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ABSTRACT

Swarms of embedded cognitive agents, devices that sense, infer, and
act in tight perception-action loops using TinyML, need to align
their cognitive cycles to achieve coordinated collective behaviour.
Time synchronisation is a fundamental prerequisite for alignment,
yet current solutions either require a dedicated reference node (PTP,
NTP), or a designated flood initiator per round (Glossy), making
them unsuitable for ad-hoc swarms operating without infrastruc-
ture. In this paper we propose the use of bio-inspired Pulse-Coupled
Oscillator (PCO) synchronisation to provide synchronisation with-
out reference nodes. We present SyncWave, a fully decentralised
protocol derived from the Firefly-Gossip (FiGo) paradigm, extended
with epoch-based maximum-time synchronisation and Trickle-
inspired exponential backoff. We validate SyncWave on a large-scale
IoT testbed (161 nodes, 7 hops, 2 s time-to-synchronise), on a 4-node
single-hop bench measurement (488 s pairwise accuracy), and in
discrete-event simulations across four scenarios. Simulation results
confirm that Time-to-Synchronise(TTS) < 1s in both dense (20-
node, 3-4 hops) and multi-hop linear (8-node, 7 hops) topologies; a
synchronisation margin ratio ps = dsync/Tloop = 0 across all tested
cognitive loop periods 7j,op, € {10-200} ms; and re-synchronisation
after a partition-merge event within Tierge = 500 ms, without a
central reference node or infrastructure.
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1 INTRODUCTION

Embedded cognitive agents can collectively sense, infer, and act in
ways that exceed the capability of individual unorganised devices.
Collective organisation facilitates embedded device management
and enables applications such as cooperative anomaly detection
in sensor networks, distributed visual coverage in drone swarms,
coordinated irrigation control in precision agriculture, and multi-
implant biomedical coordination [10, 21].

The first requirement for any such collective behaviour is to
agree on time, temporal coordination. Agents must align their
perception-action cycles so that they sense the same world at the
same moment, exchange inferences before acting, and apply actu-
ation within a coherent shared time window. Logical clocks [14]
order causally related events, but not concurrent events and could
not show that two samples are in the same time-window or that
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actuation will meet a deadline. Recent EmbeddedAl and TinyML re-
search suggests that as embedded intelligence evolves from isolated
agent inference toward cooperative decentralized agent systems,
higher-level coordination mechanisms—such as belief synchroniza-
tion, consensus protocols, and semantic state coordination—become
increasingly necessary [22]. These all build on a more basic pre-
requisite, a shared temporal reference, which is the focus of this
work.

Current time synchronisation solutions are poorly matched to
this requirement due to their lack of limited synchronisation ac-
curacy, or dependence on a single point-of-failure. The Precision
Time Protocol (PTP) and its variants elect a Best Master Clock and
construct a master-slave hierarchy creating a single point of failure
that fails under node loss or topology change [11]. The Network
Time Protocol (NTP) [18] achieves only millisecond accuracy, in-
sufficient for tightly coupled cognitive loops. Glossy [7] achieves
sub-microsecond accuracy via synchronous transmissions but re-
quires a designated flood initiator for each synchronisation round, a
structural form of infrastructure dependency. GPS is unavailable in-
doors, underground, or in RF-denied environments. None of these
solutions are infrastructure-free: all require a node that plays a
special role that, if removed, degrades or halts synchronisation.

In this paper we present SyncWave, a Pulse-Coupled Oscilla-
tor (PCO) based fully decentralised synchronisation protocol that
provides sufficient synchronisation accuracy and resilience to topol-
ogy dynamics by extending the Firefly-Gossip (FiGo) paradigm [5]
with three key mechanisms: epoch-based total ordering on time,
maximum-time synchronisation (MTS) for guaranteed monotonic
convergence, and Trickle-inspired exponential backoff that decou-
ples synchronisation speed from radio energy consumption. We
make the following contributions:

e Cognitive loop timing analysis. We discuss the synchro-
nisation accuracy required for coordinated TinyML infer-
ence loops across a representative range of applications.

e SyncWave protocol and formal properties. We present
the SyncWave algorithm with convergence proofs.

e SyncWave evaluation. We evaluate SyncWave using
bench measurements, a large-scale testbed, and discrete
event simulation.

