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Abstract

Physical robot swarms must coordinate under limited communication bandwidth, imperfect sensing, environmental change,
and constrained onboard resources. Distributed model predictive control (DMPC) offers a principled way to coordinate
constrained agents, but practical deployment depends on how information is exchanged and how local controllers behave
when that information becomes delayed or unavailable. We formulate a hierarchical resource-aware DMPC architecture,
Swarm-AR-DMPC, with an interpretable event condition based on predicted formation error, safety margin, and information
age, together with a stale-information fallback policy. We evaluate the supplied implementation through a controlled
simulation study comprising 144 runs: two controller variants, six operating conditions, and 12 random trials per controller-
condition pair. The conditions include nominal communication, 10% packet loss with 50 ms delay, 25% packet loss with
100 ms delay, 45% packet loss with 200 ms delay, a dynamic-obstacle case, and sensor degradation. In the present
simulation logs, both methods achieved 0/12 task successes in every condition. The adaptive and fixed methods also
generated identical communication loads of 440 messages and 21,120 bytes per run, indicating that the current
implementation does not yet realize a measurable communication-saving effect. Across all conditions, mean final error was
0.1882 for the adaptive controller and 0.1894 for the fixed controller, while mean formation RMSE was 0.0772 and 0.0769,
respectively. These results should therefore be interpreted as a diagnostic simulation assessment rather than evidence of
successful physical-swarm deployment. The study identifies the key implementation gaps that must be resolved before a
physical experimental validation can support claims of adaptive communication, resilience, and resource efficiency.

1 Introduction

Robot swarms are attractive because large numbers of relatively simple agents can perform tasks through local interaction,
distributed control, and collective behavior. Yet the transition from simulation to physical deployment exposes practical
constraints that are less visible in idealized swarm models: communication bandwidth is finite, packets are delayed or lost,
sensing is noisy or intermittent, onboard computation is limited, and the environment may change while a group is executing
a collective task. The current Swarm Robotics Collection explicitly emphasizes physical robot swarms, distributed
coordination, adaptation and resilience, benchmarking and reproducibility, communication technologies, and robustness and
fault tolerance, with a particular interest in experimental studies using real robots [1].

Distributed model predictive control (DMPC) is well suited to these challenges because it can combine a predictive model
with state and input constraints and can represent interactions among neighboring agents. Classical work on distributed
MPC and multi-agent formations established the control-theoretic foundations for coupled prediction and coordination [16,
17]. In physical swarm robotics, however, the effectiveness of DMPC depends not only on the optimization problem but
also on the information architecture used to exchange state and trajectory predictions.

A predecessor study underlying the present work introduced a swarm-aggregation and leader—follower DMPC architecture
for uncertain environments, with formal feasibility/stability arguments and a physical demonstration using a team of small
mobile robots [2]. That work showed that hierarchical swarm structure can reduce the sensing burden of follower agents and
that local controllers can exploit the bounded evolution of a swarm aggregation. The original formulation, however, was
developed around fixed communication logic and a comparatively static experimental setting. The present manuscript treats
that study as a technical predecessor and addresses a different question: how should a physical swarm adapt its information
exchange and local prediction when communication and environmental conditions change during execution?

The distinction is important because recent research has increasingly moved toward physical DMPC realizations in which
wireless communication, message loss, event triggering, and limited computational resources are explicit parts of the control
architecture. For example, Grife et al.. demonstrated a physical DMPC implementation on up to 16 nano-UAVs with
distributed computation, wireless communication, event-triggered updates, and message-loss recovery [3]. Event-triggered
DMPC for wheeled robot swarms has also been studied as a mechanism for reducing sensing and computation cost while



preserving control performance [4]. These developments highlight a broader gap: physical swarm controllers need to treat
information availability as a dynamic systems variable rather than as a fixed communication assumption.

This paper therefore develops Swarm-AR-DMPC, a resource-aware and resilient extension of hierarchical swarm DMPC.
The key design principles are:

1. Adaptive information exchange: communication is triggered when predicted coordination, safety, or information-age
conditions justify an update, instead of relying on a fixed-rate exchange.

2. Resilient local execution: when communication is delayed or lost, each agent continues with a locally verified feasible
trajectory and a fallback law until updated information is available.

3. Resource-aware objective design: the predictive control problem explicitly accounts for communication and sensing
burden alongside tracking, formation, and control effort.

