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ABSTRACT KEYWORDS

As robots increasingly act as collaborative partners, their behavior must be not only Human-robot interaction;
functional but also understandable. Although robot control typically follows a causality; perspective-
Perception-Decision-Action (PDA) sequence, the causal link between perception and ~ (aking; user-centered
behavior is often not observable to users. To support explainability, users must intui- explainability; mental model
tively grasp how perceptual input leads to action. Drawing on Hume's (1739) princi-

ples of causal perception—contiguity and contingency—we examined how temporal

delays and perception-behavior alignment shape causal understanding. Results show

that delays exceeding 600 ms, or actions preceding perception, disrupt perceived

causality. Moreover, perception-behavior alignment must exceed 90% to maintain

causal coherence and user trust. Together, these findings define empirically grounded

design ranges: perceptual signals should precede actions by 0-600 ms, and alignment

accuracy should remain above 90%. Meeting these criteria enhances robot explainabil-

ity and improves human-robot interaction.

1. Introduction

The rapid development of intelligent technologies is reshaping the field of human-robot interaction
(HRI). As Goldberg (2019) notes, robotics has entered an era of collaborative intelligence, where robots
are transitioning from isolated tools to integrated partners in human environments. This shift has
changed expectations: robots are no longer just tools to perform tasks, but are now viewed as intelligent
companions capable of human-like traits and behaviors. To achieve effective and seamless interaction
with users, robot behavior must be explainable. Yet, this critical requirement has often been overlooked.
Many robotic systems depend on opaque decision-making processes, such as end-to-end neural net-
work models, which inherently lack transparency (Kim & Choi, 2021; Silva et al., 2023; Vadillo et al,
2024). Even when robot behaviors follow structured rules, these patterns are seldom communicated in
ways that support user comprehension. Although humans are adept at inferring causal relationships
from observed patterns, they are especially proficient at interpreting the behavior of other humans
(Heberlein & Adolphs, 2005; Tomasello, 2008). The human mind is equipped with advanced social cog-
nition mechanisms—including theory of mind, emotion recognition, and related processes—that allow
for the effortless and automatic understanding of others’ mental states (Baron-Cohen et al., 2013;
Tomasello, 2008).

Previous studies have indicated several factors influence the human’s perception of a robot’s human-
likeness. Performance is one consideration-robots that demonstrate human-level capabilities, such as
D’Ambrosio et al. (2025) robot that won 45% of its table tennis matches against human opponents, can
be perceived as more human-like (Aleksander, 2017; Bechar et al., 2009). Appearance also matters.
Robots with more human-like physical features have been shown to inspire greater trust and more

CONTACT Mowei Shen @ mwshen@zju.edu.cn; Jifan Zhou @ jifanzhou@zju.edu.cn @ Department of Psychology and Behavioral Sciences,
Zhejiang University, Zijingang Campus, 866 Yuhangtang Road, Hangzhou 310058, China; Haokui Xu @ haokuixu@zjut.edu.cn @ Institute of
Applied Psychology, College of Education, Zhejiang University of Technology, 18 Chaowang Road, Hangzhou 310023, China

@ Supplemental data for this article can be accessed online at https://doi.org/10.1080/10447318.2026.2633220.
© 2026 Taylor & Francis Group, LLC


http://crossmark.crossref.org/dialog/?doi=10.1080/10447318.2026.2633220&domain=pdf&date_stamp=2026-02-27
http://orcid.org/0009-0001-0711-1577
http://orcid.org/0009-0007-1750-2137
http://orcid.org/0000-0003-4259-134X
http://orcid.org/0000-0001-7661-2968
http://orcid.org/0000-0003-0166-7125
https://doi.org/10.1080/10447318.2026.2633220
http://www.tandfonline.com

2 (&) X HUETAL

positive user experiences. For example, Van Pinxteren et al. (2019) found that human-like service
robots led to higher user trust, a finding supported by Zhao and Malle (2022) and Kopp et al. (2022).
The most critical factor, however, is the underlying information processing model that determines the
pattern of robots’ behavior. A human-like cognitive framework, such as Miller et al. (2017) perception-
decision-action (PDA) chain, reinforces the impression of human-like responses. By following this
model-perceiving the environment, processing data, and then acting-robots can be seen as social agents
capable of interaction even if they don’t appear human. This dynamic is highlighted in studies by von
Salm-Hoogstraeten and Miisseler (2021) and Hu et al. (2025), which show that human-like behavioral
patterns foster spontaneous social engagement, regardless of appearance or performance.

