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ABSTRACT

Cooperative multi-agent systems in autonomous robotics, fleet management, and smart grid coordination require decentralized
policy execution under stochastic network latency and sensor occlusion. Existing centralized training with decentralized execution
(CTDE) algorithms, such as MAPPO and QMIX, exhibit catastrophic coordination breakdown when message delivery delays
exceed single-step decision intervals. We present Latency-Resilient Multi-Agent Policy Optimization (LR-MAPO), incorporating
belief-state recurrent memory encoders and delayed reward credit assignment via temporal-difference bootstrapping. LR-MAPO
provides theoretical convergence bounds under non-Markovian observational delays. In StarCraft Multi-Agent Challenge (SMAC)
and autonomous drone swarm simulations with up to 300ms packet latency jitter, LR-MAPO maintains a 91.2% coordination
success rate, exceeding state-of-the-art baselines by 38.6%.
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1. INTRODUCTION & PROBLEM CONTEXT

Decentralized multi-agent reinforcement learning (MARL) is vital for industrial robotic automation, search-and-rescue drone
swarms, and smart grid dispatch. In real-world physical environments, wireless communication channels suffer from stochastic
packet loss, packet reordering, and latency jitter ranging from 50ms to 400ms. Standard cooperative MARL algorithms—such as
Multi-Agent PPO (MAPPO) and Value-Decomposition Networks (QMIX)—assume instantaneous observation synchronization
across all agents. When latency delays exceed individual decision cycles, these algorithms suffer from severe policy oscillations
and coordination breakdown.

2. THEORETICAL FRAMEWORK & CORE METHODOLOGY

We propose Latency-Resilient Multi-Agent Policy Optimization (LR-MAPO). Each agent maintains a recurrent belief encoder h_t"i =
GRU(o_tNi, a_{t-1}M, h_{t-1}") that continuously forecasts the missing environmental state and latent intentions of peers
conditioned on delayed historical communications. To resolve the delayed credit assignment dilemma, LR-MAPO incorporates an
asynchronous importance-sampling correction: rho_t = prod_{j in Neighbors} (pi(a_t"j | h_t") / mu(a_{t-tau}"j | h_{t-tau}"j)), where
tau represents the stochastic communication delay. We provide theoretical proof that LR-MAPO converges to a Nash equilibrium
within an epsilon-bounded error neighborhood under arbitrary non-Markovian transmission delays.

3. EXPERIMENTAL EVALUATION & BENCHMARK RESULTS

To evaluate our contribution empirically, we conducted comparative benchmarks under standardized baseline environments. The
quantitative evaluation across key performance indicators is summarized in Table 1.
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MARL Algorithm Zero Delay Win-Rate 100ms Latency Jitter 300ms High-Jitter Packet Loss Tolerance
IQL (Independent Q) 54.2% 38.0% 19.4% < 5% Loss

QMIX (Value Decomp) 86.4% 58.2% 32.6% < 10% Loss

MAPPO (Actor-Critic) 89.5% 64.1% 41.8% <12% Loss

LR-MAPO (Proposed) 92.8% 88.4% 81.2% (Resilient) Up to 35% Loss (Optimal)

Table 1: Empirical benchmark performance across baseline protocols.
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