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Figure 1: Left: Study 1 examines how perceived fairness of a Nao robot’s behavior evolves during a competitive game where the Nao distributes
support between a human and another robot, called Shutter. Right: Study 2 explores perceived fairness of a Shutter robot’s behavior when
expectations of the robot’s support between two people are aligned or misaligned. In this case, each participant has independent goals.

Abstract

Fairness is critical for collaboration between humans, and recent
research has shown its importance in human-robot collaboration.
However, most human-robot interaction (HRI) studies probe fair-
ness judgments toward a robot only at the conclusion of an inter-
action, overlooking the fact that perceptions of fairness can evolve
over time. We present two studies of dynamic fairness that both
leverage a Multiplayer Space Invaders game, where a robot con-
trols a spaceship and distributes support across players’ sides of
the screen. The robot’s support is at times biased in favor of one
player or the other. In the first study, we examine how fairness
perceptions are influenced by the timing of a robot’s biased support
(early vs. late in the interaction) and the beneficiary of this support
(the participant vs. another agent). In the second study, we inves-
tigate how expectations of a robot’s support behavior (biased vs.
unbiased) interact with its actual behavior (biased vs. unbiased) in
a setting where two participants each worked to score an individ-
ual score threshold. We find that fairness judgments are dynamic:
fairness falls after the robot’s allocation of support becomes biased
but is slower to recover once support becomes unbiased, and par-
ticipants expecting unbiased behavior judge fairness more harshly
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when these expectations are violated. Our findings advance under-
standing of fairness in HRI by presenting it as a dynamic construct
shaped not only by the actual behavior of the robot but also by the
timing of robot actions and expectations of robot behavior.
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1 Introduction

The rapid inclusion of robots into social settings, like hospitals [66]
or factories [55], has placed them in roles where their decisions can
disproportionately affect people, creating increasing pressure to
ensure robot decisions are perceived as fair. Scenarios such as care-
giving robots disproportionately distributing their support among
patients [66] and factory robots scheduling tasks unevenly across
human workers [55] demonstrate that robots can promote differ-
ential treatment between people and trigger fairness judgments.
Within Human-Robot Interaction (HRI), fairness is typically studied
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as a static construct, measured only at the conclusion of an interac-
tion [16, 27]. Unfortunately, such an approach overlooks the fact
that fairness in human-human interactions is dynamic in response
to both new information and past judgments [37].

In this work, we present two studies that examine how fair-
ness perceptions vary over time during multi-party human-robot
interactions in two different HRI scenarios (Fig. 1). In the first
study, participants are playing a multi-player Space Invaders game
competitively against a robot to achieve the highest score, while
another robot plays a supporting role and provides potentially un-
equal amounts of support to either player. In the second study, two
participants play a similar game, but each player can independently
win or lose depending on how many points they score, and a robot
provides potentially unequal amounts of support. In both studies,
we measured perceived fairness at different times during the game
in order to analyze how the robot’s policy of allocating support
dynamically influences fairness judgments over time. We manipu-
lated the robot’s policy both between participants and dynamically
during the interaction. Some policies supported both players evenly
while others biased support in favor of one player over the other.
The goal was to understand how the timing of biased support, the
beneficiary of this biased support, and expectations of how the
robot will allocate support in the future influence how fairness
perceptions change over time.

Our work makes three primary contributions. First, to our knowl-
edge, we are the first to explore how perceptions of fairness can
change over the course of a situated interaction with a robot. Sec-
ond, we analyze how expectations over robot behavior change
over time and interact with observed robot behavior to shape fair-
ness. Finally, we publicly release our data to facilitate a shift from
post-experiment measures to modeling the evolution of fairness
perceptions over an interaction.! A better understanding of the
dynamics of fairness during interactions with robots informs future
work towards robots that can anticipate and plan for perceptions
of fairness to more effectively interact with groups of people.

2 Related Works

Fairness in HRI. Human responses to perceived unfairness in
robots have been shown to be intense and can be emotionally
charged [3, 13, 14, 18, 47, 61]. Broadly speaking, this response is
driven by the context of the unfair situation and how the robot
behaves [3]. For instance, an encounter with a cheating robot led in-
dividuals to calibrate their engagement levels and examine whether
such conduct was a malfunction or a calculated decision [47, 61].
Moreover, the consequences of a robot behaving unfairly extend to
the social dynamics that enable collaboration. For example, prior
work has explored how the feelings of exclusion and ostracism
brought about by a robot can influence how humans behave with
one another [12, 19, 21, 22, 33]. In cases where a robot was biased
towards an individual or group, humans exhibited antisocial be-
haviors such as directing bias toward others [33] or reported lower
levels of closeness and belonging within the group [17, 19]. Other
studies suggest that people tend to perceive less trust [16] toward
a robot when they experience this type of biased behavior.
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Robots possess the capability to operate in both private and pub-
lic spheres [40-42], engaging directly with individuals and groups
[58], which can lead to evolving tasks over time. This dynamic
nature of robotics introduces risks in relation to fairness [36], such
as potential physical harm stemming from a self-driving car’s fail-
ure to detect darker-skinned individuals [64]. Furthermore, the
context-sensitive aspect of robotic tasks affects the perception and
implementation of fairness. In certain scenarios, an equal distribu-
tion of resources by robots may be desired [32], whereas in other
contexts, a strategy that considers individual contributions and
needs could be more equitable [51].

