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£§3 scheme that allocates privacy budget (04 Ags Asy Ai) = (0.25 G, 0.25, 0.25, 0.50)
per robot, per step, and per context layer. -» Emphasize individual layer
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4 MAIN RESU LL-TAS NE RATE 5 PRIVACY-UTILITY PARETO FRONTIER
Higher is better. € is per-step Gaussian DP guarantee at 6 = 105, A = 1. Critical cells use n =8 X-axis: per-step € (log scale; larger & = weaker privacy). Right edge denotes no privacy (e = c0).
seeds; others n =3 seeds. Mean + std.
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6 ABLATION STUDIES (0hase 7 BYZANTINE ROBUSTNESS (o = 0.1, 40% compromise) 8 KEY TAKEAWA

All-Tasks-Done Rate (n = 3) Alignment-spoofing attack (white-box) + random actions. Defence: trim-mean (drop Three-layer hierarchical alignment enables strong
highest & lowest a peers), n = 10 seeds. . coordination (0.998 all-tasks-done) without explicit
Varial Rate (mean # std) messaging.
Method Condi All-Tasks-Done (mean # std)
Deadline rule only 0.702 + 0.003
Clean 0.795+0.033
Crowding rule only 0.702 +0.013 Rule-based adaptive DP improves privacy-utility at low
Fixed-DP Byzantine (no defence) 0717 £0.054 noise: +2.63 pp at matched budget (6 = 0.1, p = 0.003).
Both rules (Adaptive) 0.687+0.018 Byzantine + trim-mean 0.720 + 0.040
Findings Clean 0.797 £0.058 Hierarchy remains better than independent partial-view
+ Each rule contributes similarly (~+1.5 pp over both). Adaptive-DP Byzantine (no defence) 0.759 + 0.063 agents at all privacy levels.
+ Combining rules does not add additively — bounded headroom ) . N
(combined firing < 10% of robot-steps). Byzantine + trim-mean 0.7640.054
+ Realized € within 3% of fixed baseline. Attack drop: Fixed-DP -7.8 pp (p = 0.0014), Adaptive-DP -3.8 pp (p = 0.18). Adaptive DP shows better resilience to
@ alignment-spoofing attacks at 40% compromise.

Adaptive-DP > Fixed-DP under attack (+4.2 pp, p = 0.13, in expected
direction).
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J\/ Rule fire rates (empirical):
Deadline: 4.2-5.0% + Crowding: 3.1-5.2% of

Future work: larger fleets, stronger attacks & defences,
robot-steps

@ Trim-mean does not recover significantly at 40% (single-trim limit with up to
learned adaptation, and full DP composition accounting.

2 adversaries).

EXPERIMENTAL SETUP TRAINING METRICS
5 robots on 10x10 grid; 10 tasks, deadline = 100 steps xg PPO: 2x10¢ steps, 32 envs; 128 steps/rollout, 4 epochs, clip Primary: all-tasks-done rate; report mean + std over final

without new completion, horizon = 200 steps. : .2; shared hyperparameters across methods. 10% of training




