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Abstract

This research examined user perceptions regarding the concept of "knowledge" in robotic systems and how this
conceptualization diverges from perspectives on human knowledge. Utilizing the Justified True Belief (JTB) framework
of epistemology, three experiments were executed to ascertain whether individuals apply identical criteria to a robot's
epistemic states as they do to a human's. In Experiment 1, a Gettier-style scenario was presented to participants; their
subsequent responses demonstrated that the prerequisites for attributing knowledge vary significantly between human
and robotic agents. Experiment 2 investigated the precise threshold at which information is categorized as
"knowledge," indicating that users demand a higher degree of direct verification from robots than from humans.
Experiment 3 analyzed how these underlying beliefs regarding robotic knowledge, as mapped in Experiments 1 and 2,
affect the moral assessments made by users. The findings indicated that when acting as an accomplice to an offense,
a robot was assigned less responsibility by users than a human accomplice. Collectively, these outcomes imply that
users view a robot's knowledge as rigid, dependent upon direct perception, and inherently distinct from human
cognition and inference. These insights offer valuable implications for designing human—robot interaction (HRI)
systems, as comprehending user perceptions of robotic knowledge may be critical for fostering trust in future human—
robot collaboration.
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Introduction

The premise of this paper is that certain complications arising within human-robot interactions may stem from human
preconceptions regarding robots. Intellectual inquiry in this domain spans the fields of human-robot interaction (HRI) and
human-agent interaction (HAI). Presently, conversational robots are being integrated across numerous sectors of human
society [1-3]. Implementations in real-world contexts alongside foundational laboratory experiments have revealed that
the social emotions and capabilities users attribute to robots differ from those attributed to humans.

To illustrate, consider prior investigations into user evaluations of "robot reliability." Existing literature indicates that trust
toward robots is predominantly constituted by two dimensions: "performance" and "will" [4]. This structure fundamentally
mirrors the trust dynamics observed between human peers [5]. Conversely, it is well established that a solitary operational
failure can severely compromise user trust in a robot [6, 7]. This particular vulnerability represents a phenomenon unique
to robotic entities that is not typically mirrored in human interpersonal dynamics.
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Analyzing these distinct traits that users associate exclusively with robots is highly critical for human—robot collaboration
(HRC). Within HRC environments, it is vital that human operators can rely on their robotic counterparts. Achieving this
state requires not only advancing the technical performance of robots but also analyzing the nature of user impressions to
prevent the development of inflated expectations.

This practice is referred to as trust calibration [8]. Addressing trust calibration necessitates accounting for the dual nature
of user perceptions regarding humanoid robots. A substantial portion of users perceive robots—particularly those with
humanoid forms—not merely as mechanical tools, but as possesses of a certain degree of human-like consciousness
and autonomous agency [9-11]. Simultaneously, however, users do not view these machines as agents endowed with the
identical social capabilities and emotional depth found in humans. Consequently, from the user's perspective, robots
function simultaneously as machines and humans, yet strictly speaking, belong to neither category entirely. Workflows
within HRC must be designed with this cognitive duality in mind.

For instance, an issue tightly coupled with trust involves the "attribution of responsibility." Within the scope of this paper,
responsibility attribution denotes "the degree of accountability assigned to robots by users." Research indicates that an
agent's physical appearance influences the responsibility attributed to it by users when a collaborative task fails. Prior
studies demonstrate that users tend to ascribe greater responsibility to humanoid robots than to other varieties of agents
[12]. Furthermore, heightened perceptions of agency within a robot correlate with increased responsibility attribution [13].
Given these dynamics, what specific circumstances prompt users to hold robots accountable? Broadly speaking, human
agents are deemed responsible for outcomes they could have regulated or anticipated. Legal frameworks in numerous
jurisdictions penalize individuals not only for direct criminal execution but also for incitement or for neglecting precautions
against foreseeable accidents. These legal systems operate on the assumption that humans inherently comprehend the
ramifications of inciting offenses or failing to mitigate predictable hazards. Does this same principle extend to robotic
agents?

Naturally, contemporary legal frameworks do not recognize robots as entities capable of bearing legal accountability.
When an accident or incident involves a machine, legal liability is directed toward the human stakeholders involved, such
as developers, vendors, or operators [14, 15]. The focus of this paper is not on legal accountability in this formal sense,
but rather on the subjective sense of responsibility perceived by users. This "simple responsibility” plays a vital role in
interactive and collaborative environments. Defining the boundaries of responsibility that humans project onto robots
during joint tasks can safeguard against trust degradation when operational errors occur. How then can the appropriate
scope of responsibility for a robot be determined? To address this problem, this paper concentrates on "users' beliefs
about their knowledge of robots."”