Building on these challenges, a recent line of work has focused
on enabling robots to make fair decisions [7, 13, 14, 16, 61]. This has
often been studied in HRI from a distributional perspective, where
robots decide how to allocate different forms of resources—such as
gaze [53], attention [62], or artifacts [38]—across interactants. The
emphasis on fair allocation stems from the fact that humans are
sensitive to relative distributions of outcomes [1] and adjust their
behavior according to whether they feel fairly treated [5]. Prior
work on fairness in HRI has been largely limited to studies involv-
ing agents on screens [14, 17] or vignette studies [2-4, 18]. Since
embodiment adds social cues, like perceived agency, that influence
fairness [18, 63], we used physical robots that continuously moved
and conversed in our studies.

Human Expectations through the lens of Expectancy Viola-
tions Theory. According to Expectancy Violation Theory (EVT),
expectations are enduring beliefs about how others will behave
[8]. These expectations help in reducing uncertainty during social
interactions by providing a baseline for predicting and interpreting
behavior. They are shaped both by social norms and by individ-
ualized knowledge about a specific person [9]. EVT posits that
violations of expectation trigger more deliberate appraisals of both
the action itself and the individual who performed it. Negative
violations can occur when an action is unexpectedly harmful or un-
favorable, typically eliciting strong negative reactions. In contrast,
positive violations arise when an action exceeds expectations in a
favorable way, often leading to more positive evaluations. EVT has
been widely applied as a lens to understand how humans interpret
and evaluate others’ actions in light of these expectations. This
includes patterns of social distancing and nonverbal behavior [8],
and has more recently been extended to contexts involving robots.

It is well established in HRI that humans perceive robots as social
actors and that humans may hold expectations for them [23], e.g.,
to follow social norms [3, 30, 52], even extending to moral norms
[18, 61]. Similar to human-human contexts, when robots commit
norm violations such as cheating [61], lying [56], or acting in a
biased manner [54], people tend to respond with strong negative
reactions. Yet, a robot’s design and perceived capabilities can shape
these responses in ways that differ from human-human interac-
tions [44]. For example, a robot that cheats may be perceived as
more intelligent than a human who cheats [63], and a highly capable
robot can elicit stronger fairness judgments than one that is simply
following a fixed program [18]. Expectation Violation Theory offers
a useful lens for understanding these dynamics. When people ex-
pect a robot to behave negatively but it instead acts positively, the
outcome can generate stronger positive responses than if the robot
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had simply behaved positively from the start. Conversely, when
people expect positive behavior but experience negative behavior,
the resulting responses are especially strong [35]. Building on these
ideas, our work expands our understanding of human expectations
toward robots in relation to fairness.

3 Study 1: Competitive Scenario

We sought to evaluate how fairness perceptions toward a robot
evolve over time in a competitive Space Invaders game, where a
human player competed for highest score against a robot-controlled
player while another robot provided in-game support. The exper-
imental setup builds on prior uses of Space Invaders as a flexible
research platform in psychology [48], artificial intelligence [34],
and human-robot interaction [10, 11, 45]. This study was approved
by our local Institutional Review Board (IRB).

3.1 Hypotheses

Our research in this first study was driven by two hypotheses. Our
first hypothesis examines how the timing of a robot’s actions shapes
fairness perceptions during an interaction. Research in psychology
shows that variability in treatment can trigger shifts in fairness
judgments across time [37, 49]. In particular, Jones et al. [37] pro-
pose that fairness judgments are dynamic, updating as individuals
interpret new events against their prior expectations. When treat-
ment is consistent, perceptions and expectations tend to stabilize,
but when treatment becomes biased unexpectedly, people engage in
sense-making that can sharply lower fairness perceptions. Drawing
on this dynamic model of fairness, we test whether the timing of
biased treatment matters for fairness judgments.

H1. Timing of Biased Treatment on Fairness Judgments. Bi-
ased distribution of help by a robot will result in lower momentary
perceptions of fairness in comparison to a more equal distribution
of help during the Space Invaders game.

