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 A B S T R A C T

The human role in human–swarm interaction (HSI) shifts from controller to supervisor, as robots become 
more autonomous and require efficient search strategies in complex visual environments. Previous research 
has shown that spatially uninformative brief cues enhance search performance in laboratory environments 
(namely, ‘‘pip-and-pop’’ effect). Here we examined if these effects can be effectively applicable in HSI. To 
this end, we conducted two experiments using small mobile robots (Thymio II) to investigate the impact 
of auditory, tactile, and audiotactile cues on visual search performance and timing judgments. In the first 
experiment, 20 participants identified a stopped robot among moving robots. The results showed that all 
cue conditions significantly reduced reaction times (RTs) compared to the no-cue condition, suggesting 
that brief spatially non-informative signals improve search performance by increasing sensory information 
accumulation speed. The second experiment involved 12 participants judging the duration of a robot’s stop 
after a tactile cue was presented or not. The findings indicate that tactile cues improve temporal sensitivity 
without affecting subjective duration judgments. These results highlight the potential of uni- and multisensory 
cues to enhance HSI performance by facilitating quicker and more accurate human responses, particularly in 
dynamic environments. The study extends the ‘‘pip-and-pop’’ effect to real-world scenarios, offering insights 
for designing HSI systems that allow users to interact with robotic swarms more naturally and efficiently.
1. Introduction

With advances in the ability and autonomy of robots, the hu-
man role in human–robot interaction (HRI) is changing. Especially 
in regards to human–swarm interaction (HSI) with large swarms of 
autonomous robots, the human is more often supervising rather than 
controlling. The supervision of robots in a swarm requires an overview 
of a complex and dynamically changing visual environment. Finding an 
important target in this setting is an exhaustive and time-consuming 
task which usually involves processing each item and disentangling 
the correct one from the irrelevant ones (Quinlan, 2003; Barros and 
Lindeman, 2014). In time-critical situations, it may be important for 
a human supervisor to quickly identify a specific robot. Therefore, 
reducing the search time of a human operator in applications that 
require urgency and precision is a fundamental objective, which can 
significantly improve performance (Pawlak and Vicente, 1996). Fur-
thermore, in these situations, precisely estimating core aspects such as 
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time becomes crucial, as it directly influences an operator’s ability to 
efficiently estimate the exact time points of important events occur-
ring and their subsequent durations within the environment. In this 
study, we investigate whether brief and spatially uninformative signals 
can improve search times and consequently influence subjective time 
perception in an HSI task with real robots.

In our daily life, we are continually bombarded with sensory cues 
from the external world and strive to discern the most relevant and 
important information from these signals. Processing all these inputs 
is hindered by our limited capacity and we cannot reliably identify 
and discriminate all available cues at the same time (Wolfe, 2020). To 
find a target object in our field of vision, we employ visual search to 
select and further process the desired object among a large collection 
of redundant ones (Wolfe, 2020). Subsequently, attention is directed 
to the object, with resources predominantly allocated to processing 
its features (Chan and Hayward, 2013). Classical visual search studies 
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suggest that when a target stimulus has distinct features that distinguish 
it from the redundant distractors, the task of finding it is significantly 
facilitated (Egeth, 1977). For instance, a red ball amongst green ones 
can be easily detected and segregated from the rest of the set. The fast 
detection of a salient target with distinct features is called the pop-out 
effect.

Search performance also greatly benefits from additional infor-
mative cues about the features or location of the target of interest. 
Detection of a visual target that is spatially and temporally accompa-
nied by a brief auditory cue was facilitated (Bolia et al., 1999; Doyle 
and Snowden, 1998). Bolia et al. (1999) found that, in a visual search 
paradigm, auditory cues that are co-located with the visual target 
improved search performance by decreasing reaction times (RTs). This 
effect was observed in other tasks, where the covert orientation of 
attention to a stimulus in one modality also increased the processing 
of a stimulus in another modality (Shi et al., 2010; Spence and Driver, 
1997; Ho et al., 2005). For instance, Gray et al. (2009) have shown 
that temporally aligned tactile and auditory cues (in close proximity 
to visual) decreased RTs in a visual localization task. Therefore, in 
different contexts, cross-modal influences can assist task performance 
if both the stimulus and the cue are proximally aligned in space by ori-
enting attention. These results highlight how attentional mechanisms, 
influenced by both spatially and temporally aligned cues, can affect task 
performance across different sensory modalities.

Since there is no dedicated sensory organ for perceiving time, 
temporal processing always coincides with sensory events. Therefore, 
temporal judgments, that is, perceived duration, temporal order, or 
simultaneity, can be disturbed and modulated by perceptual properties 
of a stimulus and cognitive functions that are associated with sensory 
processing (Matthews and Meck, 2016). In this sense, attention is one 
of the modulating factors of temporal judgments. Covertly or endoge-
nously orienting attention with spatially aligned cues to the location of 
the stimulus was found to expand the duration judgments (Seifried and 
Ulrich, 2011; Yeshurun and Marom, 2008; Mattes and Ulrich, 1998). 
Furthermore, Chica and Christie (2009) found that the temporal reso-
lution increases when the RTs are not constrained. When participants 
were allowed to respond whenever they wanted, attentional cueing 
had a facilitating effect on discrimination performance. In addition to 
spatial cues, attention can be directed to a specific stimulus by temporal 
cues (Coull and Nobre, 1998). These temporally informative signals 
orient the attention to a specific window of time and thus enhance the 
sensory processing of stimuli appearing in that window. Furthermore, 
it has been found that temporal sensitivity is improved by orienting 
attention to the relevant time indicated by the temporal cues (Correa 
et al., 2006). Thus, attentional orientation through spatial and temporal 
cues influences temporal judgments.