Methodologies for enabling robots to acquire knowledge constitute an active area of research within domains such as
symbolic emergence robotics Taniguchi et al. [16]. However, the concept of "robot knowledge" examined in this study
does not pertain to data structurally acquired via algorithmic processing. Instead, this paper focuses exclusively on how
non-expert general users perceive "robot knowledge." To evaluate this, one must first examine how "human knowledge" is
conceptualized. A pivotal reference point in this regard is the famous philosophical thought experiment known as the
"Gettier problem." Introduced by Gettier in 1963 [17], this problem challenged the traditional definition of "knowledge." For
much of philosophical history, knowledge was defined as "justified true belief." Extended details regarding this framework
are provided in the "Experiment 1" section. The core assumption to establish here is that when humans evaluate whether
"a human possesses knowledge," they are presumed to operate under the JTB framework. If the criteria of JTB theory
are unmet, it is generally deduced that the subject lacks knowledge. Does this paradigm persist when the subject under
evaluation is a robot? Will users apply JTB criteria to robotic epistemic states, or do they perceive the architecture of a
robot's knowledge differently? Furthermore, how do these user assumptions regarding robots influence HRC? This
investigation addresses these core inquiries.

This paper presents the methodology and findings of three distinct experiments. Experiment 1 tests whether the JTB
framework applies to user-perceived robot knowledge. Building upon those initial outcomes, Experiment 2 clarifies the
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conditions under which "information"” transitions into "knowledge" for both human and robotic entities. This broadens the
analysis of robot knowledge from isolated instances to more generalized contexts. Finally, Experiment 3 evaluates how
the perceptual variances identified in Experiments 1 and 2 alter users' moral assessments and their attribution of
responsibility to robotic agents. Consequently, this triad of experiments forms a progressive line of inquiry: the core
components of knowledge (Experiment 1), the foundational conditions for establishing knowledge (Experiment 2), and the
corresponding ethical ramifications (Experiment 3).

Experiment 1
Material and method

In Experiment 1, an empirical scenario was constructed based upon the classical Gettier problem. This experiment aimed
to evaluate the hypothesis that human observers maintain distinct criteria for defining "knowledge" depending on whether
the cognitive agent is a robot or a human. Within the framework of Justified True Belief theory (JTB theory) [17, 18],
"Knowledge" is defined as satisfying the following three core criteria:

e A proposition is true.
e A subject believes the proposition to be true.

e Asubject is justified in considering the proposition to be true.

When all three criteria are satisfied, the subject is considered to possess "knowledge" of that proposition. Gettier
demonstrated through a series of thought experiments that even when these three parameters are met, certain scenarios
exist where the belief cannot intuitively be characterized as "knowledge" [17]. One prominent example outlined by Gettier
[17] is presented below:

e Smith and Jones have applied for the same employment position at a firm.

e Smith possesses strong evidence to support the belief that “Jones will be employed and Jones has 10 coins in his
pocket.”

e From this, Smith deduces and believes the proposition that “the individual who is hired is the one who has 10 coins in
his pocket.”

e Unbeknownst to Smith, Smith is the individual who will actually be selected for the position, and Smith also happens
to have 10 coins in his own pocket.

According to JTB theory, Smith's belief that “the individual who is hired is the one who has 10 coins in his pocket” qualifies
as correct knowledge within this context. In actuality, however, Smith maintains an erroneous belief regarding who will be
hired (Jones). This thought experiment serves as a refutation of traditional JTB theory. Nonetheless, despite such
counterexamples, the JTB framework remains intuitively compelling to human observers. Outside of intricate scenarios
like the Gettier thought experiment, it is generally reasonable to assume that an agent possesses knowledge of a
proposition if the three JTB criteria are fulfilled. Crucially, however, this assumption carries the implicit caveat that "the
agent in question is a human being." If the agent is non-human (e.g., a robotic system or an artificial intelligence), does
the JTB framework still apply? This inquiry serves as the primary focus of Experiment 1.

Experiment 1 evaluated whether participants' assessments of the aforementioned Gettier-style scenario varied depending
on whether the central agent was a human or a robot. To achieve this, the study was organized around a single-factor,
two-level between-subjects design. The independent variable was the nature of the protagonist in the scenario: human
versus robot. The experimental sequence proceeded as follows. First, participants read a scenario adapted from the
classic Gettier problem. The text differed between the "human condition" and the "robot condition," as detailed in Table 1.

Table 1. Scenario text for human and robot conditions
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Condition Scenario text
Human Alice and Haru arrived for a job interview at a particular company. During the interview process, Alice

condition  accidentally heard the interviewer say to a colleague, “| want to hire Haru,” while she went to the restroom.
She also learned from Haru that he currently had 500 yen in his pocket. From this information, Alice
inferred that “the candidate who will be hired today is the one carrying 500 yen.” However, Alice is not
aware that, in fact, she herself is the one who will be hired, and she also has 500 yen in her pocket.