2 BACKGROUND
2.1 Embedded Cognitive Agent Loops

A cognitive embedded agent runs a perception-action loop: it sam-
ples its sensors, runs an on-device inference model, communicates
partial inferences with neighbours, and applies an action. This
loop repeats with period 7j,0p. In this paper we use cognitive in



a narrow sense: the perception step is a learned inference model
(TinyML), not a fixed function or algorithm. This distinguishes our
cognitive agents from classical reflex agents [23]. The value 7144, is
inference-bound, and quantifies synchronisation budget, a term we
define below. In this work we do not claim higher-level reasoning,
belief maintenance, or planning. For our definition of collective
behaviour, all agents must be event synchronised, aligned with the
same temporal reference, so that their sensing windows, inference
phases, and communication slots are coordinated.

TinyML enables the inference step on microcontrollers [21].
Inference latency depends on model complexity and hardware.
The MLPerf Tiny benchmark [2] reports latencies from 20 to
60 ms for keyword spotting on ARM Cortex-M class SoCs (e.g.
~23ms on a Cortex-M7 and ~58 ms on a Cortex-M4); anomaly-
detection and image-classification workloads measured in the tens-
of-milliseconds; simpler wake-word or anomaly models showed
single-digit millisecond latencies. Heavier vision CNNs have longer
latencies: MCUNetV2 reports measured visual-wake-word latencies
of roughly 185-660 ms on a Cortex-M4-class MCU (SRAM <320 kB,
Flash <1 MB) [16, Fig. 7b]. We add to these inference costs the
sensing and communication overhead for the calculation of 7144

2.2 Synchronisation Budget for Cognitive Loops

The synchronisation budget, dsync, is the worst-case synchronisa-
tion error between any two agents, or nodes, who exchange infer-
ences about the same environmental event. The budget is set by the
application: for coherent collective inference, the temporal offset
between agents must stay well inside one loop period so that fused
inferences refer to the same event. We define the synchronisation
budget as: Ssync < T1o0p

Cheng et al. [6], fusing detections across microcontroller-class
vision nodes, find that fusion stays coherent while the inter-node
offset is within one inference cycle, and that past ~5 FPS explicit
timestamp alignment is needed to avoid fusing misaligned obser-
vations; federated learning applies the same principle, bounding
update staleness [9]. These results imply dsync << 7j00p and justify a
bound that is a fraction of one cycle rather than a specific constant;
we use Ssync < Tloop /10 as a conservative operating point.

We motivate synchronised loops with the following use case.
Consider distributed visual coverage by a drone swarm, where
each agent runs an on-board camera, radar or LIDAR. The swarm
fuses images into a single picture of the monitored area. A residual
synchronisation error dsync between two agents translates directly
into a spatial disagreement: at a closing speed v, their observations
of the same object differ in position by v - §sync. For agents moving
at 5ms~! running a Tloop = 100 ms detection loop, our 7j50p/10
budget admits dsync < 10ms and so bounds the disagreement at
5cm. An unsynchronised swarm drifting by one full loop period
would instead disagree by half a metre, enough to report the error
that one object is two. The measured single-hop dsync = 488 s sits
20X inside this budget, a disagreement of under 3 mm.

Table 1 compares synchronisation protocols from literature. Net-
work topology bounds SyncWave’s performance, as shown in the
evaluation.
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Table 1: Synchronisation accuracy. SyncWave is a single-hop
bench measurement (Section 5.1); all others reported by the
cited sources, obtained on differing hardware and measure-
ment scopes. Results are indicative rather than a controlled
comparison.

Protocol Ssync Ref. node?
PTP [11] ~1ps Yes (master)
Glossy [7] ~1ps  Yes (initiator)
SwarmSync [25] 127 ps No
SyncWave 488 s No
FiGo [5] ~500 ps No
PCO [17] 480 us No
NTP [18] ~1ms-1s Yes (server)

3 RELATED WORK

Mirollo and Strogatz [19] proved PCO convergence for all-to-all
excitatory coupling with monotone concave phase response func-
tions. Werner-Allen et al. [30] translated this to WSNs with the
Reachback Firefly Algorithm (RFA), which synchronised phase only
(no epoch counter), leaving it susceptible to cycling between phases
rather than converging monotonically.