In real-life applications, it may not always be possible to guarantee 
spatial alignment of the cue with its target. However, improvements 
in search performance were also observed with spatially uninformative 
auditory and tactile cues (Van der Burg et al., 2008, 2009, 2010; Zou 
et al., 2012; Ngo and Spence, 2010a). Van der Burg et al. (2008) found 
that uninformative auditory tones facilitate visual search by decreasing 
RTs. In the employed visual search task, participants were instructed 
to find the horizontal or vertical target among cluttered distractors. 
The target and distractors were green or red and changed colors at 
random intervals. Synchronous to the color change, in half of the trials, 
they presented a spatially uninformative auditory tone. RTs were sig-
nificantly reduced in the presence of auditory signals. This facilitation, 
termed the ‘‘pip-and-pop’’ effect, occurs when a brief auditory ‘‘pip’’ 
triggers a rapid ‘‘pop out’’ of the visual target. They argued that the 
effect was the product of an audiovisual integration process where the 
saliency of the visual stimulus increased and subsequently attracted 
attention  (Van der Burg et al., 2008, 2010). Alternatively, Zou et al. 
(2012) proposed that people employ a ‘‘wait-at-beep’’ strategy where 
oculomotor scanning behavior is frozen just after the onset of the 
auditory signal (Vroomen and de Gelder, 2000). They argue that this 
2 
freezing behavior allows for increased sampling of information from 
the display by facilitating the search. Furthermore, Ngo and Spence 
(2012) proposed that synchronizing the visual target with cues can 
transform the display into an ‘‘oddball’’ scenario, naturally drawing 
attention. In conclusion, spatially uninformative auditory or tactile cues 
can orient the attention to the target in cluttered environments and 
create a ‘‘pop-out’’ effect. Moreover, since these cues orient attention 
to the target, one would expect ‘‘pip-and-pop’’ effect to alter timing 
judgments by increasing the temporal sensitivity. In this study, we 
investigate the effectiveness of spatially uninformative cues in human 
and robot collaboration in terms of visual search performance and 
timing.

Incorporating insights from visual search research, which highlights 
the impact of distinct features and cross-modal cues, provides a foun-
dation for developing multimodal interfaces finely tuned for human 
operators in HSI and HRI. An example of such a multimodal interface 
application is the combination of visual, auditory, tactile, and olfactory 
cues in search and rescue robotics (Barros and Lindeman, 2014). In 
their setup, they use visual feedback through an interface to provide 
information on the robot’s speed, collisions, the robot’s proximity to 
collisions, and the carbon monoxide levels sensed by the robot. Their 
results show an improvement in the data perception and performance 
of the robot operator. In a different example, Reardon et al. (2018) 
present an Augmented Reality (AR) display to provide the user with 
additional navigational information in a cooperative search task with 
a robot. Their results show an increase in situational awareness by 
assisting a human to navigate to a target with augmented visual cues. 
However, it is important that the additional cues do not interfere with 
the main task or overload the human with information. In a recent 
study, Arend et al. (2023) have shown that haptic search cues with 
a long delay of 500 ms can affect the cornering performance of the 
operator in a main driving task, while short delays of 50 ms did 
not interfere. Other examples cover in-vehicle navigation and warning 
signals through tactile cues (Erp and Veen, 2004) or the combination 
of auditory and visual cues emitted by a non-humanoid robot to ask for 
help (Cha et al., 2016).

Even though the ‘‘pip-and-pop’’ effect has been studied in classic 
laboratory environments with simpler visual displays, it is unclear 
whether this effect will persist in a dynamically changing naturalistic 
environment. Facilitatory effect of non-special cues could have signifi-
cant implications for improving robot supervision in HSI. In scenarios 
where multiple robots operate in congested or dynamic environments, 
the use of non-spatial auditory or tactile cues can serve as a tool for 
directing human attention to critical information or events. Prior work 
has not examined whether spatially uninformative cues can improve 
search or affect temporal judgments in real-world HSI settings. This gap 
is important to be filled because human operators in time-sensitive HSI 
tasks must quickly detect important events without the aid of precise 
spatial indicators. Distinctive auditory or tactile cues could for example 
trigger a ‘‘pop out’’ effect, capturing the human supervisor’s attention 
and facilitating quick decision-making in response to a critical event. 
This concept not only improves communication in complex tasks but 
also opens avenues for designing effective and novel multimodal inter-
faces, contributing to the seamless collaboration between humans and 
robots in various real-world applications. However, to our knowledge, 
this is not yet explored in the literature, nor is it known how the brief 
and spatially uninformative signals that constitute the ‘‘pip-and-pop’’ 
effect could affect temporal judgments. In the two experiments of this 
study, we investigated (1) how auditory, tactile, and audiotactile brief 
non-spatially aligned cues affect search performance and (2) whether 
these cues affect temporal estimations and sensitivity in a naturalistic 
environment with moving robots.

Further insights regarding the visual search process in HSI can 
be obtained using cognitive models such as Drift Diffusion Modeling 
(DDM) (Ratcliff and McKoon, 2008). DDM posits that decisions are 
made by the continuous accumulation of sensory evidence until a 
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certain decision threshold is reached DDM quantifies key parameters 
such as the drift rate, decision boundary, and non-decision time which 
are further explained in the methods section. By analyzing these pa-
rameters, the model can elucidate how brief, spatially uninformative 
cues can enhance the saliency of visual targets and expedite decision-
making processes (Ratcliff, 1978; Wiecki et al., 2013). In the context of 
HSI, DDM can be particularly useful in revealing how these cues might 
enhance the accumulation of sensory evidence, thereby improving the 
speed and accuracy of identifying critical targets among distractors.