Robot Robots A-1 and A-2 participated in a robot selection test. While the test was ongoing, A-1 unintentionally
condition  overheard the examiner stating, “I want to hire A-2.” A-1 also noticed that A-2 had a paint-peeling mark on
its back. Based on these observations, A-1 concluded that “the robot that will be selected this time is the
one with peeling paint on its back.” However, A-1 is unaware that it is actually A-1 who will be selected,
and A-1 also has peeling paint on its back.

Following exposure to the scenario text, participants responded to an initial inquiry. The subsequent sequence for each
condition is outlined below. In the "human condition," participants were presented with the following question:

¢ Q1(human): At this time, can you say that Alice knew that “the person who will be hired today is the one who has
500 yen in his/her pocket"?

The structural path of the questionnaire diverged based upon this response. Participants responding affirmatively ("yes")
to Q1 were directed to the following item:

¢ Q2-a(human): Please select from the following three options the reason that most closely matches your answer
“yes” to Q1.

1. Because Alice truly believes that “the person who will be hired today is the one who has 500 yen in his/her
pocket.”

2. Because it is correct that “the person hired today is the one with 500 yen in his/her pocket.”

3. Alice has good reason to believe that “the person who will be hired today is the one with 500 yen in his/her
pocket.”

Following this selection, participants reported their gender and age.

Conversely, participants who responded negatively ("no") to Q1 were presented with the following alternative item:

¢ Q2-b(human): Please select from the following three options the reason that most closely matches your answer “no
to Q1.

1. Because Alice does not truly believe that “the person who will be hired today is the one who has 500 yen in
his/her pocket.”

2. Because it is incorrect that “the person hired today is the one with 500 yen in his/her pocket.”

3. Alice does not have good reason to believe that “the person who will be hired today is the one with 500 yen in
his/her pocket.”

Following this, participants input their demographic data (gender and age). This concluded the protocol for the "human
condition."
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An identical framework was maintained for the "robot condition." In the "robot condition," the initial item was framed as
follows:

* Ql(robot): At this time, can you say that A-1 knew that the robot to be employed this time was the one with the
peeling paint marks on its back?

The subsequent questionnaire items diverged based on the participant's choice. Those who answered "yes" to Q1
received the following prompt:

¢ Q2-a(robot): Please select from the following three options the reason that most closely matches your answer “yes”
to Q1.

1. Because A-1 truly believes that “the person who will be hired today is the one with the peeling paint marks on its
back.”

2. Because it is correct that “the robot hired today is the one with the peeling paint marks on its back.”

3. A-1 has good reason to believe that “the robot who will be hired today is the one with the peeling paint marks on
its back.”

Meanwhile, participants who answered "no" to Q1 were directed to the following prompt:

¢ Q2-b(robot): Please select from the following three options the reason that most closely matches your answer “yes”
to Q1.

1. Because A-1 does not truly believe that “the person who will be hired today is the one with the peeling paint
marks on its back.”

2. Because it is incorrect that “the robot hired today is the one with the peeling paint marks on its back.”

3. A-1 does not have good reason to believe that “the robot who will be hired today is the one with the peeling paint
marks on its back.”

Following these questions, demographic details (gender and age) were gathered. This finalized the procedure for the
"robot condition."

Across both experimental conditions, Option 1 of Q2 measured the participant's assessment of the subject's internal
belief state (Alice or A-1). Option 2 evaluated the objective truth value of that belief. Option 3 assessed whether the belief
was adequately justified. These options represent the classical elements of "knowledge constructs" evaluated in the
Gettier problem [17]. To determine which specific elements of these constructs were prioritized by participants depending
on the agent's identity (human versus robot), quantitative analyses were conducted post-experiment.

All experimental iterations relied purely on textual descriptions; no illustrations, images, or photographs were provided.

A chi-square test of independence was performed to compare the frequency distributions of chosen options between Q2-
a in the human condition and Q2-a in the robot condition. A parallel chi-square analysis was conducted to compare the
selection distributions for Q2-b between the human and robot conditions.

All studies were deployed via online platforms. Participant recruitment and compensation were managed through the
crowdsourcing platform CrowdWorks. The individuals involved were compensated with a gratuity of 20 yen
(approximately 0.14 dollars). The methodological validity of utilizing crowdsourced cohorts for behavioral and academic
research has been corroborated across numerous studies, yielding broadly favorable evaluations [19-21]. The human
condition comprised a sample of 103 participants (61 females, 41 males, 1 other), with an age range spanning 20 to 67
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years and a mean age of 41.0 (SD = 9.4). The robot condition involved 95 participants (46 females, 48 males, 1 other),
with ages ranging from 19 to 70 years and a mean age of 43.7 (SD = 10.3).