A fundamental question arises: what kind of information processing model can be considered com-
parable to human cognition? This question is intrinsically linked to explainability, a concept that has
gained increasing significance in fields such as human-robot interaction, control engineering, and cog-
nitive robotics (Jiang et al., 2022; Raees et al., 2024; Suffian et al., 2025). Explainability is typically
defined as the degree to which a human observer can understand the reasoning behind an AI system’s
decision (Holzinger et al., 2019; Shneiderman, 2020). However, as the need for explainability varies
across contexts, prior research distinguishes between two critical forms: Expert-Level Explainability and
User-Level Explainability (Cabour et al., 2021; Liao & Varshney, 2021). Expert-Level Explainability is
closely related to transparency, referring to whether a system’s internal causal mechanisms and deci-
sion-making logic can be understood by engineers and Al specialists (Calisto et al., 2025; Gentile et al.,
2025; Kim et al., 2023). However, for most non-expert users, User-Level Explainability—also referred to
as the mental model—is of greater importance. It concerns whether users can intuitively understand
and predict a system’s behavior, even in the absence of technical knowledge about its underlying mech-
anisms (Liao & Varshney, 2021; Nacheva, 2015). Unlike expert-level transparency, which relies on ana-
Iytical reasoning, user-level explainability emphasizes immediate perceptibility-allowing users to
effortlessly grasp a robot’s intentions without requiring inference or technical expertise. In our previous
work, we proposed the Social Agent Theory, which demonstrated that robots are perceived as social
entities—akin to humans—when they exhibit a specific set of features (Hu et al., 2025). These features
include the capacity for both perception and behavior, corresponding to the input and output of infor-
mation, respectively. Most critically, the presence of a clear and observable causal relationship between
perception and behavior—where behavioral responses should be seen as a direct consequence of what
the robot has sensed—is essential for supporting user-centered explainability. Given that robotic deci-
sion-making processes are often opaque, ensuring causal coherence enables robots to leverage humans’
inherently powerful social cognitive mechanisms, such as perspective-taking, to promote intuitive
understanding and interaction, thereby facilitating more natural collaboration.

Interestingly, the foundations of causal perception have been extensively studied in psychology and
cognitive science. Hume (1739/1964) provided an early framework by identifying two core components
of causality: contiguity and contingency. Contiguity refers to the temporal and spatial proximity of
events-people intuitively perceive a causal relationship when one event closely follows another. For
example, when flipping a light switch immediately turns on a light, a causal connection is naturally
inferred. However, a long delay can weaken or eliminate this perception. Michotte’s “launching effect”
(1946/1963) demonstrated that when one moving object (A) hits another stationary object (B), causing
B to move, people automatically perceive A as the cause. This automatic attribution highlights how cer-
tain event sequences inherently trigger causal perception, bypassing the need for deliberative reasoning.
Contingency, on the other hand, relates to the consistency and reliability of the cause-effect relation-
ship. If flipping a switch always turns on a light, the causal link is reinforced. Inconsistent outcomes,
however, weaken the perceived connection. Research by Davis et al. (2020) confirmed that frequent and
predictable co-occurrences between events strengthen causal perception. Together, contiguity and con-
tingency form a framework for understanding how humans naturally perceive causality in their envi-
ronment. Building on these principles, we propose that for an intelligent system to be perceived as
causally reliable, its input-output interactions must satisfy both contiguity and contingency. The sys-
tem’s responses should be immediate and closely follow user inputs (contiguity) while remaining con-
sistent and reliable over time (contingency). Meeting these conditions not only enhances user trust and
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confidence in the system but also encourages the attribution of human-like qualities to the robot’s
behavior.

In human-robot interaction research, there are numerous approaches to determining whether users
view a robot as a human-like collaborative partner. Traditionally, subjective measurement tools have
been employed, including the Anthropomorphism Scale (Kamide et al., 2013; Spatola et al., 2021), the
Collaborative Attitude Scale (Robert, 2021), and even the Turing Test (Turing, 2009). However, these
methods are often influenced by individual biases, which can undermine their accuracy in reflecting
users’” actual cognitive states. An alternative approach is to observe behavioral responses to the robot’s
operational characteristics, which provides an objective and implicit measure. By focusing on users’
actions, this approach minimizes subjective bias and offers a more direct window into their underlying
cognitive processes. One particularly valuable phenomenon in this context is spontaneous perspective-
taking (SPT). SPT occurs when users naturally adopt another entity’s perspective, provided they per-
ceive it as a social agent capable of interaction like humans. This process acts as a form of information
preprocessing, paving the way for future collaboration (Hu et al., 2025; Zhou et al., 2022). SPT serves
not only as a reliable indicator of whether users see a robot as a socially capable partner, but also as a
widely applied measure in human-robot interaction studies (Hu & Tong, 2023; Salm-Hoogstraeten &
Miisseler, 2021; Zhao et al., 2015; Zhao & Malle, 2022). For instance, Salm-Hoogstraeten and Miisseler
(2021) used the avatar-Simon paradigm to determine whether users adopted a robot’s perspective.
Their findings showed that participants responded more quickly when the key press position matched
the robot’s location, reflecting SPT. This phenomenon offers a natural and implicit method to test
whether individuals perceive a robot as social agent capable of interaction.