Building on these findings regarding the influence of spatial and 
temporal cues on visual search and temporal judgments, this study 
aims to address the gap concerning the effectiveness of brief, spatially 
uninformative auditory and tactile signals in dynamic human–swarm 
interaction environments. Specifically, we ask: Can these non-spatial 
multisensory cues improve search efficiency and alter subjective time 
perception during real-world supervision of robot swarms? By answer-
ing this, we seek to advance understanding of attentional mechanisms 
in HSI and inform the design of multimodal interfaces that support 
rapid and accurate human decision-making in complex, time-sensitive 
tasks.

2. Experiment outline

2.1. Transparency and openness

The complete dataset, along with the analysis code and research 
materials, is publicly accessible on the Open Science Framework (OSF) 
at (https://osf.io/p7tz2/?view_only=5f77d11769274fabae437aebccbf2
0c9). We employed Thymio II robot platform (Riedo et al., 2013) and 
Raspberry Pi 3B for wireless connectivity. The analyses were performed 
using Python (version 3.10.2.) with the PyMC (version 5.9.2.) and 
psignifit (version 4.0.) packages.

Ethical approval for this research was granted by the ethics com-
mittee of (removed for masking), following the guidelines of the Dec-
laration of Helsinki (2013) without preregistration.

2.2. Robot hardware

For both studies, we used the Thymio II (Riedo et al., 2013) robot 
platform. It is a small differential drive robot with a footprint of 11 cm 
× 11 cm and a maximum linear velocity of 0.2 m/s. The perception 
system contains nine infrared (IR) distance sensors with an approximate 
range of 15 cm. Five sensors are horizontally positioned at the front 
of the robot, and two are horizontally placed toward the rear. The 
last two IR sensors are located in the front section underneath the 
robot, aimed at the ground. For added wireless connectivity and better 
controls with a Python programming interface, we enhanced it with a 
Raspberry Pi 3B and an additional battery bank. An image of the fully 
assembled robot can be seen in Fig.  1.

2.3. Robot behavior

The basic robot behavior can be described as ballistic motion in 
which the robot drives straight with a constant velocity of 𝑣 = 0.1 m∕s
until it detects the arena boundary or another robot. For other robots, 
which are detected by the front-facing horizontal IR sensors, the robot 
rotates on the spot in a random direction for a random duration 
between 0.5 and 1.5 s, both sampled from a uniform distribution. When 
the robot detects the arena boundary, marked by black tape on the 
ground, using its downward-facing IR sensors, it performs an escape 
maneuver. It reverses for a random duration between 0.5 and 1.5 s, 
drawn from a uniform distribution, or until its rear-facing IR sensors 
detect another robot behind it. Subsequently, it rotates on the spot 
away from the arena boundary for a random duration between 0.5 and 
1.5 s, sampled from a uniform distribution.
3 
Fig. 1. The robot has a footprint of 11 cm × 11 cm. Four of its 5 front facing 
infrared (IR) distance sensors can be seen on the image.

3. Experiment 1

In Experiment 1, we investigated the effects of auditory, tactile, 
and audiotactile cues on visual search performance in a dynamically 
changing environment populated by moving Thymio II robots. Twenty 
participants were tasked with identifying and responding to a robot 
that stopped moving within a 2 m × 2 m arena. The experiment 
consisted of eight trial conditions combining different cue types and 
robot behaviors. Next, we present the experiment and results in further 
detail.

3.1. Method

3.1.1. Participants
A priori power analysis was conducted using G*Power (Faul et al., 

2007) based on initial piloting with a medium effect size (Power 80%, 
medium effect size of partial 𝜂2 = .07 for repeated measures Analysis of 
Variance [ANOVA] with four levels, 𝛼 = .05). This analysis indicated a 
required sample size of 20. Twenty participants (13 females, age range: 
19–37, M = 25.2, SD = 4.9) were recruited through a circular email at 
Justus-Liebig University, Giessen. None of the participants reported any 
somatosensory impairments and all reported normal or corrected-to-
normal vision. Prior to the experiment, they provided written informed 
consent and were compensated 8e/h for their participation.

3.1.2. Stimuli and apparatus
In Experiment 1, the robots were placed inside of a 2 m × 2 m 

robot arena marked with black tape on the ground. The participants 
were standing adjacent to this arena at a distance of 1.2 m. During the 
experiment, the participants were holding a 3D printed cube measuring 
9 cm × 9 cm with a 24 mm diameter button on top. The button was 
used to collect the participants’ responses. During the experiment, a 
custom-made multimodal haptic vest (removed for masking) was used 
to deliver tactile cues. Headphones were used to present white noise 
to suppress the sound of the robots. Additionally, the participants wore 
a Polar H10 electrocardiography (ECG) chest strap (Polar, 2024) and a 
Pupil Labs Core eye tracker (Kassner et al., 2014) which are not subject 
to the current study. All data was recorded with the Capture software 
by Pupil Labs via the lab streaming layer (LSL) system (Kothe, 2024) 
for timestamp time synchronization.