Result and discussion

Within the human condition, 33 participants responded affirmatively ("yes") to Q1, whereas 70 participants responded
negatively ("no"). Within the robot condition, 33 participants gave an affirmative ("yes") response to Q1, while 63
participants gave a negative ("no") response.

Table 2 details the distribution of participant choices for each option in Q2-a across both the human and robot conditions.
A chi-square test revealed no statistically significant differences between the groups, \chi*2(2) = 0.963, p = 0.707, with a
small effect size, Cramer’'s V = 0.12.

Table 2. Comparison of responses between human and robot conditions for Q2-a

Response statement Human Robot

Because the participant genuinely believes that “the individual who will be hired today is the one 6 (18.2%) 6 (18.2%)
possessing the specified attribute”

Because it is factually true that “the person/robot selected for hire today is the one with the 7 (21.2%) 12
specified attribute” (36.4%)

Because the participant has strong justification for believing that “the person/robot to be hired 20 15
today is the one with the specified attribute” (60.6%)  (45.5%)

No statistically significant variations were detected. The adjusted residuals did not exceed the critical threshold of \pm
1.96 in any individual cell, indicating a uniform distribution of responses between the human and robot conditions for this
item.

Table 3 details the distribution of participant choices for Q2-b across both the human and robot conditions. A chi-square
test of independence demonstrated a statistically significant difference between the two groups, x2(2) =24.020, p=
0.000, with a medium-large effect size, Cramer’s V = 0.43. These variations achieved statistical significance at the p <
0.01 level. Based on the adjusted residuals, participants selected the "disbelieve" option significantly more often in the
human condition (+2.65), whereas they selected the "error" option significantly more frequently in the robot condition
(+2.35). These statistical indicators reveal that a significantly higher proportion of respondents selected Option 1 and a
significantly lower proportion selected Option 2 when evaluating the human condition compared to the robot condition.

Table 3. Full-text responses for Q2-b in human and robot conditions

Response statement Human Robot

Because the participant does not genuinely hold the belief that “the individual who will be hired 35 17
today is the one with the specified characteristic.” (50.0%)  (27.4%)

Because it is false that “the person/robot selected for hiring today is the one with the specified 32 41

characteristic.” (45.7%)  (66.1%)
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Because the participant lacks sufficient justification for believing that “the person/robot to be 3(4.3%) 4 (6.5%)
hired today is the one with the specified characteristic.”

These findings demonstrate that divergent perceptions of the fundamental components of knowledge between humans
and robots manifest exclusively among participants who answered negatively ("no") to Q1. When evaluating a human
protagonist, observers prioritize whether the subject genuinely maintains the internal belief. Conversely, when the
scenario features a robotic protagonist, participants apply altered evaluative benchmarks despite identical structural
elements. Under the robotic condition, observers primarily focus on whether the belief aligns with objective reality.
Intriguingly, within structurally identical narratives, a larger proportion of respondents concluded that the underlying belief
was factually incorrect when a robot served as the central agent. In the text of the scenario, the proposition that “the robot
hired today is the one with the peeling paint marks on its back” is objectively correct. Nevertheless, numerous
respondents categorized this statement as false when evaluating it as a constituent element of robotic knowledge.

The outcomes of this initial study demonstrate that individuals conceptualize the architecture of knowledge differently
based on the human or robotic identity of the agent. This raises a subsequent question: at what specific juncture do users
perceive that a robot's information is elevated to the status of knowledge? This issue was addressed in the next
experiment.

Experiment 2
Material and method

Experiment 2 investigated the precise developmental stage at which observers consider information to mature into
"knowledge" for both human and robotic entities. The study employed a single-factor, two-condition design. The
independent variable specified the classification of the protagonist in the narrative. Accordingly, the empirical test was
split into two separate paths: a human condition featuring a human actor and a robot condition featuring a robotic actor.
The dependent variable was the specific operational phase at which participants determined that information became
verified knowledge for the subject.

In the human condition, participants were presented with the following text:

o Human scenario: Mr. A heard a rumor that his friend Mr. B was sick in bed with a cold. At that time, Mr. A did not
know whether it was a lie or not. So he contacted Mr. B. Mr. B replied that he was in bed with a cold. So that evening,
he went to Mr. B’s house to visit him and actually saw him in bed with a cold.

Following the reading of this scenario, participants responded to the following inquiry:
e Q: When do you think Mr. A can say that he “really knew that ‘Mr. B is sick in bed with a cold”?
Options:

e Al: At the time of hearing the rumor.
e A2: At the time of receiving a reply from Mr. B.

e A3: At the time of seeing Mr. B actually lying in bed.