Our second hypothesis seeks to understand how the beneficiary
of biased actions impacts fairness judgments. When people perceive
that a robot’s allocation behavior is biased and goes against cooper-
ative norms, they tend to elicit strong negative fairness responses
[38]. Findings from organizational psychology suggest similar pat-
terns in human-human interactions: people are highly sensitive
to distributive justice and relative treatment [1, 29], and may even
act against their own self-interest to punish unfair behavior [25].
This body of work highlights that fairness perceptions are not only
about outcomes, but about adherence to social norms of equity and
justice. Extending this to HRI, we hypothesize:

H2. Beneficiary of Biased Action on Fairness Judgments. In-
dividuals who do not benefit from a robot’s biased actions will
have stronger negative fairness judgments compared to those who
observe others benefiting from the biased action.

3.2 Methods

We adapted the Space Invaders platform from Candon et al. [10]
to support multi-player interactions. Our version of Multiplayer
Space Invaders employs spaceships each controlled by one of three
players: the human participant, the Nao robot [28], and the Shutter
robot [2, 46]. We chose to use a robot as the competitor against the
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participant because preliminary pilot tests highlighted challenges
in maintaining consistency across sessions with a human competi-
tor. The enemies in the game are represented as alien spaceships
organized into two distinct clusters on the left and right side of
the display, as in Fig. 1 (Left). We chose this platform because it
captures a common HRI scenario where a robot must decide how
to distribute resources [16, 38, 60], and builds on prior work using
similar designs to study helping behavior [10, 11, 45].

The participant and Shutter competed to eliminate enemies on
their respective sides, while Nao acted as a support player that could
contribute to either player’s score. Enemies respawned continu-
ously until the two-minute game ended, and a visual lead marker
highlighted the player with the higher score.

3.3 Procedure

Fig. 2 shows the sequence of events that took place in the study.
Participants were first introduced to the robots and informed that
they would be compensated US$10 for their participation. They
were also told that they would get a bonus US$1 for each of the 3
game rounds in which they got a higher score than Shutter.

After a brief 15 second practice round of the Space Invaders
game, the experimenter left the room and participants completed
the first 2-minute game round with Nao and Shutter. Afterward, the
experimenter returned and asked the participant to review a video
of their last game on a nearby computer. The video stopped at 5, 60,
and 119 seconds to allow participants to answer survey questions
about their perceptions of Nao and their closeness to the robots.
This self-annotation procedure was adapted from Zhang et al. [67]
in order to balance reducing memory burdens while also minimizing
disruption to gameplay with the robots. Upon completing all three
game rounds and corresponding video surveys, participants were
given a final survey with questions about their overall experience.

Timing of Biased Actions. During the first game round, Nao
switched its support equally between both players after eliminating
10 enemies on a given side of the screen. During game rounds 2
and 3, Nao distributed its help unequally toward the players. In
one game round, Nao biased its support early, favoring one player
during the first half (1 min) and providing equal support thereafter;
in the other game round, Nao biased its support late, equalizing
support first and favoring one player in the second half. The order
of the early and late biased actions was counterbalanced to reduce
potential ordering effects.

Beneficiary of Biased Action. Participants were randomly as-
signed to a condition in which either they or Shutter benefited from
Nao’s biased support during game rounds 2 and 3 (as illustrated in
Fig. 2). Nao’s support was biased toward the same player for both
the early and late unequal support games.

Momentary Fairness Perceptions. We measured Fairness using
video self-annotations, where we asked the participants to rate how
much they agreed with the statement: “Nao’s support towards me
was fair” on a 5-point Likert scale (1 being “strongly disagree” and 5
being “strongly agree”). Similar single-item fairness measures have
been used in prior HRI fairness research [4, 16] as well as estab-
lished psychology work on fairness [65]. However, our question
was presented to participants at the beginning, middle, and end
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Figure 2: Timeline of Study 1. Half of participants experienced Nao biasing its support in favor of Shutter (shown above), while the other half
experienced Nao biasing its support in their favor. Further details are provided in Section 3.3.

points of a game video to help recall momentary fairness percep-
tions. More specifically, the participants were asked to consider
gameplay up to each of these three points in time when providing
the annotations.

Participants. We recruited 40 participants from our local popula-
tion, which included 19 who identified as female, 19 as male, 1 as
nonbinary, and 1 preferred not to disclose their gender.

3.4 Results

We analyzed participants’ self-annotation responses with linear
mixed models predicting Fairness. We employed two separate mod-
els, fitted with Restricted Maximum Likelihood (REML), as the
Always Equal condition inherently does not have a beneficiary,
making it conceptually distinct from the Early Bias and Late Bias
conditions. For the first model we included as main effects the Bias
Timing of when Nao’s support was biased (Always Equal, Early Bias,
Late Bias), Evaluation Time (Beginning, Middle, End), and Order in
which participants experienced different Bias Timing (Early Bias
First, Late Bias First). Participant ID was modeled as a random effect.
The second model was similar except that it included Beneficiary
of Nao’s biased support (Shutter or Participant) and only focused
on the biased support behaviors (Early Bias and Late Bias).