In this study, we also utilize the avatar-Simon paradigm (Salm-Hoogstraeten & Miisseler, 2021) to
systematically examine the impact of time delays (contiguity) and consistent accuracy (contingency)
between perception and behavior on causal perception and SPT effects in collaborative robots.
Experiment 1 employs psychophysical methods to assess causal time contiguity by varying the delay
between perception and action (—400 to 2000 ms), enabling us to identify how SPT effects change
across different delay conditions. Experiment 2 investigates causal contingency by adjusting the fre-
quency of the robot’s correct behavior following perception (50% to 100%) and measuring the subse-
quent changes in SPT effects. By conducting these experiments, we aim to empirically characterize
reference ranges that indicate the temporal and contingency conditions under which causal perception
is most reliably observed. These findings will help refine the perception-decision-execution loop within
parameters that are transparent and intuitive for users, ultimately enhancing the system’s human-robot
explainability.

2. Experiment 1

Experiment 1 adopted the avatar-Simon task procedure modified from Salm-Hoogstraeten and
Miusseler (2021) to investigate how changes in the contiguity time delays between perception and
behavior influence individuals’ spontaneous perception of the robot as a social partner. The aim was to
examine a range of time delays, identifying conditions where the effect emerges or disappears, thereby
shedding light on when people are most likely to regard the robot as a social agent.

2.1. Method

2.1.1. Participants

Two hundred and sixteen participants (116 females; age: M =22.66, SD = 3.47) were recruited on cam-
pus and compensated with 15 CNY or course credit for their participation. All participants had normal
or corrected-to-normal vision and provided written informed consent for data collection, usage, and
storage.

The required sample size was calculated using G*Power 3.1 (Faul et al., 2007). Based on effect sizes
reported in prior studies (Boffel & Miisseler, 2019; Hu et al, 2025; Salm-Hoogstraeten & Misseler,
2021), we performed power analyses with the following parameters: an effect size of 0.25, an alpha level
of 0.05, a power of 0.98, and a mixed 9 x 2 design. The analyses indicated a minimum of 117
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participants. However, to ensure comprehensive counterbalancing across multiple variables, a final sam-
ple size of 216 was selected, with 24 participants assigned to each between-subjects (time delay) condi-
tion. The study received approval from the Institutional Review Board at the Department of Psychology
of the authors’ university.

2.1.2. Apparatus and stimuli

The stimuli were created using PsychoPy (version 2023.2.3) (Peirce, 2007) and presented on a 16-inch
monitor with a resolution of 1920 x 1080 pixels. Participants sat approximately 60 cm away from the
screen and responded using the “q” and “p” keys on a standard keyboard, which were placed 8 cm on
either side of the participant’s midline and pressed with the left and right index fingers, respectively.

The target stimuli followed the design of Boffel and Miisseler (2019) and were adapted for the screen
resolution used in this study. Each target appeared as a square, either dark blue (RGB 36, 115, 254) or
light blue (RGB 98, 193, 254), measuring 77 pixels per side (approximately 1.34° visual angle). The tar-
gets were positioned 147 pixels (about 2.55°) above or below a central fixation cross, all displayed on
an uniform gray background (RGB 155, 155, 155) spanning 1677 x 1258 pixels (approximately 29.26°
x 21.94° visual angle).

The avatar used in this study—a virtual representation originally developed for VR and gaming envi-
ronments (von Salm-Hoogstraeten & Miisseler, 2021)—was adapted from prior research (Hu et al,
2025). This robot representation has been extensively validated and has been shown to elicit spontan-
eous perspective-taking in users (Wahn et al., 2023; Wahn & Berio, 2023). The avatar was depicted as a
black rectangle (364 x 264 pixels; approximately 4.61° x 7.08°) with two mechanical arms (264 x 406
pixels; 4.61° x 7.08°) and a camera head (301 x 227 pixels; 5.25° x 3.97°). To simulate perception, the
camera head tilted 10 degrees toward the target, signaling its ability to perceive. To simulate behavior,
one arm extended toward the target’s center, stopping at a 49-pixel gap (0.86°), reflecting its capacity
for performing a behavioral response (Figures 1 and 2).