Option Al represents the phase where the subject initially acquires the data. Option A2 corresponds to the step where the
subject corroborates the data through secondary testimony. Option A3 denotes the stage where the subject confirms the
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validity of the data via direct observation. Consequently, the chosen selection serves to identify the exact threshold where
raw data shifts to authentic knowledge.

In the robot condition, the experimental framework mirrored the human condition. Participants initially reviewed the
following text:

¢ Robot scenario: Robota heard a rumor that Roboko the robot had broken down. At that point, Robota did not know if
this was a lie or not. So it sent a message to Roboko, who replied that it had broken down. So that evening, it went to
check on Roboko and there | saw that Roboko was having a breakdown.

Following the narrative, participants addressed the corresponding query:
¢ Q: When do you think Robota can say that it “really knew that ‘Roboko is having a breakdown™?
Options:

e Al: At the time of hearing the rumor.
e A2: At the time of receiving a reply from Roboko.

¢ A3: At the time of seeing Roboko actually having a breakdown.

These choices (Al through A3) align directly with the corresponding options provided in the human condition. The
distributions within these categories show the exact milestone at which participants believe a robot's processed data
transitions into knowledge.

Following data collection, a chi-square test of independence was performed on the frequency distributions across the
options for both experimental conditions.

The study was administered entirely through online protocols, with participant recruitment and compensation managed
via the CrowdWorks crowdsourcing platform. Every respondent received a standard compensation of 20 yen
(approximately 0.14 dollars).

No illustrations, diagrams, or visual aids were introduced during the trial; the materials were strictly textual.

The cohort assigned to the human condition comprised 139 individuals (68 females and 71 males), with an age
distribution from 20 to 64 years and a mean age of 42.4 (SD = 9.3). The group assigned to the robot condition consisted
of 98 individuals (43 females and 55 males), with an age distribution from 21 to 67 years and a mean age of 43.1 (SD =
9.1).

Result and discussion

Table 4 presents the total counts of participant selections for each answer choice across both the human and robot
groups. A chi-square test indicated a highly significant difference between the two conditions, x2(2) =77.033, p=0.000,
with a substantial effect size, Cramer’s V = 0.57. These differences were statistically significant at the p < 0.01 level.
Evaluation of the adjusted residuals confirmed that respondents evaluating the human condition significantly favored the
threshold of "receiving a response” (+2.85), whereas respondents evaluating the robot condition heavily emphasized the
necessity of "direct observation" (+3.46).

Table 4. Responses for Experiment 2 in human and robot conditions

Option Robot Human
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Al: At the moment of hearing the rumor 2 (2.0%) 8 (5.8%)
A2: At the moment of receiving a response 43 (43.9%) 87 (62.6%)
A3: At the moment of directly observing it 53 (54.1%) 44 (31.7%)

These results indicate that the baseline assumptions regarding when information transforms into knowledge shift
significantly depending on whether the cognitive subject is a human or a robot. When the central figure was a human
being, nearly two-thirds of the sample concluded that knowledge was established once the information was verified by the
primary party involved. Conversely, within the robot scenario, the proportion of participants who felt knowledge was
attained upon receiving data from the primary party was roughly equal to the proportion who believed it required physical
verification of the situation. This pattern reinforces the distinct characteristics regarding the human conceptualization of
"robotic knowledge" observed in Experiment 1.

There is a widespread perception that for a robotic entity, simply acquiring data from a reliable source is insufficient to
constitute authentic knowledge. This principle is consistently supported by the evidence gathered across both Experiment
1 and Experiment 2.

Experiment 3

How, then, might these distinctive robotic attributes influence the human-robot relationship? A primary domain of
prospective relevance concerns the issue of user-perceived robotic responsibility. Because robots are artificial products,
they cannot possess actual, independent responsibility in real-world contexts. Nonetheless, the degree to which an
operator attributes responsibility to a robotic system during joint tasks constitutes a critical area of inquiry within human—
robot interaction and human—robot collaboration.

Experiment 3 investigated the degree of accountability that human stakeholders should bear when a robotic agent
initiates or participates in illicit activity within human society. The focus here is not on statutory legal liability, but rather on
the ethical responsibility that users attribute to the robot and its associated human stakeholders. Generally, an
established correlation exists between an agent's awareness and their accountability. For instance, purchasing and
utilizing stolen property without prior knowledge of its illicit origin is not considered ethically blameworthy. Conversely,
knowingly purchasing and utilizing stolen goods constitutes an unethical act.

To evaluate how much accountability an agent should bear for "outcomes that transpired without their direct knowledge,"
the following base narrative was constructed for Experiment 3:

Mr. B asked Mr. A if he had any quick money-making ideas.
B said, “I'm broke and I'm in trouble. Is there any good way | can get a big sum of money quick?” A replied, “Haha, then
let me tell you something good: Mr. C is a very rich man and has a lot of money at home. Mr. C is away tonight, so you

can break into Mr. C’s house and steal it.”

