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Abstract
Many animal species organize within groups to achieve advantages compared to being isolated.
Such advantages can be found e.g. in collective responses which are less prone to individual failures
or noise and thus provide better group performance. Inspired by social animals, here we
demonstrate with a swarm of microrobots made from programmable active colloidal particles
(APs) that their escape from a hazardous area can originate from a cooperative group formation.
As a consequence, the escape efﬁciency remains almost unchanged even when half of the APs are
not responding to the threat. Our results not only conﬁrm that incomplete or missing individual
information in robotic swarms can be compensated by other group members but also suggest
strategies to increase the responsiveness and fault-tolerance of robotic swarms when performing
tasks in complex environments.

1. Introduction
Many living species arrange themselves into functional cohesive groups. Remarkably, such behavior can be
achieved without centralized control but results from so-called interaction rules which determine the
actions performed by each member in response to their peers. Even though the speciﬁc reason for the
formation of collective states is not always obvious, it is generally assumed that they provide collective
beneﬁts that exceed the sum of individual abilities within the group [1–4]. There are many examples
demonstrating collective states to be more efﬁcient than solitary organisms with respect, e.g. to foraging [5],
vigilance [6–8], heat preservation [9] or transport of heavy loads [10, 11]. Knowledge regarding these
interaction rules and their performance is not only important in the study of living systems but also enables
progress and innovation in other areas of science [12–14]. For example, the optimization of group
performance, both in efﬁciency and reliability, is one key issue in the context of swarms formed by
microscopic robotic systems [15, 16] which are substantial regarding their envisaged potential applications
such as drug delivery and active assembly processes.
As a speciﬁc example for a collective beneﬁt, here we experimentally investigate the collective escape
motion of a cohesive swarm of active particles (APs) from a static hazardous area. This situation is
motivated by the behavior of animal groups, e.g. ﬁsh schools which are known to move away from high
temperature regions [17], and avoid shallow areas [18]. Another example is the response of animal groups
to the early discovery of a predator which is still far away. Certain animal groups respond to risks
collectively e.g. by the formation of rotational states, i.e. swirls [19], which suggests potential beneﬁts
against predation in numerical simulations [20–22]. In addition, when the group remains compact during
the escape motion, this enables more variety and complexity regarding their defense compared to being
scattered [3, 8, 23–25]. Similar to living systems, enhanced perception and responsiveness and the ability of
complex tasking at the group level is crucial for microrobotic swarms with limited internal complexity. So
far, however, it is not clear how interaction rules between individuals must be tailored to allow for
synergistic beneﬁts at the group level [26]. For example, when the escape of animals from a predator is
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Figure 1. Programmable APs responding to a static threat. (a) Schematic of laser experiment. Each AP is steered by a laser beam
that imposes the steering signal determined by the interaction rules shown in (b)–(d). (b) In absence of a threat each AP (one
highlighted in red) aims to steer in a direction deviating from the COM by the angle Δ to the left or right (green arrows). The
left/right steering decision depends on what direction is closer to the mean orientation of neighbors ûi within distance Ro ≈ 4σ
(blue line). In the conﬁguration shown here, the AP follows the solid green arrow. (c) To minimize collisions, APs turn away
from each other when their surface-to-surface distance falls below 0.25σ. (d) In presence of a threat, only the left/right steering
decision is changed. It becomes independent of ûi but only depends on what direction yields the larger alignment with the vector
pointing from the threat (purple triangle) to the corresponding AP (purple arrow). In the shown example, the particle follows
the solid green arrow.

modeled by a repulsive interaction between individuals and the threat, this easily leads to group splitting
which can be detrimental in view of the groups defending performance. Furthermore, a repulsive response
to the predator from each individual requires all responding group members to receive and process precise
positional information regarding the threat.
Here we demonstrate that an efﬁcient avoidance of a hazardous spot (threat) to a cohesive group of
microrobotic APs can be achieved without imposing a repulsion of APs from the threat. In the following we
study the response of a rotating group (swirl) since such states are considered as an effective alert strategy of
certain animal groups when exposed to higher risk [19, 27]. Swirl formation is also supported by
simulations suggesting potential beneﬁts against predation [20–22]. Here As a clear evidence of a collective
beneﬁt, we ﬁnd that the evasive group’s motion is only little affected when up to half of the APs are blind to
the threat but only respond to their neighbors. This demonstrates that partial or even missing sensory input
regarding environmental conditions can be easily compensated in robotic swarms by suitable interaction
rules between the group members which allows for genuine team work. Apart from optimizing the
efﬁciency in performing tasks with a given number of robots, this mechanism also increases the robustness
of collectives against individual errors regarding their sensorial and motional capabilities.