In addition to the basic robot behavior detailed in the experiment 
outline, we introduced ‘‘stop’’ and ‘‘no stop’’ conditions. In the ‘‘stop’’ 
condition, a randomly selected robot would stop for 5 s before resuming 
its movement. The ‘‘no stop’’ condition did not involve a change in 
robot motion. Additionally, four types of cues were introduced: no 
cue, a tactile cue delivered via the haptic vest (7.38 m∕s2 root mean 
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square) on the right and left side of the upper chest area, an auditory 
cue (300 Hz, sine wave) from the headphones, and an audiotactile cue 
combining both the auditory and tactile cues. The cues were designed 
according to the previous literature which demonstrated and explored 
the ‘pip-and-pop effect’’ (Van der Burg et al., 2008, 2009, 2010; Zou 
et al., 2012). Furthermore, tactile cues were selected specifically to be 
above detection threshold and we used similar amplitudes that has been 
used previous studies which showed attentional effects (Celebi et al., 
2025). Each cue lasted for 100 ms and their onsets were synchronized 
with the ‘‘stop’’ and ‘‘no stop’’ conditions.

3.1.3. Design and procedure
A within-participant design with the effect of cue (four levels: no 

cue, auditory cue, tactile cue, and audiotactile cue) and stopping (two 
levels: stop and no stop) was used. At the beginning of the experiment, 
we thoroughly explained the procedure and the task to the participants. 
We asked the participants to observe all robots in the arena and identify 
if any robot had stopped, as in the stopping condition. Their task was 
to press the button on the handheld interface until the robot started 
moving again. We also informed them of the different cues which could 
randomly be triggered during the experiment and highlighted that they 
were random and not an indication that a robot had stopped. This task 
was designed to assess the participant’s ability to perceive and respond 
to the robot’s change in status under different cues.

Each experimental trial began with a 30-second start offset in which 
robots move in their basic behavior, followed by the random initiation 
of trials at intervals ranging between eight and twelve seconds, and 
concluded with a ten-second end offset. Every participant first absolved 
a training session, consisting of two repetitions of each trial condition 
in a random sequence, followed by the main experiment. The main 
experiment included ten trials for each condition, also in a random 
order. Overall, the experiment lasted approximately 20 minutes per 
participant.

During the experiment, we continuously recorded a time-series of 
the experiment state, including stopping trigger, cue types, and button 
input. All data were captured with synchronized timestamps to extract 
the response times for each trial condition.
Hierarchical drift–diffusion modeling. Drift–diffusion modeling (DDM) 
serves as a well-established method to reveal the underlying stages 
of processing involved in a specific perceptual decision-making task. 
These models operate on the assumption that sensory information is 
progressively gathered over time, and once a predefined boundary 
is reached in this accumulation process, a decision is made (Ratcliff 
and McKoon, 2008). In the employed task, individuals gather sensory 
information from the environment to find the target robot and decide 
if sufficient information was gathered regarding the stopping. Thus, to 
further investigate what sensory processes are involved in this effect, 
we applied hierarchical DDM to the RTs data (Ratcliff, 1978; Wiecki 
et al., 2013). Here, as we only have RTs for the correct responses and 
considering the high accuracy of the participants, we fitted a single 
boundary DDM for the correct responses. To this end, we used the ap-
proximation derived by Lee et al. (2006). This approximation involves 
three parameters: drift rate 𝑣, boundary 𝑎, and non-decision time 𝑡. The 
drift rate 𝑣 represents the speed of information accumulation during 
decision-making. Higher drift rates indicate faster and more confident 
decisions based on stronger sensory evidence, whereas lower drift rates 
suggest slower decision-making due to weaker evidence. The boundary 
parameter 𝑎 signifies a threshold that must be reached for a decision to 
be made. A higher boundary reflects a more cautious decision-making 
criterion. And finally, the non-decision time 𝑡 parameter accounts for 
time spent outside the decision-making process, encompassing sensory 
encoding, response preparation, and execution (Ratcliff and McKoon, 
2008; Allenmark et al., 2018). As the model was hierarchical, we 
estimated these parameters both at group-level and individual lev-
els (Wiecki et al., 2013). To gain insight into which latent processes 
4 
Fig. 2. RTs for each Cue. Error bars depict the standard error of the mean. 
Asterisks depict significant differences.

can explain the empirical data, we employed six hypothetical models 
that vary in which parameters were allowed to change between cue 
conditions and then compared these models using the arViz package in 
Python (Kumar et al., 2019). Model comparison results are shown in the 
Results section. In the model fitting procedure, we sampled all of the 
group-level parameters from a Truncated Normal distribution bounded 
by [0,∞] as we require positive values. We chose weakly informative 
hyperparameters for these distributions. We generated 40,000 samples 
for each model using PyMC package on Python (Oriol et al., 2023) 
which employs a Markov Chain Monte Carlo algorithm  (Andrieu 
et al., 2003) to robustly estimate the posterior distribution of model 
parameters. To ensure convergence, we visually inspected the traces, 
and their auto-correlation, and checked the R-hat statistics for the reli-
ability and accuracy of the sampling (Wiecki et al., 2013). Finally, we 
performed Bayesian hypothesis testing on posterior estimates of group-
level variables by calculating the probability of difference between 
parameters being above zero (Kruschke, 2010; Gelman et al., 1995).