Mr. B tried to break into Mr. C’s house that night, but the door of Mr. C’s house was so tightly locked that he just couldn’t
get in, so he gave up.

Mr. B said, “We're in trouble. | can't go home like this.”
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So, they broke into Mr. D’s house, which was next door to Ms. C’s house, and confronted Mr. D who was at home. B
threatened, “Hey, if you don’t hand over the money quietly, I'll make you pay for it!” and took the money and fled.

This narrative was modeled after an actual criminal case that took place in Japan. In this scenario, Mr. A functions as the
instigator and Mr. B acts as the perpetrator; thus, both possess clear grounds for being held criminally accountable. The
critical query, however, is whether Mr. A should be held responsible not only for the attempted burglary of Ms. C's
residence by Mr. B, but also for the subsequent robbery of Ms. D. The prompt presented to participants after reading the
scenario evaluated this specific issue:

e Q: Do you think Mr. A should be held responsible for the robbery of Ms. D committed by Mr. B?
Participants responded to this question using a binary "yes" or "no" format.

For this study, four textual permutations were developed by varying the identities assigned to Agent A and Agent B as
follows:

e Condition 1: A: human, B: human
e Condition 2: A: human, B: robot
e Condition 3: A: robot, B: robot

« Condition 4: A: robot, B: human

The study employed a four-level, single-factor, between-subjects experimental design. The independent variable was the
specific text version of the scenario, determined by the varied combinations of human and robotic identities for Agent A
and Agent B. Each participant was assigned to only one of the experimental conditions. Following data collection, a chi-
square test of independence was performed across the conditions to compare the frequencies of affirmative ("yes") and
negative ("no") answers.

The motivation for executing this experiment stemmed from the findings of Experiments 1 and 2, which demonstrated that
the criteria defining "knowing" differ significantly between humans and robots from a user perspective. The attribution of
liability is inherently tied to whether an agent possessed prior awareness or could have anticipated an outcome. While
robots do not bear statutory legal liability in practice, identifying the parameters under which users believe robots ought to
hold responsibility is highly relevant to HRI design [15, 22]. This experiment did not address statutory legal liability,
focusing instead entirely on perceived vicarious responsibility.

The purpose of this trial was to determine whether user beliefs regarding how robots acquire knowledge influence their
subsequent attribution of responsibility to those robots. Experiments 1 and 2 established that users maintain divergent
expectations for human knowledge acquisition compared to robotic knowledge acquisition. Generally, the extent to which
an agent knew or had the capacity to foresee a given circumstance is fundamental to determining liability [23-25]. This
experiment sought to test how these unique user expectations regarding robotic knowledge acquisition interact when
participants face a scenario where a robot serves as either the instigator or the perpetrator of an offense.

No photographs, diagrams, or visual media were presented during the experiment; the protocol relied strictly on text.

For Condition 1 (human—human), the sample size was 99 participants (49 females, 49 males, 1 other), with ages ranging
from 21 to 69 years and a mean age of 41.6 (SD = 9.2). For Condition 2 (human-robot), there were 99 participants (40
females, 58 males, 1 other), with an age distribution of 21 to 64 years and a mean age of 42.0 (SD = 9.2). For Condition 3
(robot—robot), the group consisted of 100 participants (60 females, 37 males, 3 others), with ages spanning 21 to 60
years and a mean age of 40.7 (SD = 9.5). For Condition 4 (robot—human), there were 96 participants (56 females, 37
males, 3 others), with an age range of 21 to 69 years and a mean age of 42.3 (SD = 11.2).
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Result and discussion

Table 5 outlines the total number of participant selections for each answer choice across the four experimental groups. A
chi-square test of independence revealed a statistically significant difference among the conditions, \chi*2(3) = 16.958, p
= 0.000, with a small-medium effect size, Cramer’s V = 0.21. These observed variations were statistically significant at
the p < 0.01 level. An examination of the adjusted residuals showed that respondents in the human-robot condition
exhibited a significantly higher propensity to attribute responsibility to the instigator (+2.87), whereas respondents in the
robot—human condition demonstrated a significantly lower propensity to attribute responsibility to the instigator (-3.34).