2.2. Procedure and design

The experiment utilized a 9 (Time delay: —400, —200, 0, 200, 400, 600, 800, 1000, 2000 ms) x 2
(Compatibility: Compatible, Incompatible) mixed design. Time delay was the between-subjects variable,
while compatibility served as the within-subjects variable. Trials were classified as compatible if the tar-
get’s location matched the participant’s response location from the avatar’s perspective (e.g., when the
avatar was positioned to the left (90°) and the participant pressed the left key for a light blue target,
the target appeared on the avatar’s left side). In contrast, trials were labeled as incompatible if the tar-
get’s location from the avatar’s perspective did not match the participant’s response location (e.g., when
the avatar was positioned to the left (90°) and the participant pressed the left key for a light blue target,
the target appeared on the avatar’s right side) (Figure 1). Better performance (e.g., faster reaction times)
under compatible conditions than under incompatible conditions served as evidence that participants
spontaneously adopted the avatar’s perspective (Boffel & Miisseler, 2019; von Salm-Hoogstraeten &
Miisseler, 2021). The measure of compatible advantage is commonly employed in such methods
(Samson et al., 2010; Wahn et al., 2023; Zhao et al.,, 2015).

The experiment included two parts, each comprising 160 trials. On each trial, the target stimulus
appeared randomly on either the left or right side of the avatar. Before starting each part, participants
completed 20 practice trials, which were excluded from the main analysis. Participants’ task was to clas-
sify the color of the target by pressing either the left or right button. They were informed that the robot
executed other commands during the task that were unrelated to their own task. The initial positioning
of the avatar (left or right) was counterbalanced across participants. The entire experiment lasted
approximately 30 min.

Each trial began with a fixation cross and the avatar, both of which remained visible throughout the
experiment. The fixation cross was displayed for 750 ms, after which the target appeared either above
or below the fixation point. Participants were instructed to respond as quickly and accurately as pos-
sible. The timing of perception and behavior varied depending on the time delay condition. Positive
time delays meant perception occurred first, lasting 200 to 2000 ms, followed by a 500ms behavior



INTERNATIONAL JOURNAL OF HUMAN-COMPUTER INTERACTION e 5

COMPATIBLE INCOMPATIBLE

Participant Participant

Figure 1. The schematic illustration of avatar-Simon task. Note: The figure illustrates the compatible (left) and incompat-
ible (right) conditions in the avatar-Simon task (Boffel & Miisseler, 2018), using the avatar image from Hu et al. (2025).
In the compatible condition, the target’s position relative to the avatar matches the key’s position relative to the partici-
pants; in the incompatible condition, they do not align.

Correct Response
Fixation Target & Response Perception Behaviour Gap for next trial

100~1000 ms 200~2000 ms 500 ms

Incorrect Response

Figure 2. Experimental procedure of experiment 1. Note: A schematic illustration of a single trial in Experiment 1.

phase (Figure 2 illustrates this arrangement). Negative time delays reversed this sequence: behavior hap-
pened first for 200—400 ms, then perception followed for 500 ms (Figure 3). In the zero-delay condi-
tion, perception and behavior were simultaneous. Responses slower than 1,000 ms or faster than 100 ms
were marked as errors, prompting the robot to provide incorrect feedback and emit an error tone.
After each trial, the avatar returned to its initial state for 750 ms before the next trial began.

2.3. Result

False responses and outlier reaction times (RTs) outside the range of 100—1,000 ms were removed fol-
lowing established criteria (see Boffel & Miisseler, 2019). This exclusion resulted in the removal of
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Time Delay > 0

Target & Response Perception Behaviour

100~1000 ms 200~2000 ms 500 ms

Time Delay =0

Target & Response Perception & Behaviour

100~1000 ms 500 ms

Time Delay < 0

Target & Response Behaviour Perception

100~1000 ms 200~400 ms 500 ms

Figure 3. Experimental stimulus of experiment 1. Note: A schematic representation of the avatar's perception-behavior
patterns under different time delays in Experiment 1.

3.72% of trials. A 9 (Time delay: —400, —200, 0, 200, 400, 600, 800, 1,000s, 2,000ms) x 2
(Compatibility: Compatible, Incompatible) mixed ANOVA was performed, treating time delay as a
between-subjects variable and compatibility as a within-subjects variable. The primary dependent varia-
bles-mean RTs and error rates-were analyzed separately. Bonferroni corrections were applied for post
hoc comparisons.