3.2. Results

Data from a participant were not included in the statistical analyses 
because of not properly adhering to task instructions. The accuracy was 
calculated as the percentage of correct button presses in trials where the 
robot stopped. The RTs were calculated as the time difference between 
the robot stopping and the button press. The average accuracy of the 
responses was high across all conditions (no cue: 95.6%, auditory cue: 
98.1%, tactile cue: 96.0%, audiotactile cue: 95.3%). Individual RTs 
were submitted to a repeated-measures ANOVA to test the effect of 
cue (no cue, auditory cue, tactile cue, and audiotactile cue) on search 
performance. Mauchly’s test did not indicate a significant violation 
of the sphericity assumption, 𝜒2 (5) = 7.37, p = .19. There was a 
significant main effect of the cue on RTs F (3,54) = 10.82, p <.001, 
partial 𝜂2 = .37 (Fig.  2). Bonferroni corrected pairwise comparisons 
showed that the no cue condition resulted in significantly higher RTs 
(M = 1.42, SD = 0.4) compared to the auditory (M = 1.13, SD = 0.24),
p <.01, d = .88, tactile (M = 1.09, SD = 0.25), p <.01, d = .99, and 
audiotactile cue conditions (M = 1.10, SD = 0.16), p <.01, d = 1.05. 
There were no significant differences between the RTs for auditory and 
tactile (p > 0.43, d = .17), auditory and audiotactile (p > 0.58, d = 
.15) as well as tactile and audiotactile (p > 0.87, d = .05) conditions. 
Overall, this shows that regardless of the cue modality, a cue enhances 
the performance.
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Fig. 3. ELPD WAIC Scores for Each Proposed Model.Y axis labels depict which 
parameters were fixed or free in different models. 𝑣 is drift rate, 𝑎 is boundary, 
and 𝑡 is non-decision time.

3.2.1. Hierarchical DDM results
We used expected log-pointwise predictive densities (ELPD) derived 

by Widely Applicable Information Criterion (WAIC) to compare models. 
WAIC is a Bayesian criterion for model comparison that estimates a 
model’s expected predictive accuracy. Specifically, it computes the sum 
of the log-likelihood of the data, averaged over the posterior distri-
bution, while penalizing model complexity by estimating the effective 
number of parameters (Vehtari et al., 2017). In hierarchical models, 
parameters are often partially pooled across participants, and the actual 
complexity of the model is determined not only by the number of 
parameters, but by how much those parameters are informed by the 
data. WAIC accounts for this by penalizing models based on the vari-
ance of the log-likelihood across posterior samples. Model comparisons 
revealed that the best model was the one that varied all parameters 
for each condition (Fig.  3). We conducted Bayesian hypothesis testing 
in order to examine the differences in estimated model parameters 
between conditions. In this model, the drift rate for the no cue condition 
was lower than for auditory 𝑃𝑃 |𝐷 = 1.0, tactile 𝑃𝑃 |𝐷 = 1.0, and 
audiotactile cues 𝑃𝑃 |𝐷 = .99 revealing that each cue increased the 
speed of accumulation of sensory information. There were no credible 
differences between the conditions a cue was present (all 𝑃𝑃 |𝐷 <.79). 
Furthermore, there were no credible differences between the conditions 
on the boundary parameters (all 𝑃𝑃 |𝐷 <.84), and on non-decision time 
parameters (all 𝑃𝑃 |𝐷 <.52) (Table  A.1). Thus, even though the model 
that varied all parameters was the best, brief non-spatial cues resulted 
in a change only in sensory evidence gathering speed, namely the drift 
rate (Fig.  4).
5 
4. Experiment 2

In Experiment 1 we studied how different cues affect visual search 
performance regarding RTs in a dynamically changing environment 
populated by moving robots. As attentional cueing can affect timing 
judgments, in experiment 2 we examine how tactile cues influence 
temporal estimations and sensitivity in a visual search task similar to 
Experiment 1 coupled with a temporal bisection task. Twelve partic-
ipants observed a robot stopping within a 2.2 m × 1.6 m arena and 
judged the duration of its stop as being closer to short or long anchor 
durations. The following sections present the experiment and results in 
further detail.

4.1. Methods

4.1.1. Participants
An a priori power analysis was conducted using G*Power (Faul 

et al., 2007) based on the findings from the first experiment with a 
large effect size (Power 80%, large effect size of Cohen’s  𝑑 = .8 for a 
one-sided t-test, 𝛼 = .05). This analysis revealed a required sample size 
of 12. Twelve participants (8 females, age range: 20–40, M = 25.5, SD = 
5.2) were recruited through a circular email at Lübeck University. None 
of the participants reported any somatosensory impairments and all 
reported normal or corrected-to-normal vision. Prior to the experiment, 
they provided written informed consent.

4.1.2. Stimuli and apparatus
For this experiment, we used the same setup as in the first exper-

iment besides a minimally different arena measuring 2.2 m × 1.6 m 
because it was conducted in a different lab. Additionally, the button 
interface was extended with two additional small buttons on either side 
of the main 24 mm diameter button on top.

The general behavior of the robot is described in the outline of the 
experiment. In each trial, a randomly selected robot would stop moving 
and would start again with a delay period once the participant signaled 
detecting it with a button press. This was accompanied by one of two 
cue conditions: no cue or a tactile cue delivered via the haptic vest. 
Further details of the robot behavior are explained in the experiment 
procedure.

4.1.3. Design and procedure
A within-participant design with the effect of cue (two levels: no 

cue, tactile cue) and delay period (seven levels: 200, 300, 400, 500, 
600, 700, 800 ms) was used. The range from 200 ms to 800 ms was 
chosen, based on previous research on temporal bisection in the sub-
second range by Wearden and Ferrara (1995). Before the experiment, 
we thoroughly explained the procedure, the interface, and the task 
to the participants. The participants were tasked with localizing the 
stopped robot and then pressing the large button on their handheld 
Fig. 4. Estimated parameter values of the group-level parameters extracted from the posterior distribution for the best fitting model across cues. (A) Drift rate 
(B) Boundary (C) Non-Decision time. Error bars depict the standard deviation of the posterior distribution. Asterisks depict significant differences.
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Fig. 5. Temporal bisection trial timeline. The red dashed line is the de-
tection time of unknown duration as it depends on the participant. The 
yellow solid line the trial duration/delay period with a delay period of 𝑡 ∈
[200, 300, 400, 500, 600, 700, 800] ms. The green dashed line the response window 
in which the participant indicates whether the trial duration was perceived as 
‘‘long’’ or ‘‘short’’.

interface to indicate that they had detected the robot. Following the 
button press, the robot would resume movement after a delay period 
of 𝑡 ∈ [200, 300, 400, 500, 600, 700, 800] ms, with anchor durations defined 
as 𝑡short = 200 ms and 𝑡long = 800 ms. The participants were then 
required to indicate whether they perceived the delay as closer to 
the short or long anchor duration by pressing the corresponding small 
button on their interface. For the better understanding of the procedure, 
see Fig.  5.

