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We present an experimental and theoretical study of 2-D swarms in which collective behavior emerges
from both direct local mechanical coupling between agents and from the exchange and processing of
information between agents. Each agent, an air-table drone endowed with internal memory and a binary
decision variable, updates its state by integrating a time series of memories of local past collisions. This
internal computation transforms the swarm into a dynamical information network in which history-
dependent feedback drives spontaneous complete spin polarization, pitchfork bifurcated spin collectives,
and chaotic switching between collective states. By tuning the depth of memory and the decision algorithm,
we uncover a memory-induced phase transition that breaks spin symmetry at the population level. A
minimal theoretical model maps these dynamics onto an effective potential landscape sculpted by
informational feedback, revealing how temporally correlated computation can replace instantaneous forces
as the driver of collective organization, informed by experiments. These results position physically
interacting drone swarms as a model system for exploring the physics of informational drone ensembles
whose emergent behavior arises from the interplay between physical interaction and information
processing.
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Introduction—Many living systems exhibit behaviors
shaped by past interactions, with memory depth playing
a crucial role. Birds align with neighbors to form flocks [1],
bacteria integrate chemical signals to navigate [2,3], and
humans vote or invest based on memories [4]. Such
responses extend beyond immediate stimuli and involve
information processing. Memory-based feedback can gen-
erate complex behaviors, such as nonreciprocal interactions
[5]. Memory-influenced opinion dynamics exemplifies this
and has attracted sustained interest [6–11] [Fig. 1(a)], with
political polarization shaped by how people recall and
evaluate past events [12].
Here we work with agents that autonomously control

their rotation and update a binary spin state interpreted as
opinion [15–18]. Agents perceive the spin of colliding
partners and modify their own spin based on memory
and decision rules, reflecting “personalities” such as
conformity, contrarianism, or stubbornness [19] [Fig. 1(a)].

Although physical collisions follow deterministic laws
[13], agent responses are driven by informational feedback.
Personality remains fixed [Fig. 1(b)], but memory process-
ing enables spontaneous polarization, oscillations, and
chaotic transitions at the collective level [20–22]. Although
memory was introduced to improve single-agent spin-
detection reliability, its impact on population dynamics
reveals a broader principle. Instead of suppressing fluctua-
tions through enhanced sensing accuracy or stronger inter-
agent coupling, strategies that may be costly or impractical,
we pursue an alternative route based on agents’ memory of
and action on past events. Because memory is readily
implemented in robotic systems, it provides a minimal
mechanism to average out noise and drive unexpected
collective dynamics.
This system exemplifies how sensing, actuation, and

memory generate adaptive collective behavior [23]. Unlike
many active matter studies with fixed chirality, our agents
use memory-based interactions linking past encounters to
macroscopic order, offering an interpretable model of
informational feedback. The results advance nonreciprocal
dynamics [5,17,24], complement social-polarization mod-
els [6,7], and extend chiral-ensemble studies [25–28] to
systems whose spins are set by internal states. Earlier work
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on memory in collective dynamics includes opinion-for-
mation models that integrate all past neighbors [29], robotic
active matter with passive sensorial delay [30], and hydro-
dynamic feedback yielding emergent chirality reversal [31].
Here, each agent retains a tunable, finite record of recent
interactions, allowing controlled responsiveness and sta-
bility. This finite, programmable memory is an internal
degree of freedom governing symmetry breaking and
collective organization.
Embedding computation, memory, personality, and

communication—The drones are driven spinning gears
floating on an air table, with an Arduino microcomputer,
sensors, and blowers to direct tangential air flow. Among
the sensors, the accelerometer detects collision events while
the gyroscope determines spin changes. Depending on the
information the microcomputer gets from the sensors and
the history of previous collisions and how it interprets past
events, each spinner makes a decision to possibly alter its
intrinsic spin by actuating the blowers to change their spin
see (Fig. 1).
The ability to recognize another agent’s spin direction

arises from physics of collisions between spinning and
translating bodies [13], akin to antiferromagnetism [32]:
collisions between same-handed spinners reduce both

spins, while opposite-handed ones retain their spins.
Each spinner has four blowers arranged so that activating
one pair produces counterclockwise (þ) motion and the
other clockwise (−).
When a collision is detected via the accelerometer and the

colliding agent’s spin is inferred from the gyroscope, the result
is pushed onto an M-bit queue. Due to complex collision
dynamics, spin determination is imperfect; the current setup
achieves 70%accuracy.Thus, the stored sequence ofþ1’s and
−1’s, representing past collisions, is not exact.
The memory depth M is set before each experiment,

ranging from 1 (only the previous collision stored) to 21.
The queue operates first-in, first-out. The spinner sets its
spin based on the weighted sum of the queue
Σd ¼