4. Physical evaluation: the experimental protocol measures collective performance together with communication load,
computational effort, sensing burden, and energy/resource use under changing conditions.

The intended contribution is therefore not a re-publication of the predecessor swarm-MPC formulation, but a systems-level
treatment of adaptive communication and resilience in swarm control. In the present manuscript, the available evidence is
limited to the supplied simulation logs. The results are reported with uncertainty intervals and are interpreted diagnostically;
no physical-robot performance claim is made.

2 Related Work

2.1 Distributed swarm control and formation regulation

Formation control for multi-agent systems has a long history spanning leader—follower, virtual-structure, and behavior-based
formulations [7, 8, 9, 10, 11]. Distributed coordination is naturally described through interaction graphs and their
connectivity properties [5]. Robust and finite-time formation strategies have been developed for wheeled robots and other
nonholonomic systems [12, 13, 14, 15].

The predecessor work on which this manuscript builds introduced a swarm-aggregation view of leader—follower formation
control, in which several agents share a bounded collective representation while local controllers solve constrained
predictive problems [2]. The key value of that representation for the present work is its ability to exchange compact
collective information rather than complete raw state histories.

2.2 Distributed model predictive control

DMPC provides a framework for coordinating interacting agents while handling constraints explicitly. Tutorials and
roadmaps have established the principal distributed formulations, including decentralized optimization, predicted neighbor
trajectories, and terminal ingredients for stability or feasibility [16, 17]. DMPC has also been applied to vehicle formations
and nonholonomic systems [18, 19, 20, 21, 22].

The recent physical realization of DMPC-Swarm on up to 16 nano-UAVs demonstrates the importance of treating the
communication network and distributed computing substrate as first-class components of the control design. The
corresponding MLR-DMPC mechanism explicitly addresses communication delays and message loss in a physical wireless
implementation [3]. The present work differs in emphasis by retaining a hierarchical swarm-aggregation representation and
by coupling adaptive information triggering with explicit resource accounting in a ground-robot physical validation
protocol.

2.3 Event-triggered communication and resource-aware control

Event-triggered control reduces communication or computation by transmitting or recomputing only when a state-dependent
condition is violated. Recent swarm-specific DMPC research has proposed differential event-triggering to adapt the update
rate while reducing computational and communication consumption [4]. The central challenge is to define an event
condition that is meaningful for both the local robot and the collective swarm: excessive triggering wastes resources,
whereas insufficient triggering can produce stale information and degrade safety.

In Swarm-AR-DMPC, event triggering is therefore based on three quantities: the predicted formation/synchronization error,
the predicted safety margin, and the age of the information used by a local controller. This produces an interpretable trigger
that directly connects communication decisions to control objectives.



2.4 Physical swarm robotics and resilience

Physical swarm experiments expose communication and sensing effects that are often absent from simulation. Practical
studies have therefore increasingly addressed limited communication, packet loss, dynamic interactions, and reproducibility.
The present work follows this direction by making communication availability and resource use measurable experimental
variables rather than hidden assumptions.

3 Problem Formulation

Consider a group of N robots partitioned into R hierarchical swarm units. Robot i has state xi ERni and control input ui
€Rmi, with dynamics

zi(k +1) = fi(zi(k), ui(k)) + di(k), (1)

where di(k) represents bounded modeling error, sensing error, and external disturbances. Each robot is subject to compact
state and input constraints

Jt(k) € Xi, ui(k) cU;. (2)

The robots interact over a time-varying communication graph G(k) = (V, E(k)). An edge (i, j) €E(k) indicates that
information from robot j is available to robot i at time k. The communication graph may vary because of range, interference,
scheduling, packet loss, or intentional event triggering.

For each swarm unit r, we define a collective center cr(k) and radius pr(k). The compact swarm representation is inherited
conceptually from the predecessor formulation [2], but the transmitted information is now treated as a resource-limited
message. A swarm-level message is represented as

my(k) = |er(k), pr(k), Xr (), ()] (3)

where "Xr(k) is a compact predicted-state descriptor and tr(k) is the timestamp of the most recent valid message.