Table 5. Responses for Experiment 3: responsibility attribution by condition

Condition Yes No
Condition 1 (Human—Human) 63(63.6%) 36(36.4%)
Condition 2 (Human—Robot) 69(69.7%) 30(30.3%)
Condition 3 (Robot—Robot) 53(53.0%) 47(47.0%)
Condition 4 (Robot—Human) 41(42.7%) 55(57.3%)

According to the data in Table 5, approximately 60% of respondents in both Condition 1 (human—human) and Condition 2
(human-robot) determined that the instigating agent should be held accountable. In both of these experimental
permutations, the instigating party was a human being. Conversely, in Condition 3 (robot—human) and Condition 4 (robot—
robot), roughly 50% of participants concluded that the instigator was responsible for the final outcome. This proportion
represents a noticeable decline compared to Conditions 1 and 2. Crucially, across Conditions 3 and 4, the role of the
instigator was filled by a robotic entity.

These patterns indicate that irrespective of whether the final perpetrator is a human or a machine, the proportion of
observers who hold the instigator accountable diminishes significantly when a robot serves as the instigating agent. This
outcome aligns precisely with the discoveries generated in Experiments 1 and 2. The conclusions of those initial studies
suggest that from the user's perspective, robots—unlike human actors—cannot be said to know a fact unless they verify it
through direct perception. The distinct cognitive attributes ascribed to robots by human observers, initially uncovered in
Experiments 1 and 2, were reinforced by the outcomes of Experiment 3.

Furthermore, the results of Experiment 3 point to a more profound implication: a user's baseline assumptions regarding a
robot's epistemic states appear to govern their subsequent evaluations of its moral responsibility. Needless to say, at the
present juncture, autonomous machines do not possess actual legal accountability. The analysis presented here
concerns strictly the conceptual framework of responsibility—specifically, how human users subjectively perceive and
assign accountability to robotic agents.

Understanding "user responsibility for robots" stands as a core challenge within human-robot collaboration. When shared
operations result in failure, the degree of liability that users ascribe to robotic partners directly impacts the viability and
continuation of that collaborative relationship [7]. Extant literature on human-robot trust indicates that a solitary failure can
acutely degrade a user's trust in a machine [7, 26]. This degradation can be interpreted as a direct consequence of users
assigning a disproportionate level of responsibility to the robot. In contrast, Experiment 3 demonstrates that users
occasionally assume robots possess a harrower scope of responsibility than human peers. Most observers agree that if a
human instigator prompts an agent to commit an offense, the individual who initiated the sequence bears a degree of
culpability. However, the prevalence of this perspective drops when a robot is positioned as the instigator.
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This shift occurs because many participants operate under the assumption that "robots cannot anticipate outcomes
beyond explicit programming or commands." The data from Experiment 3 suggest that users believe robots lack the
capacity for human-like reasoning, inference, or imagination. In other words, many respondents assumed that the robot
could not have anticipated that the perpetrator would execute actions exceeding its explicit instructions. Because the
robotic agent was physically absent from the secondary scene, it could not "know" what transpired there. Consequently,
the robot is absolved of responsibility. On the other hand, human agents are expected to anticipate potential downstream
consequences even when they do not personally witness the event. This represents a fundamental divergence in user
expectations.

General Discussion

Three interconnected experiments were conducted to evaluate how users conceptualize "robot knowledge." The
collective results demonstrate that general users perceive robotic knowledge as fundamentally distinct from human
knowledge. In short, human observers characterize "robot knowledge" as highly "inflexible."

Experiment 1 revealed that while participants readily attribute knowledge to human agents under specific conditions, they
hesitate to do so when evaluating a robot. Stated differently, the criteria required to transform raw sensory inputs into
authentic "knowledge" are considerably more stringent for robotic entities than for humans. This pattern was further
corroborated in Experiment 2. When evaluating a human subject, observers readily concede that "knowledge acquisition"
occurs at the moment hearsay is reported; however, when evaluating a robot, participants generally refuse to
acknowledge knowledge acquisition unless the machine executes direct verification. These findings suggest that general
users view robots as incapable of executing human-like "reasoning.” Observers appear to believe that humans can
extract genuine knowledge through situational inference, whereas robots are restricted from doing so.

How might this cognitive divergence affect human—robot dynamics? This question was explicitly addressed in Experiment
3. The data revealed that even under identical situational parameters, users alter their attribution of criminal responsibility
depending on whether the primary agent is a human or a machine. When a human serves as the instigator, they are held
accountable even if the perpetrator's actions exceed the original scope of the instruction. Conversely, when a robot acts
as the instigator, it is not held accountable for the full spectrum of the perpetrator's subsequent behavior. These
responses can be explained by the baseline tendencies identified in Experiments 1 and 2. Those initial trials indicated
that users view a robot's epistemic state as a binary or digital construct: a robot either "clearly knows" or "clearly does not
know" a piece of data.

Whether an accomplice is held accountable for an offense hinges upon the degree to which they could have anticipated
or inferred the primary perpetrator's actions. Experiment 3 demonstrates that participants expect a human instigator to
recognize the possibility that an accomplice might exceed explicit boundaries. However, when the instigator is a robot,
observers believe this predictive obligation is minimized. This suggests that participants operate under the assumption
that "robots remain ignorant of occurrences outside their direct sensory or data-reception range," an interpretation that
perfectly mirrors the empirical findings of Experiment 2.