P
M
i¼1 wiqi, where qi is the i th spin and wi its

weight. This convolution of memory and kernel resembles
how bacteria assess chemoattractant gradients over time
[2,3]. As bacteria choose to run or tumble, our spinner
chooses spin direction via s ¼ signðΣdÞ, a nonlinear feed-
back that may enhance polarization [33].
For example, a pushover spinner sets all weights wi ¼ 1

and aligns its spin with the sum of past M events, seeking
consensus. A curmudgeon remains fixed at þ or −
regardless of events. An opportunist favors recent events,

(a) (b) (c)

(d)

(e)

FIG. 1. Opinion exchange. (a) Individuals update their opinions by evaluating others’ states using a finite memory of recent
observations stored in a queue. (b) The state updates with weighted memory Σd ¼

P
i wiqi. Observations qi ∈ fþ1;−1g are weighted

by wi depending on their personalities. A pushover follows the majority where wi is constant such that S ¼ signðΣdÞ picks the spin with
larger counts. Negative constant weight defines an agent against the majority, and higher weights on the more recent events defines an
opportunist. Curmudgeons with strong biases have independence of weighted memory. (c) A physical agent (spinner) has a
microcomputer with gyroscope, accelerometer, and actuates the state with four blowers. (d) A spinner records information of
surrounding spinners through mechanical interactions (gray shades) that same spins drop spin upon collision while opposite spins do not
[13]. (e) A spinner chooses its spin direction by selecting appropriate blowers depending on its internal algorithm. See SI1.mp4 in [14]
for demonstration.
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while a traditionalist emphasizes the most distant ones.
A contrarian sets its spin opposite to the majority in its
memory.
Although each spinner’s state is binary (þ or −), its

detailed memory affects its response to collisions. For
instance, a 5-bitþ pushover with ð3þ; 2−Þ is more likely to
change than one with ð5þ; 0−Þ (a deep þ state). We later
show how the evolution of these finer substates influences
emergent consensus. Our agents decide future spin based
on past experiences, enabling highly non-Markovian
behavior, diverging from purely physics-based systems.
For example, pushovers align with the perceived majority
spin, even if sampled with error, resembling human
information processing [34,35].
Memory-induced spontaneous symmetry breaking of

pushovers—Starting with equal numbers of þ and −
spinners, spontaneous symmetry breaking can occur due
to nonlinear interactions [36], depending on decision rules,
noise, and especially memory depth M. When M ¼ 1, the
collective stays around 50=50 (Fig. 2). But for larger
memory, e.g., M ¼ 17, initially unpolarized spinners settle

into either all þ or all − states, each with 50% probability
set by initial conditions, indicating spontaneous symmetry
breaking. A sharp transition from no polarization to
symmetry breaking occurs around M ∼ 9 (Fig. 2), resem-
bling tipping points in complex systems like ecological
transitions with early warnings [37].
To build an intuition for spontaneous symmetry break-

ing, we studied how populations with different memory
configurations evolve. The current population of spinners
with m bits of þ in memory, sm where 0 ≤ m ≤ M, is
contributed by three populations in the past: (1) spinners
that had m bits of þ and did not change their state,
(2) spinners that had m − 1 bits of þ and then detected
another þ spinner, (3) spinners that had mþ 1 bits of þ
and detected another − spinner.
As an example, we apply the above to a collective with

an initial population of þ spinners slightly higher than −
spinners. With memory size M ¼ 21, the population is
attracted to higher þ memory states. In contrast, when
M ¼ 5, the population evolution erases initial bias and
leads the collective to an even distribution of þ and −

(a) (b) (c)

(d)

(e)

FIG. 2. Memory-induced spontaneous symmetry breaking. (a) Probability of states for a collective of pushover with each building its
memory of past M collision inference and following the majority in memory for different M. (b) Experiments (SI2.mp4 in [14]) show
that polarization is absent at smallM and emerges at largeM. The inset shows simulation (SI7.mp4 in [14]) results for large Nð¼ 128Þ.
(c) Population over time for spinners with m bits of þ. When the initial population of þ spinners is slightly higher than − spinners,
memory sizeM ¼ 21 attracts the population to higherþmemory states whileM ¼ 5 erases the initial bias and leads the collective to an
even distribution of þ and −. (d) The fraction of þ over time forM ¼ 5 andM ¼ 21 with detection error η ¼ 0.3. (e) The fraction of þ
spinners nþ ¼ Nþ=N follows the gradient of an effective potential V which varies from a single well whenM is small to a double well
when M exceeds a critical value.
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[Figs. 2(c) and 2(d)]. By tracking the transition of memory
configurations (strings of þ=−) (Sec. I.A in [14]), we can
show that the fraction of þ spinners, nþ ¼ Nþ=N where
Nþ andN are the numbers ofþ spinners and total spinners,
follows the gradient of an effective potential well V with
ṅþ ¼ −ð1=τÞ½∂V=∂nþ�, where τ is the average state updat-
ing time. The memory size M and detection error η shape
the potential well as