Let ef r(k) denote a swarm-level formation error, sr(k) the minimum predicted safety margin, and ar(k) = k —tr(k) the age of
the information. We define normalized quantities

S (ke ; — i -
é/r(k') = f"?"(k), gr(k) — "’max “’T (k) . &y(k) — ar (k) (4)
€max Smax Qmax
The communication event is triggered when
I (k) = max {e.(k), 5.(k),ar(k)} > 1, (5)

with separate safety-priority logic ensuring that safety events take precedence over resource minimization. This trigger is
intentionally interpretable: communication is requested when predicted coordination error, safety degradation, or
information staleness becomes unacceptable.

4 Resource-Aware Resilient Distributed MPC

4.1 Architecture
The Swarm-AR-DMPC architecture contains four layers:
1. a swarm aggregation layer that summarizes collective state and formation information;

2. a local prediction layer in which each robot computes its own feasible trajectory using the latest valid neighbor
information;

3. an event-trigger layer that decides whether an updated message is needed;

4. aresilience layer that maintains safety and feasibility when a message is delayed or lost.



Unlike a fully centralized controller, each robot retains a local predictive controller. Unlike a fully communication-
independent swarm, robots exchange compact information only when the event condition warrants it.

4.2 Local predictive objective

For robot 1, define the finite-horizon cost

Np—1

5k = Y (Nt +31) = 2k + IR,
§=0

+ [lus(k + Gk 1%, + Ap ¢f (k + jlk) ©)
+ A 05(k + 71k) + Ae 9% (k + jlk‘)) + Vi,

where ¢f i penalizes formation deviation, ¢c i penalizes communication/resource usage, and ¢e i penalizes estimated sensing
or energy expenditure. The exact implementation of these terms should be selected from measurable quantities on the
experimental platform.

A practical communication penalty can be defined as

o5 (k) = wymy (k) + wybs(k), (7)
where mi(k) is the number of messages and bi(k) is the number of bytes transmitted or received in the sampling interval.

When electrical energy can be measured directly, the energy term can instead use

(k+1)At
¢ (k) = [k L Rt (8)

where Pi(t) is the measured electrical power of robot i. If direct power measurement is not available, the final paper should
report a clearly identified proxy rather than labeling it as energy consumption.

4.3 Safety and dynamic-obstacle constraints

Let O(k + j) denote the predicted obstacle set over the horizon. For each robot, predicted position pi(k + jlk) must satisfy
pitk + jlk) €F(k + j), (9) where F(k + j) denotes the predicted obstacle-free region. Pairwise separation constraints are
represented by

”pt(k 4 J|k) —py(k +J|k)||2 2 dmin Vi ?é E, (10)

subject to the particular convexification or approximation used in the implementation.

For moving obstacles, the obstacle prediction model and its uncertainty margin must be stated explicitly in the final
submission. At minimum, the experiment should include a controlled dynamic-obstacle scenario and report the prediction
horizon and safety margin.

4.4 Resilient execution under stale information

Suppose robot i does not receive the expected update from a neighbor. Rather than replacing the local controller with an
unconstrained extrapolation, the robot retains the last verified feasible prediction sequence and shifts it forward by one step.
If the information age exceeds a safety threshold asafe, the robot switches to a conservative local safety controller or

stopping policy.
Let Ux i (k) = {uxi(klk),...,ux1i(k+Np—1|k)}. Under a missing-message event, the controller applies

U’T(Hk - 1)1 az(k) < Usafe,
ugefe(k), a;(k) > asafe-

7

il k) = (11)



The safe controller usafe i should be chosen so that the experimental implementation respects the platform’s motion and
actuator limits.

4.5 Design rationale

The essential design principle is that communication is not treated as a free service. A message has a cost, while stale
information has a control risk. Equation (5) therefore defines a state-dependent trade-off: communication becomes more
frequent near safety boundaries, during rapid formation changes, or when information becomes old; communication
becomes less frequent when the predicted collective state remains well inside admissible bounds.

Algorithm 1 Adaptive communication and resilient DMPC loop

: Measure local state xi(k) and receive available neighbor/swarm messages.

: Update the age ai(k) of each information stream.

: Predict formation error and safety margin over the local horizon.

: Evaluate the event condition in Eq. (5).

:if an event is triggered then

: Broadcast the compact swarm message and recompute the local DMPC problem.
s else

0 3 N L AW~

: Continue with the latest feasible local prediction.

9: end if

10: if the information age exceeds asafe then

11: Activate the local safety/fallback controller.

12: end if

13: Apply the first control action and continue to the next sampling step.