Klinglmayr and Bettstetter [12] proved that inhibitory coupling
outperforms excitatory coupling in dynamic networks and that
lossy channels aid convergence; follow-on work extended the proofs
to time-varying topologies [13]. Masood et al. [17] validated times-
tamped PCO on Z1 motes over IEEE 802.15.4, reporting 480 ys
single-hop precision that degrades to 2.25 ms at diameter 5, but
without an epoch counter or adaptive backoff. Schmidt et al. [24]
showed a random fire phase is the most effective strategy for re-
ducing collisions, and Brandner et al. [4] reached sub-microsecond
precision via phase-rate equalization on FPGA radio hardware un-
available on commodity MCU+RTOS stacks.

The Firefly-Gossip protocol (FiGo) [5] combined firefly syn-
chronisation with gossip dissemination for WSN management,
and was formally verified using PRISM probabilistic model check-
ing [29], proving synchronisation with probability 1.0 and steady-
state synchronisation probability of 99.67% under temperature drift.
SyncWave departs from FiGo in the update rule itself. FiGo averages
phases circularly, so a node’s time is pulled towards its neighbours’
mean; the network-wide state can therefore oscillate, and conver-
gence is not monotonic. SyncWave instead replaces averaging with
maximum consensus over an epoch-extended timestamp: a node
adopts a peer’s time only when that time is strictly ahead. This
makes Tmax non-decreasing by construction (Theorem 1), convert-
ing an empirical convergence property into a guaranteed one, and
it is what allows the total ordering that FiGo’s phase-only repre-
sentation cannot express. The cost is the fault sensitivity discussed
in Section 4: maximum consensus amplifies an erroneously large
timestamp where averaging would dilute it.

O’Keeffe, Hong and Strogatz [20] presented swarmalators: oscil-
lators whose spatial and phase dynamics are mutually coupled, pro-
ducing five emergent collective states including static synchrony
and active waves. Barcis and Bettstetter [3] implemented swar-
malators on wheeled robots and Crazyflie drones, demonstrating
emergent space-time patterns in hardware. Their implementation
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Figure 1: Maximum Time Synchronisation (MTS). When node
A fires and t4 > tg, node B adopts A’s epoch and phase. The
epoch counter provides total ordering on time and mono-
tonic, non-cycling convergence.

relies on infrastructure: an OptiTrack motion-capture system (37
cameras) and the Crazyswarm centralised platform for drone coor-
dination. SyncWave provides the wireless decentralised mechanism
that makes it infrastructure-independent.

Vogell et al. identified deadlocks on star-graph topologies [26]
and chimera states (partial synchronisation) [27] in PCO networks,
failure modes whose conditions for SyncWave remain as open
research questions.

Glossy [7] achieves sub-microsecond accuracy via synchronous
transmissions (constructive interference) and forms the synchroni-
sation backbone of recent distributed MCU learning systems [8]. Its
accuracy is superior to SyncWave, but it requires a designated ini-
tiator for each flood round, making it centralised. SwarmSync [25]
achieves 127 ps accuracy in a fully decentralised manner but is de-
signed for slow-changing topologies with resynchronisation intervals
of minutes, incompatible with the ms-timescale dynamics of mobile
cognitive agent swarms.

4 THE SYNCWAVE PROTOCOL

SyncWave is a Pulse-Coupled Oscillator protocol for fully decen-
tralised time synchronisation. Each node maintains a monotoni-
cally increasing local time t = e - ® + ¢ where e is an epoch counter
(e € N), ¢ is a phase counter (¢ € [0,D), in ps), and ® is the
epoch period. This epoch-and-phase representation provides a total
ordering on time, enabling maximum-time synchronisation. Algo-
rithm 1 presents the core receive and fire loop. The full algorithm
is symmetric across all nodes, no node has a special role.