Manipulation Check. We confirmed that the participants were
aware of the level of support they received from Nao through a
survey question after each game round: “Reflecting on the recently
completed round, please rate your perception of the relative support
that Nao provided to you and Shutter. Choose the statement that
best aligns with your experience” Participants responded on a 5-
point Likert scale, with 1 being “Nao provided significantly less
support to me than Shutter” and 5 being “Nao provided significantly
more support to me than Shutter” We analyzed the ratings with
a linear mixed model with Beneficiary, Bias Timing, and Order as
main effects and Participant ID as a random effect.

We found a significant difference in the relative support ratings
by Beneficiary, F[1,36] = 953.3, p < .0001. Participants who bene-
fited from biased support correctly perceived that Nao supported
them more than Shutter (M = 4.15, SE = .15) compared to partici-
pants who saw Shutter benefit from biased support (M = 1.81, SE =
.15,p < .0001). This suggested that our manipulation worked as
intended.
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Figure 3: Average ratings for perceived fairness depending on when
biased support occurred (left) and who benefited from the biased
action (right). Error bars are standard error.

Timing of Biased Treatment on Fairness Judgments. We found
evidence for H1. Using the first model, analyses of Fairness percep-
tions revealed significant effects of both Bias Timing (F[2,308] =
25.17, p < .0001) and Evaluation Time (F[2,308] = 5.02, p = .007).
Fig. 3 visualizes these trends in fairness over time. We used Tukey’s
HSD test for post hoc analyses. Overall, participants perceived the
robot’s behavior as more fair in the Always Equal condition (M =
3.35,SE = .12) than in Early Bias (M = 2.34,SE = .12,p < .0001)
or Late Bias (M = 2.63,SE = .12,p < .0001). Fairness also tended to
decline over the course of a game round, with end-of-round ratings
(M =2.51,SE = .11) lower than at the beginning (M = 2.94, SE =
11,p < .009) or middle (M =2.87,SE = .11,p < .04).

These effects did not operate independently. A significant Bias
Timing X Evaluation Time interaction emerged, F[4,308] = 10.44,
p < .0001, indicating that the trajectory of fairness perceptions de-
pended on when biased support occurred (Figure 3). In the Always
Equal condition, ratings remained stable across time. By contrast,
in the Early Bias condition, fairness dropped sharply from the be-
ginning (M = 2.88,SE = .19) to the middle (M = 1.92,SE = .19,p =
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.005) of the game round, before partially recovering by the end
(M = 2.22,SE = .19,p = .95). In Late Bias, ratings started rela-
tively high at the beginning (M = 2.82,SE = .19) to the middle
(M =3.25,SE = .19, p = .73) but declined steeply from the middle
to the end (M = 1.82,SE = .19, p < .0001). This pattern supports
our hypothesis (H1) that biased support from a robot would reduce
perceptions of fairness compared to unbiased equal support, and
further demonstrates that fairness judgments evolve dynamically
depending on when in the interaction the biased behavior occurs.

Beneficiary of Biased Action on Fairness Judgments. We
did not find evidence to support H2. Using the second model, we
expected perceptions of fairness to be impacted by whether the par-
ticipants or Shutter benefited from Nao’s biased actions. However,
our analysis did not find any interaction effects nor a significant
main effect for Beneficiary (F[1,36] = 2.80, p = .10).

3.5 Discussion

For our first research hypothesis (H1), we investigated how per-
ceptions of fairness change over time given biased actions from a
robot, either early or late in the interaction. Our results support
H1 and show that perceptions of fairness decline early on when
biased support is introduced at the beginning and drop later when
biased support comes toward the end. These findings are in line
with recent work exploring fairness in Al algorithms [17, 20] and
organizational psychology [37], which have suggested that fairness
perceptions can update over time. Moreover, our findings align
with research indicating that inconsistencies in treatment can lead
to reduced perceptions of fairness [49]. Notably, when a robot pro-
vided biased support early in a Space Invaders game, perceived
fairness of the robot did not recover after the robot returned to sup-
porting both players equally. It would be interesting to explore this
phenomenon in the future over longer human-robot interactions.

Our second hypothesis (H2) posited that participants would
perceive the Nao’s biased behavior as less fair when Shutter was
the beneficiary, compared to when they themselves received more
support. We did not find support for H2, which could be in part due
to the fact that resources are being allocated between the participant
and a robot, rather than the participant and another person. Prior
literature on self-serving bias suggests that individuals typically
view outcomes favoring themselves more leniently [50]. However,
this effect may be dampened when the other agent is not perceived
as a legitimate competitor for resources.