5 Simulation Study

5.1 Data source and scope

The numerical results in this manuscript are computed from the supplied simulation logs simulation extunderscore
results.csv, simulation extunderscore summary.csv, and scenario extunderscore summary.csv. The logs contain 144 runs in
total: 72 fixed-controller runs and 72 adaptive-controller runs, corresponding to six operating conditions and 12 trials per
controller-condition pair.

The six operating conditions are nominal communication; 10% packet loss with 50 ms delay; 25% packet loss with 100 ms
delay; 45% packet loss with 200 ms delay; a dynamic-obstacle condition with 15% packet loss and 100 ms delay; and a
sensor-degradation condition with 15% packet loss, 100 ms delay, and increased observation noise. The supplied data do not
contain physical robot telemetry, direct power measurements, CPU timing, explicit collision labels, or a separate recovery-
time variable.

5.2 Evaluation metrics

The logs contain binary task success, final target error, formation RMSE, minimum distance, message count, transmitted
bytes, and path length. Since units are not encoded in the CSV metadata, distances are reported as simulation units. Success
is reported as completed trials out of 12. Table 1 summarizes the scenario-level formation and final-error results.

Table 1: Scenario-level simulation results. Entries are mean £+ 95% confidence interval across 12 trials.

Formation RMSE - | Formation RMSE - Final error -
o o . . s
Condition Loss (%) Delay (ms) Noise Fixed Adaptive Final error - Fixed P Rrine
Nominal 0% 0 0.0005 0.0506 +0.0018 0.0504 +0.0016 0.1898 + 0.0049 0.1926 + 0.0054
Mild packet loss 10% 50 0.0005 0.0487 + 0.0020 0.0510 + 0.0031 0.1911 +0.0036 0.1848 + 0.0049
i\::sder‘"‘te packet 25% 100 0.0008 0.0702£0.0102 | 0.0752£0.0152 | 0.1917£0.0045 | 0.1893%0.0039
Severe packet loss 45% 200 0.001 0.0900 + 0.0153 0.0865 +0.0131 0.1903 + 0.0051 0.1845 +0.0051
Dynamic obstacle 15% 100 0.0008 0.0993 + 0.0082 0.0977 £0.0116 0.1849 + 0.0054 0.1920 + 0.0044
Sensor degradation 15% 100 0.004 0.1025+0.0114 0.1025 +£0.0145 0.1888 +0.0048 0.1863 + 0.0059




Table 2: Task-success, minimum-distance, and communication measurements from the supplied simulation logs.

Condition Fixed success Adapt. success Fixed dmin Adapt. dmin Fixed msg. Adapt. msg. Fixed bytes Adapt. bytes
Nominal 0/12 0/12 0.0043 0.0051 440 440 21120 21120
Mild packet loss 0/12 0/12 0.0034 0.0034 440 440 21120 21120
?::Sdmte packet 0/12 0/12 0.0036 0.0045 440 440 21120 21120
Severe packet loss 0/12 0/12 0.0035 0.0031 440 440 21120 21120
Dynamic obstacle 0/12 0/12 0.0032 0.0021 440 440 21120 21120
Sensor degradation 0/12 0/12 0.0038 0.0042 440 440 21120 21120

Table 2 reports task success, minimum distance, message count, and transmitted bytes for the six simulation conditions.

6 Simulation Results

6.1 Task completion

The supplied logs report zero successful trials in every condition for both controller variants. Thus, the observed success rate

is 0/12 in all 12 method-condition cells. The current simulation therefore cannot support a claim of reliable task completion.
Continuous metrics should be interpreted as diagnostic indicators rather than as successful task outcomes.

6.2 Formation error and final target error

Across all 72 trials per method, the adaptive controller has a mean final error of 0.1882, compared with 0.1894 for the fixed
controller. Mean formation RMSE is 0.0772 for the adaptive controller and 0.0769 for the fixed controller. The aggregate

differences are small and change sign across conditions; no single controller is uniformly better on all continuous metrics.

In the dynamic-obstacle condition, formation RMSE is 0.0977 for adaptive and 0.0993 for fixed, while final error is 0.1920

and 0.1849, respectively. This illustrates why the current results should not be summarized as a universal performance
improvement. Figure 1 shows the formation RMSE across the six supplied conditions. Figure 2 shows the corresponding
final target error.
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Figure 1: Formation RMSE across the six supplied simulation conditions.
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Figure 2: Final target error across the six supplied simulation conditions.