Overall, the experiment was structured into four phases, beginning 
with training. During this initial phase, participants were not required 
to provide input. Instead, a single robot performed the basic behavior 
as shown in the experiment outline and demonstrated the two anchor 
durations (short and long), repeating each seven times in a random 
sequence without any cues. Participants received auditory information 
through headphones, stating ‘‘short’’ or ‘‘long’’ after each trial, to help 
them familiarize themselves with the durations. Following this, we 
assessed their comfort with the task, offering the option to repeat this 
phase if clarification is needed.

The second phase was to measure whether the anchor durations 
had been learned. Similar to the training phase, it involved just one 
robot and the two anchor durations, each repeated seven times in 
a random order, without cues. Participants were asked to indicate 
whether the duration was long or short using the buttons. They then 
received auditory feedback (‘‘false’’ or ‘‘correct’’) and visual feedback, 
with all robots lighting up in red or green, based on their response.

The third phase constituted the main experiment with a break for 
the participants after 50% of the trials. Each segment was designed to 
last approximately 15 minutes. In this phase, all robots were moving, 
and a random one would stop. Participants were instructed to press a 
button after they noticed the stopping and then observe the subsequent 
delay period. Before and after the break, every duration was presented 
13 times under both non-cued and tactile-cued conditions. Participants 
were asked to judge if the observed delay period was more similar to 
the short or long anchor duration. In this round, the feedback was given 
for the anchor durations, with the robots illuminated in red or green 
and the auditory feedback (‘‘false’’ or ‘‘correct’’) accordingly to remind 
the anchor durations throughout the experiment.

Throughout the experiment, we recorded the experiment state, in-
cluding stopping, cue types, and button states. The data were captured 
with synchronized timestamps to extract the detection time of the 
temporal bisection response for each trial condition.
Data analysis. Logistic psychometric functions were fit to the propor-
tion of ‘‘long’’ responses for each participant per condition in the timing 
task using the psignifit package in Python (Schütt et al., 2016). In 
order to assess duration judgments Bisection Points were calculated 
from the psychometric function as the stimulus duration with a 50% 
frequency of ‘‘long’’ responses. The Just Noticeable Difference (JND) 
was defined by half of the difference between the stimulus durations 
with 25% and 75% frequencies of ‘‘long’’ responses. As a temporal 
sensitivity measure, Weber Fractions (WF) were calculated as the ratio 
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Fig. 6. Estimated parameters derived from the psychometric functions across 
cue conditions. (A) Bisection Points (B) Weber Fractions.Error bars depict the 
standard error of the mean. Asterisks depict significant differences.

between JND and Bisection Point. Data from a participant were not 
included in the statistical analyses because of not properly adhering to 
task instructions.

4.2. Results

As expected, a one-sided paired sample t-test revealed that the RTs 
with tactile cue (M = 1.08, SD = 0.123) were significantly shorter 
than in the no cue condition (M = 1.30, SD = 0.15) t(10) = 5.09, p
<.001, d = 1.50. To test if subjective duration judgments and temporal 
sensitivity were different in cue conditions, we applied one-sided t-tests 
between conditions to bisection points and Weber fractions, respec-
tively. The results revealed that the tactile cue did not have a significant 
effect on the bisection points in the timing task t(10) = 0.75, p >.46, d
= .23. However, as expected Weber fractions were significantly smaller 
in tactile cue (M = .17, SD = 0.1) than in the no cue condition (M = 
.24, SD = 0.09), t(10) = 4.91, p <.001, d = .64 showing that temporal 
sensitivity was better when tactile cues were present (Fig.  6).

5. Discussion

We investigated the effect of spatially uninformative signals on 
visual search performance and temporal judgments in a dynamic en-
vironment cluttered with robots. For this environment, we chose to 
work with small mobile robots that operate in a controlled but un-
predictable pattern, mimicking the complexity and unpredictability of 
real-world scenarios. We found that auditory, tactile, and audiotactile 
brief signals decreased RTs in a visual search task. Furthermore, the 
second experiment showed that the presence of these cues increases 
the sensitivity of duration judgments, which might indicate a greater 
attentional orientation towards the target (Chica and Christie, 2009). 
Our findings extend the ‘‘pip-and-pop’’ effect (Van der Burg et al., 
2008), demonstrating its applicability beyond simple visual displays to 
dynamic, real-world settings where robots are in motion.