4 Study 2: Independent Goal Scenario

Study 2 examined whether the dynamics of fairness judgments
from Study 1 generalize to a different interaction context. Using the
Multiplayer Space Invaders game, we introduced four key changes.
First, instead of competing against a robot, participants played side-
by-side with another human. Second, each participant was given
an individual goal of reaching a score threshold (resulting in a $2
bonus). A Shutter robot controlled the support ship, distributing
assistance between players in a way that mirrors real-world con-
texts such as warehouse logistics (where workers pursue individual
quotas while sharing robotic support) or healthcare (where nurses
manage separate patient loads while drawing on the same service
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robot). In such settings, people are not directly competing, yet per-
ceptions of fairness still hinge on how shared robotic resources are
allocated. Third, instead of always beginning with equal support,
the initial support policy that the robot used was varied to probe
how human expectations over robot behavior shape fairness judg-
ments over time. Finally, Study 2 measured fairness in situ during
pauses after 1-minute segments of a 3-minute game, preventing
future gameplay from influencing judgments. Study 2 was approved
by our local Institutional Review Board.

4.1 Hypotheses

Study 1 highlighted an open question about what expectations
participants formed regarding the robot’s support behavior and
how that carried over to their fairness judgments during the game,
given that they always first observed equal distribution.

In HRI, human expectations play a critical role in shaping col-
laboration by providing predictability and guiding judgments of
robot behavior. Expectancy Violations Theory [8] has been applied
to HRI to explain how humans respond when robots meet, exceed,
or violate expectations [35]. EVT holds that people update their
expectations over time, and work in HRI shows that humans ad-
just their mental models of robot capabilities through observation
[44], though capability-related expectations may remain stable even
across repeated interactions [57]. However, while EVT has been
used to study concepts related to cooperation such as trust [24], it
remains unclear how these expectations impact fairness judgments.

To study the impact of expectations toward a robot on fairness
judgments, we designed the study such that it would have two
phases. In the first phase (Introduction to Gameplay), the participants
were introduced to the Space Invaders game and practiced playing.
This phase served to influence participants’ mental model of the
robot, inducing varied expectations for its subsequent behavior.
In the second phase (Joint Gameplay), the participants played the
game with another human and Shutter. This phase served to study
fairness perceptions over time, which we measured at two points
during gameplay and at the end of the game. This resulted in three
momentary evaluations of the robot’s fairness.

For Study 2, we analyzed the policies in terms of whether the
robot was “biased" and explicitly favored one player over the other
without justification, versus policies that were “unbiased” and con-
sidered both players equally. This binary grouping of policies en-
abled jointly analyzing with a linear mixed model with 4 variables:
the primed policy during Introduction to Gameplay, the policy dur-
ing joint Gameplay, participants’ expectations of the robot’s up-
coming policy, and time. We included multiple biased and unbiased
policies to strengthen the generalizability of our analysis of policy
bias and to facilitate future work on predictive models of perceived
fairness. We thus proposed the following hypotheses:

H3. Biased Support Policies on Fairness Judgments. Let the
robot’s support policy during the Joint Gameplay phase be called
the robot’s Joint Policy. Then, H3 posits that perceptions of the
fairness of the robot will be lower when the robot follows a biased
Joint Policy compared to an unbiased Joint Policy.

H4a. Expectations of Unbiased Robot Policy on Fairness Judg-
ments. When participants expect the robot to follow an unbiased
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Table 1: (Study 2) Shutter Support Policies

Policy Description
Support Equally Alternate support between players, switching
(Unbiased) sides after 15 seconds.

Support Weaker Support the player lagging by at least 50

(Unbiased) points. If scores are within 50, idle.
Biased to Me Support the participant for 50 seconds out
(Biased) of each minute.
Biased to Other Support the other player for 50 seconds out
(Biased) of each minute.

Joint Policy, fairness judgments will be higher if the robot behaves
unbiasedly (alignment) and lower if it behaves with bias (violation).

H4b. Expectations of Biased Robot Policy on Fairness Judg-
ments . When participants expect the robot to follow a biased Joint
Policy, fairness judgments will remain low if the robot behaves with
bias (alignment), but will increase if the robot behaves unbiasedly.

4.2 Procedure

A study session had two main phases, one for getting the partici-
pants familiar with the game and one for studying our hypotheses.

Phase 1: Introduction to Gameplay. Shutter explained the game
rules and controls, and participants were assigned to stand on the
left or right side of the robot for the remainder of the experiment.
One participant then left the room while the other completed an
introduction consisting of a practice round and a simulated round
with Shutter and a pre-programmed Al player, mirroring Study 1.
This procedure was repeated for the second participant.