V ¼ 1

2

�
1 − ð1 − 2ηÞ

ffiffiffiffiffiffiffi
2M
π

r ��
nþ −

1

2

�
2

þOðn4þÞ; ð1Þ

where the Oðn4þÞ expansion is ½ð1 − 2ηÞ3=3 ffiffiffiffiffiffi
2π

p �
M3=2ðnþ − 0.5Þ4.
As memory size M increases, the quadratic term

changes sign, the potential becomes double welled, and
a supercritical pitchfork bifurcation occurs [38]. Lower
detection error η also promotes this transition. The critical
memory Mc ¼ π=2ð1 − 2ηÞ2 yields 9.8 bits for the 30%
error rate observed experimentally, matching the transition
point. A scan of symmetry breaking, via varianceP

iðnþ;i − 0.5Þ2pi, confirms this criticality (Sec. I.A in
[14]). The memory-error dependence resembles polariza-
tion in opinion-dynamics models [12]. Unlike Axelrod’s
agents, which form simultaneous opposing clusters, our
spinners occupy one extreme at a time and collectively
switch. Simulations with larger N ¼ 128 confirm a bifur-
cation near M ¼ 10 (Fig. 2).
The above demonstrates non-Markovian effects in sys-

tems with evolving internal states [39,40]. In Markovian
limit M ¼ 1, reciprocal interactions yield equipartition of
microstates and binomial distributions for Nþ (Sec. I.B
in [14]). Larger M strengthens non-Markovianity, produc-
ing qualitatively different collective behavior beyond time-
scale effect. Symmetry breaking persists under error, and
tolerance rises with memory depth.
Polarization can also be viewed as a limit of

reliable information transmission [41,42]. Each collision
transmits one noisy bit about the collective state
through a binary symmetric channel with error η and
Shannon capacity C ¼ 1 −HðηÞ, where entropy
HðηÞ¼−ηlog2η−ð1−ηÞlog2ð1−ηÞ. An agent with memory
depth M acts as a length-M repetition encoder with
majority decoding, giving rate R ¼ 1=M. Shannon’s theo-
rem requires R < C, yielding Mc ≃ 1=½1 −HðηÞ�. For
η ¼ 0.3, this predicts Mc ≈ 8.4, close to the observed
transition near 9. Expanding HðηÞ near η ¼ 0.5 gives the
same scaling Mc ∝ ð0.5 − ηÞ−2 as the state-transition
theory, showing that symmetry breaking occurs when
information transmission saturates channel capacity.
A curmudgeon among the pushovers—A curmudgeon

follows its own fixed opinion [43] and responds non-
reciprocally [5], unlike pushovers that react based on
memory. Using Bluetooth, we changed curmudgeons’
chirality to demonstrate their influence on pushovers

(SI3.mp4 and Fig. S7 in [14]). Curmudgeons tilt the
double-well potential [Eq. (1)]: even 12.5% (one of eighty
spinners) significantly biases the system when M ¼ 27
[Fig. 3(a), Sec. I.C in [14] ]. Starting from all spinners
in − state, a single þ curmudgeon seeds a field-biased,
nucleationlike switch to þ. Unlike spontaneous classical
nucleation [44], here the curmudgeon acts as a nucleation
source. With bothþ and − curmudgeons present, the larger
subpopulation typically wins; for equal numbers, the
system undergoes a pitchfork bifurcation at a higher critical
memory (Sec. IV.D in [14]). If curmudgeons randomly flip
sign, they act as dissenters in a modified Vicsek model and
raise the consensus threshold (Sec. IV.E in [14]).
Interestingly, when memory is below critical threshold

(M < Mc), pushovers are not affected by curmudgeons and
remain near a 50=50 split. To influence others, a curmudg-
eon needs a crowd that highly values peer opinions. At very
large M, the crowd’s shift toward the curmudgeon’s state
happens abruptly [20], due to slow diffusion across the
barrier followed by rapid descent along a steep potential