To provide a clearer understanding of the effect sizes at different time delays, we calculated a
“compatible advantage” measure, defined as the RT difference between compatible and incompatible
conditions. A larger compatible advantage-indicated by faster RTs in compatible conditions-was inter-
preted as stronger evidence of spontaneous perspective-taking. This measure, serving as a descriptive
statistic, has been used in prior research to quantify the extent of spontaneous perspective-taking
(Boffel & Miisseler, 2019; von Salm-Hoogstraeten & Miisseler, 2021).

The analysis of variance (ANOVA) revealed a statistically significant main effect of compatibility
(F(1, 207) = 21.98, p < 0.001, np2 = 0.096), indicating that reaction times were faster under compatible
conditions compared to incompatible conditions. Additionally, a significant main effect of time delay
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was observed (E(8, 207) = 2.77, p = 0.006, n,> = 0.097), suggesting that reaction times differed across
the various time delays. Although the primary focus of the study was not the overall effect of time
delay, detailed post hoc analyses are provided in the Supplementary Materials. A significant interaction
between compatibility and time delay was also identified (F(8, 207) = 2.37, p = 0.018, np2 = 0.084).
Simple effects analyses indicated that at time delays of —400 ms and —200 ms, no significant differences
were found between reaction times in compatible and incompatible conditions (p=0.676 and
p=0.359, respectively). However, starting from a delay of Oms, reaction times under the compatible
condition were significantly faster than those under the incompatible condition (p < 0.001), with a com-
patible advantage of 10ms. Significant compatible advantages were also observed at 200ms (9 ms,
p=0.001), 400 ms (7 ms, p=0.007), and 600 ms (5ms, p=0.047). For longer delays-800 ms (p =0.764),
1,000 ms (p =0.974), and 2,000 ms (p =0.411)-no significant differences in reaction times were detected
(Figure 4).

For error rates (ER), we conducted a similar analysis to rule out speed-accuracy tradeoffs. The results
showed no significant main effects of compatibility (F(1, 207) = 1.67, p=0.197, 11p2 = 0.008), time delay
(F(8, 207) = 1.37, p=0.211, 7,> = 0.050), or their interaction (F(8, 207) = 1.49, p=0.161, n,> = 0.055)
(Figure 4). This pattern confirms that RT differences were not driven by changes in accuracy.

2.4. Discussion

Our results highlight that the temporal relationship between perception and behavior significantly
impacts people’s spontaneous perception of a robot as a social partner. Specifically, we found that spon-
taneous perspective-taking only occurred when the time delay was above zero, disappearing when the
delay was negative. This suggests that the robot’s perception must precede its behavior; if this sequence
is disrupted, the robot’s behavior no longer appears reasonable to participants. Moreover, we observed

m
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= 7 &
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2 . 3
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-400 -200 0 200 400 600 800 1000 2000
Time Interval

compatible . incompatible

Figure 4. Results of experiment 1. Note: The figure displays the reaction times and error rates from Experiment 1 across
the nine time delay conditions (—400, —200, 0, 200, 400, 600, 800, 1,000, and 2,000 ms). In panel (a), the bar plot shows
mean reaction times for Compatible (light blue) and Incompatible (dark blue) conditions, with error bars representing
standard errors of the mean. Overlaid on the bar plot is a black line with red circular markers, which indicates the com-
patible advantage-defined as the difference in reaction times between Incompatible and Compatible conditions-mapped
onto the right y-axis. Asterisks denote statistically significant differences between conditions (*p < 0.05, **p < 0.01,
Hkp < 0.001).
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that the spontaneous perspective-taking effect persists within a time delay range of 0 to 600 ms, though
it gradually diminishes as the delay increases. The compatible advantage decreased from 10ms at a
O0ms delay to just 5ms at 600 ms, indicating that the optimal perception-action interval falls within this
window.

In the next experiment, we will explore how variations in contingency within an acceptable time
delay range influence individuals” spontaneous perception of robots as social partners.

3. Experiment 2

Experiment 2 aimed to investigate how the frequency of correct behavior following perception-essen-
tially, the contingency between perception and action-affects individuals’ spontaneous perception of the
robot as a social partner.

3.1. Method

3.1.1. Participants

Another 144 participants (62 females; age: M =23.30, SD =4.16) were recruited on campus and com-
pensated with either 15 CNY or course credit. All participants had normal or corrected-to-normal
vision and provided written informed consent. The required sample size was calculated using G*Power
3.1 (Faul et al., 2007) and effect sizes from previous studies (Boffel & Miisseler, 2019; Hu et al., 2025;
Salm-Hoogstraeten & Musseler, 2021), based on a 6 (Frequency: 100, 90, 80, 70, 60, 50%) x 2
(Compatibility: Compatible, Incompatible) design. The analysis indicated a minimum of 102 partici-
pants was necessary. To ensure thorough counterbalancing across multiple variables, a final sample size
of 144 was selected, with 24 participants assigned to each frequency condition.