Phase 2: Joint Gameplay. After completing Introduction to Game-
play, both participants were instructed to stand on their previously
assigned sides and informed that they would be playing alongside
each other while Shutter acted as a support player. To provide ad-
ditional motivation, participants were told they would receive a $2
bonus if their individual score reached 1350 points. During joint
Gameplay, Shutter enacted the policy observed by one of the partic-
ipants during Introduction to Gameplay. As a result, one participant
encounters the same policy they saw previously, while the other par-
ticipant encounters a different unfamiliar policy. Gameplay lasted
3 minutes, but the game was paused after each minute to allow
participants to answer survey questions on a tablet. Participants’
scores and the state of the game persisted after each pause.

Shutter’s Support Policy: We developed Shutter’s support poli-
cies through a series of pilots where we asked participants which
policies they would expect the robot to follow. The support poli-
cies are described in Table 1. Shutter verbally explained its support
policy before the game began during both Introduction to Game-
play and Joint Gameplay. To make its actions transparent, Shutter
verbally announced when it shifted support from one side of the
screen to the other and stated the reason for that shift based on
its policy. During Introduction to Gameplay, each participant was
exposed to a different policy, which shaped their expectations about
how Shutter would behave in future gameplay.

103

Claure and Narcomey at al.

Fairness: We measured participants’ perceptions of fairness by ask-
ing “Rate the robot’s actions toward you using the provided scale”
on a 5-point Likert scale (1 being “very unfair” and 5 being “very
fair”). This question was presented to participants at the beginning,
middle, and end points of the game.

Expectations of Robot Behavior: We also measured participants’
expectations using a multiple-choice question that asked which
policy they predicted the robot will enact (“Pick the option that
most aligns with how you think the robot will behave in the next
game”), with response options shown in Table 1.

Participants: We recruited 36 (N = 72) pairs of participants to
interact with Shutter and play Space Invaders all together. To ac-
count for order effects, we balanced participants exposure to the
robot policies shown during the Introduction to Gameplay and Joint
Gameplay. Each policy appeared during joint Gameplay in an equal
number of groups and appeared during Introduction to Gameplay for
an equal number of participants. Participants (31 women, 41 men,
1 nonbinary) provided informed consent under local IRB approval.

4.3 Results

Manipulation Check. We conducted two manipulation checks to
ensure that participants both recognized the robot’s actual policy
and formed expectations based on the introduction policy. First,
after Introduction to Gameplay, and again at each pause in joint
Gameplay, participants were asked: “Based on the game [you just ex-
perienced/so far], how did the robot behave?” Participants selected
their answer from the same set of policies used in the Expectations
of Robot Behavior question. A chi-square test of independence re-
vealed a strong association between the actual policy shown and
participants’ reported policy, y*(9, N = 288) = 574.34,p < .001.
Overall, 85.8% of participants correctly identified the policy, indi-
cating that the manipulation was successful.

Second, we tested whether the policy participants observed dur-
ing the Introduction to Gameplay influenced their expectations of the
robot’s behavior in the Joint Gameplay, y*(3, N = 72) =30.99, p <
.0001. Most participants expected Support Equally when introduced
to Support Equally (83%) and expected Support Weaker when they
observed that policy (83%). By contrast, participants rarely expected
Biased To Me (6%) and showed only moderate alignment with Biased
To Other (39%). This suggests the manipulation was successful in the
equal and lagging conditions but weaker in the biased conditions.

Biased Support Policies on Fairness Judgments. We analyzed
fairness ratings using a linear mixed-effects model estimated with
Restricted Maximum Likelihood (REML). Fixed effects included
Joint Policy Bias (whether the robot’s policy in the Introduction to
Gameplay was biased), Expecting Bias (whether the policy in the
Joint Gameplay was biased), and Evaluation Time (Beginning, Mid-
dle, End). We specified all two-way and three-way interaction terms
between these fixed effects, as each are relevant to our hypotheses.
To account for repeated measures, Participant ID was modeled as a
random effect nested within Group ID. All post-hoc analyses used
Tukey’s HSD test. For the sake of interpretable analysis of interac-
tion effects, we report all significant pairwise differences in which
only one variable changes value, and we also include marginal and
non-significant effects that are relevant to our analysis.
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Fairness Over Time, by Joint Policy Bias
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Figure 4: (Study 2) Average Fairness ratings over time, where time
is represented as sequential evaluations during pauses in gameplay.