2. Experimental details
Sensing and communication in microrobotic swarms is achieved using a feed-back loop where the
corresponding information and steering signals, determined by social interaction rules, are instantaneously
computed externally and then inserted into the system. This type of approach is particularly useful for the
control of micron-sized robots with limited autonomous sensing and steering functionalities [28–30] and
has also been successfully applied to macroscopic robotic systems [13, 31]. In our work, groups of
responsive APs are made from transparent silica particles with diameter σ = 6.3 μm which are coated on
one side with a 80 nm light absorbing carbon cap (methods). They are suspended in a water-lutidine
mixture contained in a thin sample cell whose temperature is kept constant and below the ﬂuid’s lower
demixing temperature T c = 34 ◦ C. When an AP is illuminated with a focused laser beam, its cap heats up
and induces a local demixing which leads to a ﬂuid ﬂow around the AP [32]. This leads to a
two-dimensional (2D) self-propulsive, i.e. active, particle motion, with velocity u = vû. Here, v corresponds
to the magnitude and û to the direction of velocity which is opposite to the carbon cap. To make APs
behave as microrobots which adjust their motion according to speciﬁc social interaction rules, their velocity
(magnitude and direction) is controlled individually (as shown in ﬁgure 1(a)). This is achieved by scanning
the illuminating laser beam rapidly across all APs and by independently adjusting the intensity and laser
focus position relative to each cap center [28] (methods). Via feedback-control, this allows APs to stop,
move forward or turn to the left and right depending on the chosen interaction rule. Despite certain
2
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similarities with a numerical simulation, it should be realized that in experiments, the APs interact with a
true physical environment which leads to additional, e.g. steric, hydrodynamic and phoretic, interactions
which are frequently neglected simulation works.
In our experiments, we investigated the response of a cohesive rotating group (swirl) of APs which
respond to a suddenly appearing threat. This has been achieved by implementation of social rules similar to
milling schools of ﬁsh [22, 33]: in absence of a threat, each AP turns in the direction of the group’s center of
mass (COM). To yield a rotating motion of the group, however, APs move not directly towards the COM
but with an angular deviation Δ to the left (+) or the right (−). If not stated otherwise, all experiments
were carried out with Δ = 56.25◦ . The left/right decision is made depending on what direction achieves
larger alignment with its neighbors within distance Ro = 25 μm ≈ 4σ (ﬁgure 1(b)). To minimize particle
collisions, they turn away from each other when their clearance is below 0.25σ (ﬁgure 1(c)). Application of
such rules leads to cohesive swirls which display occasional changes in their sense of rotation due to thermal
noise. To model the response of APs to a localized threat, only the individual’s preference for swimming to
the left or right relative to the COM is modiﬁed. Regardless of the next neighbor alignment, in presence of a
threat each AP selects that sign of Δ which is pointing farther away from the threat (ﬁgure 1(d)). It should
be realized that this response corresponds to a mere threat avoidance (in contrast to a threat repulsion)
strategy and does not force APs to move opposite to the threat. In fact, even an AP motion towards the
threat is possible within this response rule as exemplarily shown by the marked particle in ﬁgure 1(d). If not
stated otherwise, experiments were performed with N = 85 APs but no qualitative differences are observed
in the range N = 65–165.

3. Experimental results
3.1. Collective response to a stationary threat
Figure 2(a) shows a time series of snapshots with intervals of 200 s each of a swirling group of APs when
responding to a static threat. After the threat appears at t > 0 s the circular swirl undergoes a sudden
reorganization and turns into an arrowhead shaped group which is moving straight away from the threat.
This deformation of the group is also revealed by the AP density distribution shown in ﬁgure 2(b). Such
behavior is indeed surprising given the fact that no direct escape motion opposite to the threat is imposed
in the interaction rule (see ﬁgure 1(d)). As will be shown further below, the observed escape motion is the
result of a collective process but not directly encoded at an individual scale. The escape motion is quantiﬁed
by the displacement of the center-of-mass (COM) which (without noticeable delay) increases almost
linearly for t > 0 corresponding to a velocity vCOM = 0.08 μm s−1 being about 10% of the propulsion speed
of an isolated AP (ﬁgure 2(c)). To quantify the properties of the escaping group, we have further calculated
the group’s rotation and polarization using the corresponding order parameters
1
(r̂ i × ûi ) · êz
N i=1
N

OR =
and

1
OP =
N

 N

 


