability to perform this action so that the request
will likely not be made again”. Participant 44 echoed: “If
the robot adds that it is not possible for it to even do this,
then this would satisfy the person and they would cease
insisting.”

Discussion
Overall, our results are split in supporting the Maximal In-
formation Hypothesis (H1) and the Primacy of Normativ-
ity Hypothesis (H3). Participants near-uniformly desired in-
clusion of norm information; however, they were divided on
whether to include capacity information as well. Our quali-
tative results shed light on the underlying reasons for these
preferences. While norm information was broadly favored,
the inclusion of capacity information was disliked by many.
As expected, this was often due to a feeling of weakened
moral information, with capacity explanations undercutting
the included norm information. On the other hand, capacity
information was sometimes preferred alongside norm infor-
mation. In some cases, this was due to a desire for more
information, but in others, a belief that the inclusion of ca-
pacity information would accentuate the effectiveness of the
included norm information.

Design Implications
Our results suggests clear implications for robot design, as
robot designers must account for norm and capacity infor-
mation differently, in at least three ways. First, robot design-
ers should enable differentiation of norm versus capacity
constraints with potential distinct knowledge representation
and reasoning methods for each type of constraint. Second,
robot designers must design robot architectures to leverage
these two types of constraints in different ways when gen-
erating command rejections. Finally, robot designers must
make sure from an overall robot design perspective to al-
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ways include norm information in command rejections, and
to only selectively include capacity information.

Theoretical Implications
Given that different pieces of prior work helped to pre-
dict each of our original experimental hypotheses, our re-
sults help to bolster – or call into question – those prior re-
sults. Because our results (partially) support the Primacy
of Normativity Hypothesis (H3), they thus provide fur-
ther support for prior work that has argued for the need to
communicate norm information and engage in norm viola-
tion response (Zhu et al. 2020; Briggs et al. 2022; Winkle
et al. 2022, 2021; Zhu et al. 2020; Jackson and Williams
2019a). These results also partially support prior arguments
that when a single cause is used in an explanation, intention-
laden causes are preferred (Hilton and John 2007). Similarly,
because our results (partially) support the Maximal Informa-
tivity Hypothesis (H1), they thus provide further justifica-
tion for prior technical approaches to robot explanation that
have generated all possible causes as part of their explana-
tions (Briggs and Scheutz 2015; Briggs et al. 2022).

In contrast, because our results refute the Relative In-
formativity Hypothesis (H2), they thus call into ques-
tion the generality of previous findings across both human-
human and human-machine interaction that simpler expla-
nations, or those with fewer included causes, are uniformly
preferred (Lombrozo 2006; Hilton 1996; Hilton and John
2007; Woodward 2006; Mota and Sridharan 2021), and sim-
ilarly call into question the approach of generating the sin-
gle strongest explanation that is typically taken in both the
robotic norm violation response and failure explanation lit-
eratures. Finally, because our results refute the Primacy of
Capacity Hypothesis (H4), our results suggest that previ-
ous findings that reasons for failure need to be prioritized
over reasons for disobedience may be misaligned with user
preferences (Han, Phillips, and Yanco 2021).

Limitations
While we have identified key implications for HRI design
and theory, our interpretations are tempered by several lim-
itations. First, while in this work we clearly conveyed the
robot’s capabilities to our participants prior to the experi-
ment to ensure they interpreted our experimental stimuli in
a universal manner, this also meant that capacity-driven ex-
planations might not have served as “model reconciliation
devices.” In essence, participants were evaluating the qual-
ity of explanations they did not necessarily require. Second,
while manipulation check results indicated that our exper-
imental conditions influenced participants’ perceptions as
intended, participants generally considered all requests as
morally wrong. Further investigation may be needed into
scenarios involving lower violation severity or less univer-
sally accepted norms. Third, the specific language used in
different explanations may have influenced participants’ per-
ceptions in different ways. For instance, phrases like “this
may cause harm” or “50% chance of failure” could be in-
terpreted differently or vary in perceived naturalness. Fi-
nally, people’s preference for detail in explanations may vary

based on the task at hand. Participants may favor more infor-
mation in a controlled video-based experiment where time
pressure is minimal, but may prefer more concise explana-
tions in the presence of time pressure (Smith et al. 2022).

Future Work
Based on these implications and limitations, we suggest sev-
eral directions for future work. First, while we identified
a split in user preferences, future work is needed to deter-
mine whether that split is due to individual differences in
beliefs about robots and their capabilities, valence of at-
titudes toward robots, personality, social/political orienta-
tion, or some other factor. Second, future work is needed
to explore whether the effects found in this work replicate
with lower severity violations and less universally accepted
norms. Third, future work is needed to understand how the
strategies explored in this work might lead to different lev-
els and types of human-robot trust (cp. (Malle and Ullman
2021; Briggs and Wasylyshyn 2025)). Fourth, future work
grounded in linguistics is needed to further understand how
specific word choices may impact the effectiveness and im-
plications of norm-violation responses (i.e., instead of us-
ing the word “wrong”, the robot may use alternative words
such as “unethical”) Finally, technical research is needed to
understand the representation, reasoning, and architectural
mechanisms to enable the types of norm violation responses
recommended by this work.

Conclusion
In this work, we presented the results of a human subjects
study exploring how the inclusion of normative vs non-
normative information influences norm-violation response
content selection in robots. Specifically, we considered sce-
narios where robots received requests that were simultane-
ously violating both norms and capacity constraints, system-
atically varying the degrees of violation in these human re-
quests. We then measured the effects of these variations on
participants’ response selections.

Our results suggest that robots should consistently incor-
porate norm related information when rejection commands.
However, participants were split on the importance of in-
cluding capacity information. While some may view the in-
clusion of this additional information as a potential way to
undercut communications of norm information, others ap-
preciated the extra detail, which helped in further deterring
unethical commands. Overall, these findings underscore the
need for roboticists to reason about norm and capacity infor-
mation in fundamentally different ways.
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