4.1 Maximum Time Synchronisation
Upon receiving a message (idmsg, €msg> Pmsg), @ node computes
tmsg = emsg * © + Pmsg + ¢ (Where ¢ is a propagation constant) and
its own current time t = e - @ + ¢. If ty59 > ¢, the node updates:

e «— |tmsg/®], ¢  tmsg mod ® (1)
MTS provides monotonic convergence: the network-wide maximum
time Tax () = max; T;(t) is non-decreasing, preventing the cycling
behaviour of circular-averaging schemes such as FiGo. A node that
is ahead reduces its firing interval to inform behind neighbours;

a node that is behind reduces its interval to catch up. Figure 1
illustrates the mechanism.

4.2 Randomised Firing and Exponential Backoff

SyncWave decouples the firing timer  from the epoch timer ¢.
The next firing time g, is drawn uniformly from a firing inter-
val I: Ygre ~ U(0,I). This randomisation spaces transmissions to
minimise packet collisions without any coordination, an approach
independently validated by Schmidt et al. [24].

The firing interval adapts via exponential backoff (inspired by
the Trickle algorithm [15]):

o After each firing the interval grows, I «— min(f - I, Imax),
slowing broadcasts as the network settles.

e Whenever a node detects desynchronisation (tysq differs
from t by more than €), RESETINTERVAL sets [ « Iy,
triggering rapid broadcast dissemination. As this can fire
mid-interval, an interval containing a conflicting message
is effectively cut short.

This mechanism makes SyncWave simultaneously fast during
synchronisation and energy-efficient during maintenance: nodes
converging from random initial phases fire aggressively at rate
~ 1/Iin, while a fully synchronised network reduces to near-silent
operation at rate ~ 1/Ipnax.

4.3 Message Suppression

In dense networks, SyncWave optionally suppresses redundant
broadcasts. A node tracks how many unique neighbours have fired
with similar times (within € of its own) in the current interval, count-
ing these in c. If ¢ > k (message suppression threshold), the node
cancels its next broadcast. Unlike naive suppression, SyncWave
counts unique senders and resets the count at each firing interval,
avoiding suppression in multi-hop scenarios where bridge nodes
must relay information.

4.4 Formal Properties

The analysis rests on three structural assumptions, (A1) bounded
maximum degree A = O(1) (in-range nodes per receiver bounded
independently of n); (A2) k, Inin, Imax constant in n, firing times
Yare ~ U(0,I), and suppression never starving a frontier, each
uninformed node adjacent to S has > 1 synchronised neighbour
permitted to transmit per interval, which holds because an ahead
node resets rather than suppresses; and (A3) no clock drift for
Theorem 1 (drift reintroduced for Theorem 2).

LeEmMMA 1 (FRONTIER ADVANCE). Let S hold the network maximum
time Tmax, and call the not-yet-synchronised nodes adjacent to S
the frontier. Let u be such a frontier node. Under (A1)—(A3), in any
firing interval u receives Tmax with probability at least the constant

Pmin = (1 - E/Imin)A > 0.

PROOF. A neighbour in S holds a larger time, so it resets toward
Imin (RESETINTERVAL) and fires once per window of length Iy
at a time uniform on (0, Lyj,). Delivery fails only if one of the
< A other in-range transmitters overlaps the vulnerable window of
width €, each with probability < €/Iin; hence success probability
> (1 — €/Imin)®. The exponent is the local degree A, not n — 1, so
Pmin does not vanish as the network grows. m]



Algorithm 1 SyncWave: Message Receive and Fire Loop

1: e — 0; ¢ «— 0;I « Ipin
20 Y — 0; Ygre < Uuo,I)
3: ¢ < 0; heard « {}

4: while True do

5 if ReceIve(id, e/, ¢’) then

6 tmsg <€ P+’ +¢

7: t—e - D+¢

8 if ;54 > t then

9 e — |tmsg/®P|;  — tmsg mod

10: if ;59 — t > € then

11: RESETINTERVAL > large gap: fire fast
12: else if ¢ < k and id ¢ heard then

13: ¢ « c+1; heard « heard U {id}

14: end if

15: else

16: if £ — ;5 > € then

17: RESETINTERVAL > sender is behind: inform
18: else if ¢ < k and id ¢ heard then

19: ¢ « c+1; heard « heard U {id}

20: end if

21: end if

22: end if

23: if ¥ > g, then > Fire timer expired
24: if ¢ < k then

25: TraNsMIT(id, e, @)

26: end if

27: I — min(f - I, Inax)

28: l//ﬁre — (L{(OsI);lﬁ(_O

29: ¢ « 0; heard « {}

30: end if

31: p—dp+L Yy —yY+1
32: if ¢ > © then

33: p—0e—e+1
34: end if

35: end while

THEOREM 1 (CONVERGENCE). Under (A1)—(A3), in a connected
network of n nodes with diameter D, SyncWave converges to a single
time value with probability 1 in expected O (D log n) firing intervals.