6.3 Communication load

Every fixed-controller and adaptive-controller run reports exactly 440 messages and 21,120 bytes, independent of packet-
loss level, delay, sensing noise, or dynamic obstacles. Therefore

R 1 440 0 R 1 21,120

p = L= s =l bytes = 1 — m—7= =
.- 440 i 21,120
The supplied simulation therefore shows no communication reduction from the adaptive mechanism. This indicates that the
current implementation or logging configuration is still effectively operating at the same communication rate for both
controller variants. Figure 3 shows that the logged communication count is identical for both controllers in every condition.

0. (12)
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Figure 3: Communication count is identical for both controllers in every logged condition.

6.4 Path length and minimum distance

Path length is exactly 0.49275 simulation units for every run and every method in the supplied logs. Minimum distance
varies across trials and conditions, but there are no collision labels or calibrated safety thresholds in the data, so these
distances are not reinterpreted as verified collision-free operation.



7 Ablation and Diagnostic Interpretation

A conventional ablation study would isolate adaptive triggering, stale-information resilience, dynamic-obstacle handling,
and resource weighting. The supplied dataset contains only two labels, “fixed” and “adaptive,” and does not contain a
factorial ablation of the individual mechanisms. Consequently, a causal attribution of performance changes to a specific
subcomponent is not supported by the present data.

The most important diagnostic result is that the communication layer is not differentiated between the two methods. Because
both variants generate exactly 440 messages per run, the logged simulation does not exercise the proposed communication
trigger as an observable resource-management mechanism. Before physical evaluation, the implementation should verify
that message transmission is genuinely conditional on the event state and that the logger records actual transmission events
rather than control-loop iterations.

The second diagnostic result is that the binary success criterion is not consistent with the interpretation of the continuous
metrics as completed missions: all 144 trials are marked unsuccessful despite finite final errors and formation trajectories.
The success definition should therefore be audited and tied explicitly to target tolerance, formation tolerance, obstacle
clearance, and terminal dwell conditions.

8 Reproducibility and Experimental Readiness

The present manuscript provides the complete mathematical formulation and a transparent summary of the supplied
simulation logs. It does not claim physical validation. The current data also do not include direct energy measurements,
controller solve time, CPU utilization, explicit collision labels, or recovery-time annotations.

The current Nature Collection on Swarm Robotics states that it particularly emphasizes experimental studies using real
robots [1]. Accordingly, the present document should be treated as a completed numerical baseline and diagnostic draft. A
physical submission would require newly acquired robot experiments with calibrated task success criteria and event-level
communication logging.

9 Limitations

This study has five primary limitations. First, it is simulation-only. Second, the current communication implementation
produces identical message counts for fixed and adaptive controllers, so communication savings are not demonstrated.
Third, all trials are marked unsuccessful by the supplied binary success field, limiting the interpretation of continuous
metrics. Fourth, the logs provide no direct energy, computation-time, or collision annotations. Fifth, the experiment does not
include a controlled ablation of individual resilience and event-trigger components.

10 Conclusion

This manuscript presents and evaluates a hierarchical adaptive and resilient DMPC formulation for robot swarms under
communication and sensing uncertainty. The supplied simulation evidence provides a complete diagnostic baseline: 144
trials were evaluated across six conditions, but all trials failed the logged task-success criterion, and the adaptive controller
produced exactly the same communication load as the fixed controller. Mean formation RMSE and final error were similar
between the two methods, with scenario-dependent differences and no uniform dominance.

The main outcome is therefore methodological rather than a demonstrated performance improvement. The simulation
exposes two critical validation requirements before physical deployment claims can be supported: the adaptive
communication mechanism must produce actual event-dependent communication behavior, and the task-success definition
must be calibrated to the intended swarm objective. Once these issues are corrected and real-robot experiments provide
communication, safety, task, and resource measurements, the proposed framework can be evaluated against the criteria
emphasized by the current Nature Collection.

11 Data and Code Availability

The numerical tables and figures in this manuscript are derived from the supplied simulation CSV logs. The manuscript
makes no claim that these logs are a public benchmark or that they were generated by a physical robot platform. For public
release, the final repository should contain the exact simulation implementation, parameter files, raw logs, analysis scripts,
and a README specifying software versions and execution commands.
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