The first experiment showed that auditory, tactile, and audiotac-
tile brief cues facilitate the detection of a stopping robot amongst 
moving ones. Specifically, signals, that are temporally synchronized 
with an abrupt visual change in the environment, decrease RTs in 
the search task. We argue that this facilitation is essentially the ‘‘pip-
and-pop’’ effect that has been investigated in simpler visual display 
settings (Van der Burg et al., 2008, 2009, 2010; Zou et al., 2012; Ngo 
and Spence, 2010a). This result might imply that auditory, tactile, and 
audiotactile cues can be incorporated into HSI and HRI interfaces to 
enhance the performance of the human supervisor. In dynamic and 
congested environments, brief and non-spatial cues can be easily used 
to direct the attention of the supervisor to the most crucial infor-
mation that needs an urgent response. Various explanations for this 
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phenomenon have been proposed; oddball effect, early multisensory 
integration, and freezing effect. It has been argued that temporally 
aligned signals from another modality can turn the visual target in a 
segregated sequence of displays into an ‘‘oddball’’ that attracts atten-
tion (Ngo and Spence, 2012, 2010b). That is, it has been suggested that 
the auditory cue synchronized with the target display rendered that 
display an ‘‘oddball’’ which automatically attracted attention. Here, we 
did however not use a segregated sequence of visual displays; instead, 
we incorporated a continuous display that included an abrupt change at 
a random point in time. Therefore, there was no singular and distinct vi-
sual display that could have turned into an ‘‘oddball’’. Second, Van der 
Burg et al. (2008) proposed that the presentation of cues from another 
modality promotes an early multisensory integration process, which, in 
turn, enhances the saliency of a synchronized visual change and attracts 
attention. Third, Zou et al. (2012) found that the duration of fixation 
after the onset of the cues was lengthened, creating a ‘‘freezing effect’’ 
in which participants waited for further sample information from the 
visual environment. In this study, we did not investigate the validity 
of early multisensory integration or freezing effect accounts. However, 
we can confirm from both hypotheses that spatially uninformative but 
temporally synchronized signals increase the efficiency of the sensory 
processing towards the visual target by enhancing its saliency either by 
increased sampling or by early multisensory enhancement.

The RTs in the first experiment also showed that there were no 
differences between the cue conditions. That is, synchronized auditory, 
tactile, and audiotactile cues led to similar performance benefits, com-
parable to previous studies (Ngo and Spence, 2010a,b). This finding 
suggests that the tactile and auditory modalities can be similarly ef-
fective in realistic environments, such as robot supervision. Thus, the 
cue modality can be effectively exchanged in favor of the non-crowded 
channel depending on the situation. Moreover, a multisensory cue from 
audiotactile signals did not provide any further benefit compared to 
unisensory auditory or tactile cues. Thus, auditory and tactile cues 
alone were sufficient, and the addition of another sensory channel 
seems to be redundant. The explanations for both ‘‘multisensory in-
tegration’’ and ‘‘freezing effect’’ can provide an explanation on this 
result. It could be argued that already the presence of a single cue 
from another modality led to an early integration and boosted the 
saliency of the visual target. In this case, the addition of a third sensory 
channel can be redundant as unisensory cues were sufficient to provoke 
multisensory integration (Hagmann and Russo, 2016). In addition, both 
unisensory and bisensory cues could have led to the ‘‘freezing effect’’ or 
the ‘‘wait-at-beep’’ strategy. Regardless of the type of cue, participants 
may have extended the duration of fixation after cue onset (Zou et al., 
2012).

An alternative explanation for the observed facilitation could be that 
the cues may have induced a general alerting effect, acting as a warning 
signal. Even though we did not experimentally rule out this possibility, 
we argue that an alerting mechanism is unlikely given the experimental 
design and the pattern of results. Alerting signals have been shown 
to facilitate reaction times while reducing accuracy (Fernandez-Duque 
and Posner, 1997). However, the results of the first experiment did 
not show any reduction in accuracy under cue conditions. Additionally, 
the alerting signals have been known to be most effective when they 
precede the event by 100 to 300 ms (Spence and Driver, 1997; McDon-
ald et al., 2000). In contrast, the cues in our study were temporally 
synchronized with the visual change, which is consistent with previous 
findings of the ‘‘pip-and-pop’’ effect (Van der Burg et al., 2008, 2009). 
Therefore, while a general alerting mechanism cannot be completely 
ruled out, we argue that the facilitation is better explained by the 
‘‘multisensory integration’’ and ‘‘freezing’’ mechanisms.

To investigate which sensory processes are involved in explaining 
this facilitation effect in visual search performance, we applied hierar-
chical drift–diffusion modeling. Although model comparisons showed 
that the best performing model was the one that kept all parameters 
free, further statistical analyses of the estimated parameters provided 
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evidence that only the drift rate changes with the cue.This result can 
be attributed to the nature of hierarchical modeling. While the model 
comparison metrics evaluate the model by considering both fit and 
complexity, allowing all parameters to vary leads to more flexibility to 
capture individual-level variations. In this case, even though systematic 
differences of boundary and non-decision time between cue conditions 
were not captured in the group-level parameters, the best model, which 
kept all the parameters free, provided better fits, maybe because it 
captured individual variance better. Specifically, drift rates were higher 
for all of the cue conditions compared to no cue. Since higher drift rates 
reflect a faster and more efficient sensory acquisition, we can argue 
that auditory, tactile, and audiotactile cues increased the information 
sampling speed and efficiency (Ratcliff and McKoon, 2008). This effect 
is consistent with multisensory integration and subsequent increase 
in saliency of pip and pop, as increased saliency can facilitate target 
processing by attention capture (Zehetleitner and Müller, 2010; Itti 
and Koch, 2000). Similarly, the ‘‘freezing’’ effect proposed by Zou 
et al. (2012) could well explain the differences in the drift rates since 
the increased sampling period on the visual display essentially elicits 
faster and more efficient information gathering from the display. Con-
sequently, the current modeling results are in favor of both accounts of 
the ‘‘pip-and-pop’’ effect.