ûi  ,



i=1

respectively. Here, N is the number of APs, r̂ i the unit vector from the group center to the ith particle, and
êz the unit vector perpendicular to the 2D plane of motion. For t > 0, OR drops from its initial value to
almost zero while OP increases by almost a factor 3 which suggests a transition from a swirl to a ﬂock-like
behavior (ﬁgure 2(d)). Notably, OR and OP react to the threat without noticeable time-delay.
To understand the collective reorganization of APs when responding to the threat, we evaluated the local
vorticity c(r) which measures the local degree of circular particle motion within the COM’s comoving
reference frame (methods). Figure 3 shows c(r) together with the particle orientations for different times
after the threat appeared. At t = 0, c(r) is essentially negative (the small positive values at the edge of the
group are caused by its ﬁnite size) which corresponds to a clockwise rotating group with the vortex center
near the COM (ﬁgure 3(a)). After the threat appeared, the group responds by forming a second vortex with
inverted rotational direction. Importantly, the vortices are symmetrically arranged to the left and right to
the axis connecting the threat and the COM (ﬁgure 3(c)). This is due to the fact that the swimming
direction of each AP (according to the above deﬁned interaction rule) depends on its relative positions to
the COM and the threat, respectively. This symmetry axis naturally coincides with the escape direction of
the COM and thus explains the collective escape response with a cooperative group formation. From the AP
orientations (lower part of ﬁgure 3), even though only a small number of APs move in the direction
3
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Figure 2. Response of a rotating group of APs to a static threat. (a) Sequence of video images of a swirl formed by N = 62 APs
with Δ = 56.25◦ which is responding to a threat which appears t > 0. The time interval between images is 200 s each.
(b) Temporal change of the density distribution of an escaping group. Geometrical shape of the escaping ﬂock as a function of
time, shown at t = [0, 200, 400, 600] s averaged over 75 groups composed of N = 85 with Δ = 56.25◦ . After the predator
appeared, the symmetry of the particle density of APs within the group varies as a function of time until reaches a
non-equilibrium steady state after about 300 s. Dashed lines correspond to the contours where the density has reached
[52%, 67%, 75%] of the normalized AP density. (c) Temporal change of the COM-threat distance dcom . (d) Temporal behavior of
the rotation and polarization order parameters OR and OP , respectively.

Figure 3. Spatially resolved vorticity and velocity of APs during escape from a stationary threat. (a)–(c) Upper part: color maps
of the spatially resolved AP vorticity motion within the COM’s comoving frame of reference for times t = [0, 100, 300] s after the
threat appeared. Lower part: corresponding particle velocity directions indicated by arrows. The scale bar corresponds to 20 μm.

opposite to the threat either from themselves or from the COM, the collective motion of the entire group
points precisely opposite to the threat. This becomes comprehensible as the escape direction is only
determined by the overall structure formed by the collective state.
The collective escape behavior of APs is strongly determined by the deviation angle Δ which can be
freely chosen in our experiments. Figures 4(a)–(d) shows how the density distribution of the group changes
upon varying Δ between 33.75◦ and 78.75◦ after the group has reached a steady state where |OR | and OP
remain almost constant. Opposed to the central densest region which remains rather unchanged, the outer
regions of the groups expands with increasing Δ. Such behavior is consistent with the increasing size of
unperturbed swirls with increasing Δ [34]. We also observe a Δ-dependence of the group’s escape velocity
vCOM which increases about a factor of two and then levels off towards larger Δ (see inset ﬁgure 4(e)). After
replotting vCOM versus |OR | of the unperturbed swirl, an almost linear relationship is obtained. In other
words, Δ values leading to a more pronounced swirl behavior also promote the group’s escape motion. At
ﬁrst glance, this result does not seem to be intuitive, as a swirl appears disadvantageous to achieve high
4
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Figure 4. Geometrical shape of an escaping ﬂock as a function of Δ. (a)–(d) AP probability distribution of escaping ﬂocks with
Δ = [33.75◦ , 56.25◦ , 67.5◦ , 78.75◦ ]. Dashed lines correspond to the contours where the density has reached [52%, 67%, 75%] of
the normalized AP density. (e) Steady state escaping velocity vCOM (normalized to the velocity of isolated APs viso ) as a function
of |OR |. The error bars correspond to the standard error of the mean obtained from 10 measurements each. Inset: vCOM versus
deviation angle Δ.