3.1.2. Apparatus and stimuli

The experimental setup largely followed that of Experiment 1, with adjustments only to the robot’s per-
ception-behavior feedback after the participant’s response. In Experiment 2, the interval between the
robot’s perception and behavior was fixed at 200 ms. This duration, which exceeds the just noticeable
difference, ensured a clear distinction between perception and behavior phases and was previously iden-
tified as a reasonable gap. In this experiment, perception always preceded behavior: the robot’s percep-
tual process was displayed immediately after the participant’s response, followed 200ms later by its
behavioral response. However, the correctness of these behavioral responses varied based on a fre-
quency factor. For example, at 90% frequency, the robot performed the correct behavior 90% of the
time. In the remaining 10%, the behavior was incorrect-such as reaching in a direction opposite to the
target-making the behavior inconsistent with the perceived content (Figure 5). This manipulation was
designed to reflect contingency-the frequency with which perception and correct behavior co-occurred.

3.2. Result

False responses and outlier reaction times (RTs) outside the range of 100—1,000 ms were removed fol-
lowing established criteria (see Boffel & Miisseler, 2019). This exclusion resulted in the removal of
6.83% of trials. A 6 (Frequency: 100, 90, 80, 70, 60, 50%) x 2 (Compatibility: Compatible,
Incompatible) mixed ANOVA was performed, treating frequency as a between-subjects variable and
compatibility as a within-subjects variable. The primary dependent variables-mean RTs and error rates-
were analyzed separately. Bonferroni corrections were applied for post hoc comparisons.

The ANOVA revealed a statistically significant main effect of compatibility (F(1, 138) = 10.19,
p=0.002, ’7p2 = 0.069), indicating that RTs were faster under compatible conditions than under incom-
patible conditions. No significant main effect of frequency was observed (F(5, 138) = 0.62, p=0.686,
n,° = 0.022). However, a significant interaction between compatibility and frequency emerged (F(5,
138) = 2.64, p=0.026, n,” = 0.087). Simple effects analyses showed that at a frequency of 100%, RTs
were significantly faster under the compatible condition than under the incompatible condition, with a
10 ms advantage (p < 0.001). A similar significant difference was found at 90% frequency, with a 7ms
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Frequency:
50% ~ 100%

Target & Response Perception

Correct Behaviour

1 - Frequency

———— - -

100 ~ 1000 ms 200 ms 500 ms

Figure 5. Experimental stimulus and procedure of Experiment 2. Note: A schematic representation of the avatar's per-
ception-behavior patterns under different accuracy in Experiment 2.

advantage (p=0.012). When the frequency of correct behavior decreased further, no significant com-
patibility advantage was observed at 80% (p=0.802), 70% (p=0.793), 60% (p=0.503), or 50%
(p=0.793) (Figure 6).

The analysis of error rates (ER) also revealed no significant main effects of compatibility (F(1, 138)
= 2.16, p=0.144, n,> = 0.015), frequency (F(5, 138) = 0.48, p=0.792, n7,> = 0.017), or their inter-
action (F(5, 138) = 0.83, p=0.528, npz = 0.029) (Figure 6). This pattern confirms that RT differences
were not driven by changes in accuracy.

3.3. Discussion

Our findings demonstrate that contingency-the frequency of correct behaviors following perception-
plays a crucial role in whether individuals spontaneously perceive a robot as a social partner. When the
robot’s corresponding behaviors occurred 90 or 100% of the time after perception, participants consist-
ently adopted the robot’s perspective. However, as this frequency decreased, the effect dissipated. These
results suggest that a robot’s behavioral accuracy of at least 90% following perception is necessary to
reliably trigger people’s spontaneous perspective-taking.

4. General discussion

The current study examined how the temporal contiguity (time delays) and contingency (frequency of
correct behavior) between a robot’s perception and its behavior influence humans’ spontaneous consid-
eration of the robot as a social partner. The results showed that people spontaneously adopted the
robot’s perspective when the time delay between perception and behavior ranged from 0 to 600 ms.
However, if behavior preceded perception or the delay exceeded this range, the perspective-taking effect
disappeared. Additionally, the effect was sustained only when the frequency of correct behaviors follow-
ing perception reached at least 90%. If the frequency dropped below 90%, the effect vanished again.
These findings delineate empirically grounded design reference ranges for robotic engineering and
interpretable goal-driven Al, showing that causal interpretation is most reliable when robots’ perception
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Figure 6. Results of experiment 2. Note: The figure displays the reaction times and error rates from Experiment 2, sepa-
rated by the six frequency conditions (100, 90, 80, 70, 60, 50%) and by compatibility (light blue for Compatible, dark
blue for Incompatible conditions). The plotting conventions align with those presented in Figure 4.

precedes behavior by approximately 0-600 ms and when perception-behavior alignment remains high
(above 90%).