The overarching insights of this paper can be synthesized as follows:

o From the user's perspective, the foundational requirements constituting a robot's "knowledge" diverge significantly
from those applied to humans.

e Users view robotic knowledge as an rigid, digital state, believing that a machine cannot truly acquire knowledge
without direct verification.
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o These deeply held assumptions regarding a robot's epistemic capabilities directly influence how users allocate moral
accountability to machines.

How can these discoveries enrich the fields of HAl and HRI? A major contribution of this study is the revelation that user
perceptions of "robot knowledge" are intricately bound to operational challenges like responsibility attribution. Prior
investigations have confirmed that the accountability users assign to robots differs fundamentally from what they assign to
humans [7, 15, 22]. The current study suggests that this variance may be rooted in user beliefs regarding "robotic
knowledge." Accounting for this cognitive tendency is highly useful when designing workflows for HRI or HRC. For
example, to convince a user that a robot truly "understands" a state, it may be necessary to have the machine
demonstrate concrete verification in the user's presence. Integrating these insights into explicit system architectures and
interaction designs remains an important objective for future research.

These findings suggest that to cultivate robust trust within human—robot collaborations, robotic systems must demonstrate
not only a capacity for data verification but also an ability to perform visible contextual reasoning. Providing this type of
"transparency" will likely clarify a critical question for users: "What specific knowledge does this robot possess?"
Incorporating these elements into collaborative design frameworks could facilitate more accurate trust calibration among
human operators. For general users, clear indicators regarding "what the robot knows versus what it does not know"
constitute essential operational data. Designing collaborative workflows around this transparency could mitigate both
overconfidence and unwarranted skepticism toward robotic systems.

This research possesses several acknowledged limitations. First, the use of anthropomorphic naming conventions for the
robots may have inadvertently prompted participants to attribute human-like qualities, such as gender, to the machines.
Future studies should compare these anthropomorphic descriptions with neutral, alphanumeric identifiers. Second,
regarding Experiment 3, the paradigm could be expanded into a two-factor design where the identity of the instigator
(human vs. robot) and the identity of the executor (human vs. robot) serve as independent variables, allowing for an
examination of potential interaction effects. Furthermore, employing continuous measurement instruments, such as a 7-
point Likert scale, to evaluate perceived responsibility could increase statistical power. To keep the initial discussion
straightforward, this study relied on a single-factor, four-level design evaluated through a binary response format.
Subsequent inquiries will require the adoption of these more sophisticated experimental frameworks.

Conclusion

This study investigated how general users conceptualize "robot knowledge" and how this framework differs from their
understanding of human knowledge. Across three experiments, consistent evidence demonstrated that users enforce
significantly more rigid and restrictive benchmarks when evaluating the epistemic states of a robot compared to those of a
human. Specifically, observers maintain that a robot must directly perceive or verify information to achieve true
knowledge, whereas they readily credit humans with the capacity for abstract inference and indirect knowing. These
divergent expectations regarding knowledge acquisition hold meaningful implications for the future of human-robot
interaction.

Experiment 1 established that even within structurally identical scenarios, users apply distinct evaluative criteria to
knowledge acquisition depending on whether the subject is a human or a machine. Experiment 2 expanded this insight,
demonstrating that users perceive robots as acquiring knowledge more slowly and strictly through direct observation,
while humans are seen as capable of rapid knowledge acquisition via testimony. Experiment 3 linked these epistemic
assumptions to moral evaluations: when robots functioned as accomplices within illicit scenarios, users ascribed less
overall responsibility to them than to human accomplices. This shift is directly attributable to the user's belief that a robot's
knowledge-acquisition capabilities are inherently limited.

Synthesizing these outcomes indicates that users do not view robots simply as unoptimized tools, but rather as
fundamentally distinct "intelligent entities." This cognitive framing directly shapes how users evaluate a machine's
autonomy, moral culpability, and operational reliability. As robots become increasingly integrated into social and
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collaborative settings, these underlying beliefs will inevitably shape trust dynamics, responsibility attribution, and the
broader human-robot partnership.

Ultimately, this research highlights the necessity of developing systems that actively manage user expectations regarding
robotic knowledge within HRI (Human—Robot Interaction) and HRC (Human—Robot Collaboration) design. Engineers and
designers may need to implement transparent communication interfaces that explicitly signal when and how a robot
captures and processes information. Future research should prioritize investigating interaction design methodologies that
can adjust these user assumptions, while exploring how such calibrations influence human cooperation, task delegation,
and long-term trust in robotic systems.
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