escape velocities. However, given the double vortex structure observed above in the escaping group, this
result becomes quite obvious.
3.2. Attentive and inattentive APs
As already mentioned, collective behavior in living systems is believed to provide antipredation beneﬁts.
This is obvious since the disadvantage of an increased visibility of dense groups to a predator (compared to
that of individuals) must be overcompensated by collective advantages of the group. We also searched for
such beneﬁts in our system. Speciﬁcally, we considered a scenario where a number of APs are not attentive
to a threat (or not informed about its presence) and thus do not respond to it. Hence, the group is divided
into initially randomly distributed informed, i.e. threat-sensitive (TS) and uniformed, i.e. threat-inattentive
(TI) subgroups which sum up to N = N TS + N TI .
Figures 5(a) and (b) show the variation of the response delay time τ and escape velocity of groups as a
function of N TI /N. The response delay time has been deﬁned as that time after which the group has reached
50% of the steady escape velocity of a group being entirely composed of attentive particles. Remarkably,
only when the number of inattentive particles exceeds ≈0.5N, the response delay time τ and the escape
velocity signiﬁcantly deviate compared to N TI = 0. Such outcome demonstrates a clear beneﬁt regarding the
group’s total attention to threats achieved by cooperative behavior. To understand the origin of this
collective advantage, we recall that inattentive APs still respond to attentive ones due to the APs interaction
rule (see ﬁgures 1(b) and (c)). Obviously, this rule must provide an information ﬂow from attentive to
inattentive APs regarding the presence of a threat. To estimate the importance of the two rules governing
mutual AP interactions (local particle alignment and collision avoidance), we examined the number of
inattentive APs whose left/right swimming decision is decisively determined by attentive particles. We found
that this applies to less than 0.1N. In contrast, attentive particles strongly inﬂuence the collision avoidance
frequency fcol with inattentive particles. When plotting fcol as a function of N TI /N we ﬁnd a maximum at
N TI ≈ 0.6N (ﬁgure 5(c)) which is near the value where vCOM strongly decreases. This suggests that collision
avoidance between attentive and inattentive particles provide an important information transfer channel
between both particle species. For a qualitative understanding of this effect, it is important to recall that
collision avoidance results in particle reorientations. Only when inattentive particles move in parallel with
the attentive ones, their orientations receive least disturbance from such collision avoidance events and
hence remain rather stable. As collision avoidance only requires short-range interactions, it is hardly
disturbed by visual obstruction rendering this mechanism rather robust even within dense populations but
also in presence of orientational disorder. Interestingly, the threshold of inattentive particles below which we
observe only little changes in the group’s response to a threat is only little affected when N is varied between
65 and 165.

5
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Figure 5. Escape in presence of inattentive particles. (a) Time-delay of the response of the groups to a predator as a function of
the fraction of inattentive particles N PI /N. (b) Normalized escape velocity versus N PI /N. (c) Normalized rate of
collision-avoidance events between predator attentive and predator inattentive APs as a function of N PI /N. The error bars
correspond to the standard error of the mean obtained from 10 measurements each.

4. Discussion
With a system of feedback-controlled active colloidal particles we experimentally study the response and
escape of a socially interacting group to an appearing static threat (predator). Since the interaction rules
followed by each AP makes only use of the relative position of the hazardous area (threat) and the group’s
COM, this largely reduces the information to be gathered by each AP regarding the threat leading to robust
behavior. Even though, the threat-prey response of a single AP is not necessarily leading to a motion
opposite to the prey, in combination with the social interaction with their peers, the overall group’s
response results in a collective threat avoidance motion. The beneﬁt of such a collective escape behavior is
that the group’s response to a threat hardly deteriorates even when a considerable fraction of group
members does not respond to this threat.
Many other prey–predator social models mimic the response to a predator by a repulsive interaction
which typically results in group expansion and splitting. Such behavior can be indeed part of a predator
confusion strategy in case of a rapidly approaching predator. Even then, however, there is a general tendency
of remerging of the group behind the predator. Such behavior has been also observed in experiments where
we considered a predator moving towards the group (opposed to be at rest). Although the passing predator
is leading to a large deformation of the group, it immediately reshape after the predator dashed through
[see supplementary ﬁgure 1 (https://stacks.iop.org/NJP/24/033001/mmedia)].
The ﬂock-like group conﬁguration which generally forms during the group’s escape is rather different
from what is typically found in Vicsek (or related) models [22, 35]. Opposed to ﬂocking states with only
small variance of the polarization within the group, the collective maneuver of our microrobotic group
results from the creation of two counter-rotating swirls. Similar mixed collective patterns have been also
observed e.g. in schooling ﬁsh responding to predators [36].
We want to emphasize, that our experiments are performed in a true physical environment where
particle interactions are also inﬂuenced by e.g. steric, hydrodynamic and phoretic interactions which are
typically omitted in computer simulations. Even though certain aspects, e.g. the group escape motion are
well reproduced by simulations (see supplementary ﬁgure 2), other aspects such as the hardly affect
vigilance below a critical number of inattentive APs is not reproduced in simulations, the latter rather
suggesting a continuously decreasing response of the group to a predator as a function of inattentive
particles (see supplementary ﬁgure 3).
Beyond its relevance for the understanding of collective response of living organisms to a threat, our
results have also relevance to micro-robotic systems and show how missing or even false information
(e.g. due to sensorial failures or noise) gathered by single robots can be compensated by appropriate
interactions within the group. When considering robotic swarms comprised of several thousand interacting
agents, such interactions can serve as error correction mechanisms are essential for reliable and
failure-resistant performance. While in the case of designing swarms with the behaviors of sub-groups
optimized for different tasks or even when implementing hierarchy controls, these interactions work as
behavior sharing mechanisms which effectively increase the functionalities of the swarms as a whole.