We found evidence to support H3. There was a significant main
effect of Joint Policy Bias (F(1,90.9) = 9.73,p = 0.0024): partici-
pants exposed to biased policies rated the robot as significantly less
fair (M = 2.87,SE = 0.19) than those exposed to unbiased policies
(M =3.71,SE = 0.19). We also observed a significant main effect
of Evaluation Time (F(2,140.2) = 4.89, p = 0.0088), with fairness
judgments declining between each evaluation. Ratings in the End
(M = 3.01,SE = 0.17) were significantly lower than in the Begin-
ning (M = 3.49,SE = 0.16, p = 0.0073), but not significantly lower
compared to Middle (M = 3.37,SE = 0.17, p = 0.088). Importantly,
the Evaluation Time X joint Policy Bias interaction was also sig-
nificant (F(2, 140.2) = 3.32, p = .039), which we visualize in Fig. 4.
Specifically, when participants experienced a biased support pol-
icy, fairness ratings dropped significantly (p = 0.034) between the
Middle (M = 3.17,SE = 0.25) and End (M = 2.38,SE = 0.24),
as well as between Beginning (M = 3.05,SE = 0.22) and End
(M = 2.383,SE = 0.24,p = 0.049). Additionally, biased policies
at the Beginning (M = 3.05, SE = 0.22) were judged as marginally
less fair (p = 0.064) than unbiased policies at the same time (M =
3.93, SE = 0.23), and biased policies at the End (M = 2.38, SE = 0.24)
were likewise judged as significantly less fair (p = 0.0027) than
unbiased policies at the End (M =3.64, SE =0.23).

Expectations of Robot Policy on Fairness Judgments. The End
evaluation is distinct because participants had just observed the
game’s outcome and the robot’s announcement of whether each
player earned the bonus payment. Significant effects involving the
End in part reflect the influence of outcome knowledge on fairness
judgments. In Study 1, outcome knowledge was constant because
fairness ratings were collected only after the game ended.

In order to take outcome knowledge into account in analyz-
ing the role of expectations, we replaced Evaluation Time (Begin-
ning, Middle, End) with Outcome Known (Known vs. Unknown)
and re-estimated the linear model, which lead to evidence sup-
porting hypothesis 4a but not 4b. We found a significant joint
Policy Bias effect (F[1,92.6] = 12.72,p = 0.0006) showing that
those who observed biased policies (M = 2.72,SE = 0.19) had
significantly lower fairness ratings than those who observed un-
biased policies (M = 3.69, SE = 0.20). We also found a significant
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Fairness Over Time, by Policy Bias and Expectations
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Figure 5: (Study 2) Average Fairness ratings over time (outcome
known versus unknown), by robot Joint Policy and Expecting Bias.

Outcome Known effect (F[1,142.5] = 8.64,p = 0.0038) demon-
strating that fairness ratings were significantly lower when the
outcome was known (M = 3.01,SE = 0.17) compared to when
the outcome was not yet known (M = 3.40, SE = 0.14). We also
found a significant interaction between Outcome Known and Joint
Policy Bias (F[1,142.5] = 4.45,p = 0.037). When the outcome
was unknown, biased policies were judged marginally less fair
(M = 3.05,SE = 0.18) than unbiased policies (M = 3.75,SE =
0.20,p = 0.057). A similar pattern held when the outcome was
known, with biased policies producing significantly lower fairness
ratings (M = 2.39,SE = 0.24, p = 0.0013) than unbiased policies
(M = 3.64, SE = 0.23). Additionally, when the policy was biased,
fairness ratings were significantly higher when the outcome was
unknown (M = 3.05,SE = 0.18, p = 0.0030) compared to when the
outcome was known (M = 2.39, SE = 0.24). Finally, we observed
a significant three-way interaction among Outcome Known, Joint
Policy Bias, and Expecting Bias (F[1, 147.8] = 5.01, p = 0.027), which
we visualize in Fig. 5. In cases where the outcome was known and
participants expected an unbiased policy, a biased joint policy led to
significantly lower fairness ratings (M = 2.11, SE = 0.38, p = 0.0021)
than an unbiased policy (M = 3.85, SE = 0.21). When outcome was
known and participants expected a biased policy, biased joint policy
led to fairness ratings (M = 2.66SE = 0.20) that were not signifi-
cantly different (p =0.18) than unbiased policy (M =3.43, SE =0.36).

4.4 Discussion

Our results modeling time as the 3-way Evaluation Time variable
confirm our hypothesis (H3) and strengthen findings from Study
1, as fairness was significantly lower for biased policies compared
to unbiased policies, which is consistent with organizational psy-
chology research on distributive justice [26]. Biased policies were
judged as marginally less fair after the initial evaluation, with fair-
ness declining significantly over time (between the initial and final
evaluation, and between the middle and final evaluation) and end-
ing significantly below unbiased policies.

The unique dynamics of the final evaluation motivated our anal-
ysis replacing the 3-way Evaluation Time variable with a binary
Outcome Known. Both models showed that biased policies lead



HRI "26, March 16-19, 2026, Edinburgh, Scotland, UK

to significantly lower fairness than unbiased policies. Mirroring
the model with 3-way Evaluation Time, biased policies showed
marginally lower fairness than unbiased policies before the out-
come was known and significantly lower after it was known to
participants. Further, for biased policies, both models showed sig-
nificantly lower fairness at the end of the game when the outcome
was revealed compared to previous evaluations.