PRrROOF. Termination. By the MTS update (1) a node only adopts a
strictly larger time, so Tiax (t) is non-decreasing and S never shrinks.
The configuration is an absorbing Markov chain with sole absorbing
state S = V; by Lemma 1 some node joins S each interval with
probability > pyin > 0, so absorption occurs with probability 1.

Time bound. A node at hop-distance h < D is reached only after
Tmax crosses h successive (monotone) frontiers. For one frontier
with m uninformed nodes, let R; be the number still uninformed af-
ter ¢ intervals (Ry = m). Each interval informs a Binomial(R¢, pmin)
subset, many nodes at once, not one!, so E[R;] < (1— ppin)’m and

E[X] = > Pr[R; > 1] < )" min{1, (1 - prin)'m}

20 =0
=O0(p,.i,logm).

!This treats the R, uninformed nodes as informed independently each interval. Sup-
pression correlates which synchronised neighbours transmit, so the events are mildly
dependent; the independent model is the standard first-moment idealisation and
the O(logn) order is unaffected, though it is an approximation rather than a per-
realisation guarantee.
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AS pmin is constant (Lemma 1) this is O(logn) per frontier, not
©(+/n): the y/n arises only when simultaneous senders grow with
frontier size, degrading per-interval success and forcing a regime
split at v/n; suppression caps senders at the constant k, fixing pmin
and removing that factor. Summing over the < D monotone fron-
tiers (3 g mg < n) gives O(pr;iln >alogmy) = O(Dlog(n/D)) =
O(D log n); monotonicity prevents the frontiers from interfering,
so the bound does not compound. O

THEOREM 2 (BOUNDED DRIFT ERROR). With per-node drift |p;| <
Pmax, after convergence SyncWave maintains pairwise synchronisa-
tion within B < 2D pmaxImax = O(DpmaxImax)-

PRrRoOF. A synchronised network backs off to Imax, so a laggard
re-adopts its max-holding neighbour’s time at most Iiax after the
previous adoption; between adoptions their clocks separate at rela-
tive rate < 2pmax, giving single-hop error < 2pmaxImax before MTS
resets it. A node D hops from the max-holder relays through < D
intermediaries, each (worst case) at the end of its own resync win-
dow, so the per-hop errors add: B < 2D pmaxImax. Adoption of the
maximum jumps instantaneously onto the larger value, resetting
rather than compounding error, so accumulation stays linear in
D. O

These properties distinguish SyncWave from FiGo (whose circu-
lar averaging produces cycling) and from RFA (no epoch counter;
convergence not monotonic) and make it suitable for the continu-
ous, safety-critical operation of cognitive agent swarms.

We give a brief fault model. Monotonicity can be problematic:
because MTS adopts the maximum, one node reporting an erro-
neously large time dominates the swarm, and the maximal rule
that guarantees convergence propagates the error. An averaging
rule will dilute a faulty value, maximum consensus amplifies it. We
assume crash faults only. Bounding the epoch jump accepted in
one interval to the plausible advance D - ¢ confines a single fault
to a bounded offset, at the cost of slower partition-merge recovery.
Byzantine-tolerant maximum consensus is future work.

5 EVALUATION

5.1 Testbed Validation

We evaluated SyncWave on the FIT IoT-LAB testbed [1] using IoT-
LAB M3 nodes (ARM Cortex-M3, AT86RF231 radio, IEEE 802.15.4)
running RIOT-OS. Table 2 lists the protocol parameters used.

Dense topology (161 nodes, 7 hops): At an average degree of
37.6, SyncWave converges in 2 s. For comparison, the cluster-based
consensus methods CMTS and CCTS are evaluated on 20 nodes and
converge in hundreds of broadcast rounds [28]; post-sync backoff
drives the broadcast rate to near-zero.