We used a haptic vest to provide tactile cues on the human torso. 
Previously, Van der Burg et al. (2009) presented these cues from the 
wrist and Ngo and Spence (2010b) from the waist. Since we observed 
the ‘‘pip-and-pop’’ effect in this study, we can conclude that tactile 
cues elicit comparable effects regardless of the location they were 
presented from. Furthermore, the wrist and waist as well as hands 
provide restricted areas and can interfere with the user’s movements. 
In contrast, the usage of the torso as a medium for cue presentation 
poses its advantages due to its extensive surface area and notably its 
non-disruptive nature during individuals’ ongoing tasks or work (Botev 
et al., 2021).

The second experiment replicated the same effect on RTs with only 
tactile cues. Furthermore, the timing task after the visual search re-
vealed that participants had a higher temporal sensitivity in the tactile 
cue condition compared to the no cue. However, subjective duration 
judgments were similar. Therefore, participants were more precise in 
timing the duration elapsed when a tactile cue was present. What is 
important to note here is that the timing task was done immediately 
after the participants identified the visual target. Thus, these results 
were sampled from a period in which attention was already deployed 
to the target as a result of a successful search. Here, we suggest that, 
as a consequence of a boosted saliency (Van der Burg et al., 2008) or 
increased sampling from the environment and the target (Zou et al., 
2012), participants were able to direct their attention to the target 
more efficiently. Consequently, more resources were made available to 
further process the target because of the enhanced attention. In this 
context, previous studies have shown that, under temporally uncon-
strained response windows, temporal sensitivity increases with spatial 
attention (Chica and Christie, 2009). Similarly, in this experiment, 
increased attention on the visual target caused by the non-visual cues 
improved the temporal sensitivity.

The application side of this research highlights the potential for in-
tegrating multisensory cues in HSI to enhance performance in complex 
real-world tasks. By demonstrating that spatially uninformative, tempo-
rally aligned signals can significantly improve human performance in 
a visual search task in terms of RTs, our findings suggest that similar 
strategies could be employed to design more effective HSI systems. 
For example, in scenarios where humans and robots work together 
in dynamic environments, such as search and rescue operations or 
industrial settings, the use of auditory, tactile, or audiotactile cues 
could facilitate quicker and more accurate human responses to changes 
in robot behavior or to critical events. This approach not only leverages 
the natural human sensory processing capabilities by adding new per-
ception channels but also suggests a practical pathway to improve the 
efficiency and safety of HSI applications.
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While our results demonstrate the effectiveness of brief and spatially 
uninformative signals to facilitate visual search and enhance temporal 
sensitivity in HSI applications, we did not investigate the underlying 
cognitive processes such as multisensory integration or freezing ef-
fect. Future studies could employ neurophysiological and eye-tracking 
methods with appropriate experimental designs to explore these mech-
anisms. Moreover, future work should assess the temporal boundaries 
of this effects since in practical scenarios, delivering cues precisely 
at the moment of an unexpected robot behavior may not be feasible. 
Therefore, it is crucial to examine how effectiveness of these cues is 
influenced by temporal delays.

Overall, we demonstrated that spatially uninformative auditory, 
tactile, and audiotactile brief signals, temporally aligned with visual 
change onset, effectively reduce RTs in a visual search task involving 
moving robots. This outcome extends the understanding of the ‘‘pip-
and-pop’’ effect observed in controlled laboratory environments to 
realistic environments. Additionally, our findings underscore the utility 
of these signals in improving temporal sensitivity, possibly due to 
enhanced attentional orientation to the visual target. Thus, spatially 
uninformative signals provide considerable benefits to both human 
search performance and precision in judging the time of elapsed events. 
This has significant implications for improving HSI, particularly in 
environments where quick decision-making and attention to critical 
events are important.

More specifically, the scenario highlights the possibility of decreas-
ing human response time in detecting a robot signaling via a motion 
stop, a behavior applicable in contexts ranging from malfunction de-
tection to signaling points of interest for operator evaluation. Based on 
these findings, we recommend that HSI system designers incorporate 
brief auditory and tactile cues that are precisely synchronized with 
critical visual events, such as a robot stopping or signaling, even if these 
cues do not provide spatial information. Our data indicate that such 
spatially uninformative cues effectively capture attention, as reflected 
in the faster RTs. Importantly, the effectiveness of these cues was evi-
dent in a cluttered, dynamic environment with multiple moving robots, 
demonstrating their practical utility in real-world scenarios. To maxi-
mize benefits, combining auditory and tactile cues appears to be most 
effective, likely due to cross-modal enhancement of saliency. Designers 
should also ensure cues remain brief and salient enough to attract 
attention without overwhelming the operator or interfering with on-
going tasks, as overly long or delayed cues could disrupt performance. 
Implementing these guidelines can enhance human supervisory perfor-
mance by reducing detection times and improving temporal judgments, 
supporting quicker and more accurate decision-making in complex, 
time-critical HSI contexts.
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Table A.1
Proportion of differences of posterior distribution of fitted parameters between 
conditions. 
 Parameter Conditions 𝑃𝑃 |𝐷 
 Drift Rate No Cue < Auditory 0.99 
 No Cue < Tactile 1.0  
 No Cue < Autiotactile 1.0  
 Auditory < Tactile 0.52 
 Auditory < Audiotactile 0.76 
 Tactile < Audiotactile 0.74 
 Boundary No Cue < Auditory 0.16 
 No Cue < Tactile 0.25 
 No Cue < Autiotactile 0.30 
 Auditory < Tactile 0.56 
 Auditory < Audiotactile 0.67 
 Tactile < Audiotactile 0.59 
 Non-Decision Time No Cue < Auditory 0.51 
 No Cue < Tactile 0.50 
 No Cue < Autiotactile 0.51 
 Auditory < Tactile 0.49 
 Auditory < Audiotactile 0.50 
 Tactile < Audiotactile 0.51 
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