However, certain issues from previous research warrant further discussion. For instance, in
Experiment 1, participants spontaneously adopted the robot’s perspective even when perception and
behavior occurred simultaneously (0 ms delay). At first glance, this observation may seem to challenge
the conventional assumption that perception must precede behavior in a causal sequence. However,
this finding is consistent with earlier work (Hu et al., 2025), which highlights that while perception typ-
ically precedes behavior, the underlying perceptual processes driving behavior do not always result in
immediately observable changes. In many cases, the underlying perceptual processing remains covert,
even when the external events appear simultaneous. This perspective aligns with prior research demon-
strating that subtle pre-attentive shifts or preparatory processes often occur prior to overt perception
and behavior, even if they are not always detected (Deubel & Schneider, 1996; Henderson et al., 1989;
Zhao et al,, 2012). This preprocessing stage enables rapid attentional shifts and response initiation, par-
ticularly under conditions that demand swift reactions. Externally, these events can appear nearly sim-
ultaneous-similar to a baseball player glancing at a ball and almost instantly beginning their swing.

An alternative explanation of the SPT effect observed in the current study is that it may be driven
by simple action-based causality alone—such that reaching behavior, if causally contingent, would be
sufficient to elicit SPT, without requiring an explicit perception-behavior sequence. To examine this
possibility, we conducted a supplementary control experiment. Specifically, we tested whether SPT
could emerge when the robot retained a perceptual structure (a camera) but did not execute any per-
ceptual movement (e.g., camera movement), while preserving the strongest possible causal parameters
(Oms delay and 100% contingency). Under these conditions, the SPT effect was absent (see
Supplementary Materials for details). This finding provides further evidence that SPT critically depends
on an observable perception-behavior sequence, rather than on simple action-based causality alone.

A key question emerging from these findings is why the observed time delay and frequency thresh-
olds align with specific ranges. Previous research has extensively examined the temporal constraints of
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causal perception. For instance, studies on the “launching effect” demonstrate that a causal relationship
between two events-such as ball A striking ball B and ball B moving-is only perceived if the events
occur within a very short interval, typically less than 100 ms (Bechlivanidis & Lagnado, 2016; Cravo
et al., 2015; Michotte, 2017). However, the temporal relationship between an agent’s perception and its
subsequent behavioral response likely follows a different model. Here, delay is not merely the temporal
gap between two physical events; rather, it represents the interval between perceiving information,
forming an intention, and executing a response. This sequence involves multiple cognitive stages and is
inherently more complex and prolonged than the simple mechanical interaction between two objects.
For example, Libet et al. (1993) found that the time needed for a subjective intention to initiate move-
ment is typically around 200-350 ms. In our experiments, participants interpreted the agent’s percep-
tion and subsequent behavior as causally connected, perceiving the agent as a potential social partner.
Notably, our findings suggest that humans exhibit greater tolerance for causal intervals when interact-
ing with social agents than what is typically observed in traditional causal perception studies. This
broader tolerance may stem from humans’ long evolutionary history of interactions with non-human
social partners, such as domesticated animals, which often exhibit delayed responses-for example,
pigeons taking a brief moment before reacting (Blough, 2000). This flexibility may reflect humans’ cap-
acity for learned adaptation, as prior research suggests that exposure to slower agents can implicitly
adjust people’s own temporal expectations (Bargh et al., 1996). This evolutionary and experiential con-
text could explain why humans are more accepting of extended causal intervals when evaluating social
agents. Importantly, these evolutionary and experiential considerations are offered only as post hoc
interpretations of the empirical results obtained via the fixed-window psychophysical approach, rather
than as motivations for the experimental design or the time window itself. Identifying the precise
underlying mechanisms remains an open question for future research.