Linear (multi-hop) topology (25 nodes, 12 hops): SyncWave
converges within 3 s despite the extreme diameter (all 140 trials
converging), scaling approximately as O(D log n), consistent with
the formal bound.

Synchronisation accuracy: Measured with a Rigol1074Z logic
analyser on 4 nodes in a laboratory bench test (GPIO pins on epoch
boundary), SyncWave achieves 488 us worst-case pairwise error,
comparable to FiGo (~500 ps) and well within the cognitive loop
synchronisation budget.
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Table 2: SyncWave parameters: testbed (FIT IoT-LAB)
and Simulation. ¢ differs because the simulation fires
received_packet at exactly airtime after TX start; no
software-stack overhead exists.

Symbol  Parameter Testbed Sim  Unit
o Epoch period 1 1 s
Lnin Min. firing interval 75,000 75,000 ps
Inax Max. firing interval 300 60 s

¢ Propagation constant 9,000 4,000 ps

k Suppression threshold 2 2 -

p Backoff base 2 2 —

€ Desync threshold 20,000 20,000 ps

Table 3: Simulation results (n nodes, seed 42, 60 s or 90 s).

Scenario n TTS Ssync  BC/node
Dense (100x100m, ~3-4 hops) 20 1s 0 pst 12
Linear chain (7 hops) 8 1s 0 ps 12
Partition-merge (Tierge) 20 500ms* 4,840 us 5

*After bridge connection at ¢ = 30s. 'Exact (integer) agreement: no modelled drift,
exact delay compensation.

Network-wide accuracy and its measurement limit: We
report single-hop accuracy from the bench measurement above
rather than from the testbed because the M3 serial logging path
timestamps output with an alternating +8 ms error, giving an effec-
tive resolution of +16 ms for any pairwise comparison derived from
the logs. Any network-wide error we could quote from those logs
would therefore sit at or below the noise floor of the measurement,
and would bound rather than resolve the true error. Establishing
network-wide and per-hop accuracy at scale requires hardware
timestamping below this floor, and is left to future work.

5.2 Simulation for Cognitive Loop Workloads

We implement SyncWave as a discrete-event simulation and run
four scenarios using a UDGM channel (rx = 40 m, rr = 80 m, loss-
free). Simulation parameters match the testbed except ¢ = 4,000 us
(Table 2). The metric ps = Ssync/Tio0p is sampled every 500 ms;
TTS is the first sample where max pairwise error < 21 ms. Table 3
summarises all four scenarios.

Dense and linear. Both reach dsync = 0 pis at the first post-TTS
sample (Table 3). With no simulator clock drift and exact delay
compensation, the epoch+MTS rule drives every node to the same
integer time. On real hardware, drift and delay-estimation error
reintroduce the 488 s single-hop error of Section 5.1. Post-sync
backoff cuts the rate to fewer than one broadcast per 60 s.

Partition-merge. Two clusters of 10 nodes run independently
for 30s; when a bridge node connects them at t = 30, the off-
set falls below the 21 ms threshold at the first post-bridge sample,
and Terge = 500ms confirms the O(D’ logn) bound (one Iy
window).

Cognitive-loop margin. For Tloop € {10, 20, 50, 100, 200} ms,
Ps = sync/Tloop = 0 across all periods in the dense scenario. Even
using the conservative partition-merge error (Ssync = 4,840 ys) as

the worst case, ps < 0.10 holds for 715, > 50 ms and ps = 0.048 for
Tloop = 100 ms, well within the cognitive loop budget in simulation
and at one hop on hardware; multi-hop hardware validation awaits
timestamping below the testbed’s measurement floor. Extension to
mobility models and energy measurement is ongoing.

6 CONCLUSION

We presented SyncWave, a fully decentralised PCO-based time syn-
chronisation protocol extending the firefly-gossip paradigm with
epoch-based maximum time synchronisation and exponential back-
off for the synchronisation of embedded cognitive inference loops.
On real 802.15.4 hardware it achieves 488 us single-hop pairwise
accuracy and, on 161 nodes over 7 hops, 2 s TTS; Simulations show
TTS < 1s and Tierge = 500 ms after a partition-merge, all without
any reference node or infrastructure.
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