6
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Figure 6. Schematics of the experimental setup and the feedback control cycle. A laser beam is deﬂected by a pair of
acousto-optical deﬂectors (AOD) for the control of beam position and intensity at the sample, and then guided by a confocal
optics to the back aperture of a microscope objective (OBJ1). The focused laser beam then works as the steering signal of the AP
suspending inside the sample cell (S). These APs at the lower sample plain are imaged with an appropriate optical system
(including OBJ2 and bandpass ﬁlter F) onto a camera. The AP conﬁguration is analyzed and used to generate the next steering
singles in real-time by a computer.

5. Materials and methods
5.1. Fabrication and properties of active particles
APs are made from colloidal silica spheres with diameter σ = 6.3 μm which are ﬁrst prepared as a
monolayer. After the solvent has been evaporated, they are coated with a 80 nm carbon cap by thermal
evaporation. Afterwards, particles are suspended in a critical water-lutidine mixture and injected into a
200 μm thick sample cell which is kept at T = 27 ◦ C, i.e. several degrees below the critical temperature
T C ≈ 34.15 ◦ C. In presence of light illumination, the particles exhibit active Brownian motion with the
propulsion direction opposite to the capped side [32]. Due to gravity and hydrodynamic effects, the APs
motion is restricted to two-dimensions [37]. The translational and rotational diffusion constants were
experimentally determined to be DT = 0.014 μm2 s−1 and DR = 0.0028 s, respectively.
5.2. Particle motion and individual particle control
Individual AP motion is activated by a local illumination pattern produced by the optical setup shown in
ﬁgure 6. To form such a pattern, the position and intensity of a focused laser beam with wavelength
λ = 532 nm is controlled by a pair of acousto-optical deﬂectors (AOD). The deﬂected beam is then guided
into a microscope objective (OBJ1) that focuses the beam at the particle position with the beam waist w =
5 μm inside the sample cell (S). Observation of the AP motion is achieved by a second objective (OBJ2) and
a camera with a bandpass ﬁlter (F) blocking the laser beam. The particle positions and orientations (deﬁned
as the vector from the capped side to the uncapped one) are obtained by image analysis on a computer for
calculating the laser position.
To impose user-deﬁned interaction rules and to achieve independent AP motion, we take images of the
particle conﬁguration at a frequency of 5 Hz. The steering signals determined by the interaction rules are
computed with the particle positions and orientations in real time. This information is used to scan a laser
beam so each particle is illuminated with a laser spot for 8 μs with a repetition time of 2 ms. Because the
remixing timescale of the water-lutidine mixture is about 100 ms, this ensures steady self-propulsion
conditions. The (time averaged) intensity of the laser beam is I 0 = 0.36 W mm−2 , which leads to a
propulsion velocity of v = 0.7 μm s−1 . Controlled reorientation of the APs is achieved by offsetting the laser
spot 1.8 μm away from the particle center opposite to the desired direction of motion. This results in a light
gradient ∇I across the particle and leads to an inhomogeneous heating of the cap. This causes an
asymmetry of the ﬂuid’s ﬂow ﬁeld around the AP relative to its orientation, which eventually leads to a
torque and a particle rotation rate ωmax ≈ 4◦ s.
5.3. Determination of the spatially resolved vorticity and alignment within groups
The spatially resolved vorticity is calculated as
1
(r − r i ) × ûCOM
i
êz ,
g (r − r i )
N i=1
|r − r i |
N

c(r) =
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where N is the total number of particles, r i a vector pointing to the ith particle and ûCOM
its direction of
i
velocity in the reference frame of the COM. To yield a local quantity, contributions are weighted with
g (r − r i ) which is a Gaussian distribution with variance of 2σ.
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