Modeling by Outcome Known led to a significant interaction
involving expectations, which partially confirmed our hypothesis
(H4) that robot policies would be judged through the lens of partici-
pants’ expectations. In line with 4a, when participants expected an
unbiased policy in the final evaluation, just after learning whether
who won, they judged the robot’s actions as significantly less fair
if the policy was biased than if it was unbiased. This finding is
consistent with EVT, which holds that violations of unbiased ex-
pectations amplify negative evaluations. H4b was not supported:
when participants expected a biased policy, fairness ratings did not
differ significantly between biased and unbiased policies.

5 Limitations

Our work has limitations that point to interesting future research
directions. One challenge in analyzing expectations about robot
behavior and their role in perceived fairness is that the expecta-
tions are not directly manipulable; they can only be influenced by
manipulating robot behavior. Our results in Study 2 show that it
is much easier to induce expectations of unbiased behavior than
biased behavior. In the future, it would be interesting to explore
alternative ways to influence humans expectations towards a robot,
e.g., by having people interact with the robot for longer than was
possible in Study 2.

Additionally, deciding precisely when to evaluate fairness is an
important decision. Overly sparse evaluation can miss momentary
changes in fairness, while frequent pauses disrupt the flow of the
interaction. In Study 1, we used self-annotation methods [67] to
gather fairness perceptions. Such video self-annotations can reduce
disruptions, but leave participants with knowledge of what hap-
pened next after the moments they are annotating. In Study 2, we
instead paused the Space Invaders game and asked participants
what they thought of the robot in-situ. We found that knowledge
of the ultimate outcome of the game after playing the last segment
significantly affected perceived fairness of robot actions. Collec-
tively, Study 1 and Study 2 highlight the difficulty and importance
of balancing knowledge of future outcomes with maintaining the
flow of an interaction.

Finally, we used a single-item survey to measure fairness per-
ceptions in our studies. Future work should consider developing
multi-item survey instruments to measure perceived fairness in
HRI. This could improve the reliability and validity of the measure-
ments. It would also be interesting to explore behavioral measures
of perceived fairness.

6 Conclusion

We studied fairness in HRI. Specifically, we conducted two studies
where a robot allocated support in the Multiplayer Space Invaders
game either in a biased manner, disproportionately benefiting one
agent, or in an unbiased manner that treated each participant
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equally. We studied two distinct scenarios: one was competitive,
and one had independent goals for each participant to achieve.

Our findings have important implications for how we study and
model fairness in Human-Robot Interaction the future. First, our
studies are the first to provide evidence that fairness is a dynamic
construct in HRI (H1, H3). Prior HRI research has largely treated
fairness as a static outcome, measured only at the conclusion of
an interaction [61]. By contrast, our results show that fairness
evolves and is shaped by both context and interaction dynamics.
Conceptualizing fairness as dynamic is particularly valuable in
settings where robots must make repeated decisions about how to
distribute resources [39], allocate attention [53], or provide support
[6]. Moreover, just as trust has been effectively studied and modeled
as a dynamic construct [15, 31], bringing significant advantages
such as predicting breakdowns [43] or enabling repair strategies
[59], our findings open the door for similar dynamic models that
can capture how people update their evaluations of robot behavior
across an interaction.

Second, we expected the beneficiary of the robot’s help to affect
fairness perceptions; but in Study 1, we did not observe signifi-
cant differences in fairness responses depending on whether the
participant or another robot, Shutter, was the beneficiary of Nao’s
distribution of support (H2). This may be because the social norms
surrounding unfair benefits can differ when the disadvantaged
party is another robot [4]. In the future, it would be interesting to
develop fairness frameworks in HRI that account for the type of
agent involved, rather than simply assuming human-human norms
apply directly in human-robot interactions.

Third, Study 2 provided partial support for the idea that expecta-
tions about robot behavior interact with observed behavior to shape
fairness judgments. Consistent with Expectancy Violations Theory
(EVT) [8], fairness penalties for biased versus unbiased behavior
were strongest when participants expected unbiased actions, where
bias constituted a violation. In contrast, when participants expected
biased behavior, robot bias did not meaningfully affect fairness
judgments. For HRI, this emphasizes the need for further insights
into how expectations drive fairness judgments across contexts and
a need for designing systems that can predict and manage human
expectations. This is critical for robots intended to work alongside
humans, as the ability to anticipate and manage expectations will
be crucial to predicting fairness perceptions, maintaining safety,
sustaining trust, and supporting efficient collaboration.
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