(a)

(b)

FIG. 3. Curmudgeon and contrarian. (a) Among pushovers with
27-bit memories (above critical), a curmudgeon has a constant
opinion which is able to distort the symmetric double-well
potential (Vno cur.) to a biased double-well (Vcur.). An experiment
(SI3.mp4 in [14]) where a group of pushovers with all −bits get
directed by a þ curmudgeon after initial diffusion stage. (b) A
contrarian opposing the majority behaves like a short-term
curmudgeon (SI4.mp4 in [14]). Here M ¼ 17.
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[Fig. 3(a)]. This timescale gap widens with M, as diffusion
time T0 grows with memory size: M2 ¼ hmðT0Þ2i ∝ T0.
A contrarian among the pushovers—A contrarian sets its

spin opposite the majority in its memory [45], often
standing alone like a curmudgeon. As the crowd shifts
toward it, new interactions reveal the change and it flips
again, sustaining opposition. Experiments [Fig. 3(b)] show
small phase delays from detection-response time to dem-
ographic changes.
The flipping interval TF varies, with short TF more

common than long ones. Long TF follows an exponential
distribution, while short TF approximates a power law
(Fig. S8 in [14]), reflecting the time for a contrarian to
overwrite its memory (∼M collisions). This drives the
alternation between consensus states. It is more pronounced
with high memory (Fig. S10 in [14]), which enhances
attraction to each consensus well and accelerates transi-
tions, as seen in curmudgeon experiments.
A minimal model coupling the contrarian and pushovers

captures key dynamics. Pushovers influence the contra-
rian’s memory: ċ ¼ kcpþ ξc, where p is the excess þ
population and c the excess þbits in the contrarian.
The contrarian, in turn, drives the population: ṗ ¼
−kpsgnðcÞ þ ξp. Coupling these gives

c̈ ¼ −ksgnðcÞ þ ξ; ð2Þ

where ξ ¼ ξp=kp þ ξc=kpkc and k ¼ kckp. This interaction
produces consensus switching analogous to stick-slip
dynamics. Large memory M causes sharp transitions,
whereas intermediate “confused” states yield rapid flips.
The flipping interval follows a power law (exponent
≈ − 1.5) for short times, with an exponential tail scaling
asM2 [46]. LargeM allows rare, long intervals that sustain
demographic switching (Sec. I.D in [14]).
Contrarian-driven oscillations resemble the swap phase

in nonreciprocal systems [47]. In our model, the memory
depth M controls this behavior: small M generates a more
homogeneous state while larger M produces the swap
phase. This highlights memory depth as a key control of
memory-bearing agents.
The traditionalist, pushover, and opportunist—Humans

weigh past and recent memories differently [48–50]. We
explore how exponential memory weight, w ∝ bt,
influences opinion polarization. For b ¼ 1, spinners are
pushovers; b > 1 emphasizes recent events (opportunists);
b < 1 favors distant ones (traditionalists). The same
memory can make opposite decisions depending on the
weight [Fig. 1(b)]. Starting all spinners with − spin and
−bits, we measure the time to reach an even distribution
[Figs. 4(b) and 4(c)]. We find (1) traditionalists respond
more slowly than opportunists; (2) response time grows
with memory M and rises sharply at Mc, consistent with
earlier results; (3) the peak occurs at b ¼ 1 (pushover);
(4) the above holds for larger N (Sec. IV.F in [14]).

Intuitively, opportunists’ discount for older memory
shortens effective memory and weakens symmetry break-
ing. Although weighting distant events seems to enhance
the breaking, experiments and simulations show the oppo-
site because outdated information dominates. In the limit
b ≪ 1, traditionalists rely on a single bit fromM collisions
earlier, behaving as originalists [51].
Conclusion—Our system is an ensemble where sensing,

memory, and complex response generate adaptive collec-
tive behavior [23]. Unlike active matter driven by instanta-
neous forces or fixed design, agents here self-organize
through information-driven dynamics that couple interac-
tion history to motion, producing effective nonreciprocal
interactions [5,17,24].
Using tools from statistical physics, we map collective

opinion dynamics to a potential landscape, yielding a
quantitative framework for memory-driven symmetry
breaking. This extends chiral collective dynamics [25–28]
to systemswhere handedness and coordination are emergent
computational states, and complements social-polarization
models [6,7]. Our results identify memory as a physical
degree of freedom in nonequilibrium systems where past
interactions shape future behavior and enable studies of
memory-driven collectives that sense, learn, and react
[52,53].
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