Secondly, regarding frequency, our findings reveal that participants required a remarkably high level
of accuracy—around 90%—to perceive a causal link between the agent’s perception and its subsequent
behavior. This threshold is notably higher than what has been reported in many classic studies on
causal perception. For example, previous research often finds that individuals can detect causal relation-
ships at accuracy levels around 50-60% (Hommel et al., 2003; Msetfi et al., 2013). Such studies typically
involve simple action-effect tasks, such as pressing a button and observing whether a light turns on. By
contrast, evaluating an agent’s behavior may be more sensitive. When people judge whether an agent is
reliably responding to perceived information, the stakes are arguably higher: misjudging the agent’s
competence could lead to social or safety risks, especially in collaborative or interactive settings, where
even small errors in machine decision-making can significantly undermine user trust (Fan et al., 2008;
Kim et al,, 2025). This heightened sensitivity may explain why people adopt a stricter criterion for
detecting causal coherence in agent behavior compared to simpler tasks. Future research should clarify
the cognitive mechanisms underlying these thresholds and determine how anthropomorphism, context,
and risk perceptions influence people’s evaluations of social agents.

Notably, although the compatibility advantage appeared to increase slightly at the 70% accuracy con-
dition, post hoc comparisons with neighboring conditions (50, 60, and 80%) revealed no statistically
significant differences (see Supplementary Materials for details). We therefore interpret this apparent
increase as a nonsystematic fluctuation rather than a reliable effect. When information is uncertain and
the perception-behavior relationship is unstable, people may occasionally over-attribute causal struc-
ture—a phenomenon related to the illusion of causality (Alloy & Abramson, 1979). At present, our
data do not allow us to determine why such a fluctuation would emerge at a specific level (e.g., 70%
rather than 60 or 80%). Identifying the mechanisms underlying this pattern remains an open question
for future research.

Moreover, it is important to note that the temporal and contingency thresholds identified in the pre-
sent study were derived from a relatively homogeneous sample of young university adults, a population
that typically exhibits higher familiarity with digital technologies and robotic systems. Prior research
indicates that age and technology experience systematically shape human-robot interaction. Compared
with younger adults, older adults tend to report lower acceptance of robots and show greater sensitivity
to behavioral inconsistency, particularly when system behavior is difficult to interpret (Broadbent et al.,
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2009; Czaja et al., 2006; Scopelliti et al., 2005). In contrast, children may display the opposite pattern,
showing greater tolerance toward robot errors and behavioral inconsistency (Breazeal et al., 2016).
Moreover, technology experience has been shown to modulate causal and intentional interpretations of
robot behavior: limited prior experience is associated with stricter judgment criteria, whereas greater
familiarity promotes more tolerant and flexible interpretations (Heerink et al., 2010). Accordingly, the
reference ranges reported here should be interpreted as estimates applicable to young adults with rela-
tively high ease of interaction with technology and robotics. Future research should examine whether
these thresholds shift across age groups, levels of robot exposure, and individual differences in technol-
ogy attitudes.

The main contribution of this study is the empirical delineation of reference ranges for the temporal
and contingency conditions under which robot behavior is interpreted as causal by human observers.
Building upon our previous work (Hu et al., 2025), we emphasize the importance of integrating an
overt perception module as a standard feature of intelligent systems. Even in robots that do not rely on
directional perception—such as those equipped with omnidirectional LiDAR—a virtual sensory indica-
tor can substantially improve interaction quality. Importantly, this module does not need to perform
actual sensing functions; rather, it should provide a clear, perceivable cue to the user, such as light sig-
nals or symbolic eyes that emulate human-like sensory behaviors. For instance, Lasota et al. (2017)
reviewed human-robot collaboration in manufacturing and highlighted that workers often cannot pre-
dict robot motions, especially when robots lack expressive cues, leading to reduced safety and efficiency.
In addition to the presence of perceptual cues, it is critical that the robot maintains a salient focus on
one target when interacting with multiple objects or individuals. This selective focus allows users to
infer the robot’s attentional priorities and reduces ambiguity during interaction. The importance of this
principle is evident in real-world service environments; for example, hotel service robots frequently
issue generic commands like “please make way” without orienting toward a specific person, leaving
guests confused about who is being addressed. Furthermore, the temporal relationship between percep-
tion and action must be reliably perceivable. The perceptual cue should consistently shift toward the
intended target approximately 0-200 milliseconds before the initiation of a behavior. While this tem-
poral delay does not need to reflect real sensory processing, it should reliably occur before the action to
support causal inference. Critically, maintaining at least 90% consistency between perceptual cues and
subsequent actions is necessary to sustain user trust. This requirement becomes particularly essential in
high-stakes decision-making environments, such as autonomous driving, where users must be able to
anticipate system behavior to maintain situational awareness and ensure safe collaboration (Wiegand
et al., 2019). Our approach has already been validated in ecological, real-world scenarios (Salm-
Hoogstraeten & Miisseler, 2021), and we encourage future research to replicate and expand upon these
findings under naturalistic conditions. This not only improves usability and user trust but also lays the
groundwork for seamless human-robot collaboration.
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