1. Multi-Agent Pickup and Delivery

STAR-GNN: Scalahle Graph Neural Reinforcement Learning for
Collision-Aware Online Multi-Robot Task Allocation (B v (5},
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What is MAPD?

In Multi-Agent Pickup and Delivery (MAPD), robots repeatedly
receive dynamically arriving pickup-and-delivery tasks.

Each task has a pickup location, a delivery location, and a
release time. Robots must execute assigned tasks while
maintaining collision-free paths.

At each event time, the system assigns pending tasks to
available or soon-to-be-available robots, then calls a Multi-
Agent Path Finding (MAPF) planner to compute collision-free
paths.
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Why Is Task Allocation Hard?

Most scalable MAPD systems use a two-stage pipeline:
Task allocation -> collision-free path planning

The assignment step is often based on shortest-path distance.
However, shortest paths do not capture congestion, shared
corridors, or future collision-avoidance delays.
Planner-evaluated assignment costs are more accurate, but
repeatedly querying a planner during assignment search can be
expensive.

We train assighment as a planner-feedback RL problem: the
policy selects a feasible agent-task matching and receives
reward from the solver’s completion cost.
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3. Training
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® Sampleg Actions - Assiggments 2. Hungarian warm start: initialize assignment scores from feasible
distance-based matching.
4—[ Reward ] — 3. Planner-based RL fine-tuning: improve assignments using solver-
evaluated reward.
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STAR-GNN achieves the best or near-best average service time in most warehouse
setting. The advantage is strongest when task release frequency and fleet size
Key ldea increase.

STAR-GNN operates inside the standard event-driven online MAPD loop. A new
decision is triggered when a task is released or an agent becomes free. The system
updates the pending task pool, assigns tasks to candidate agents using STAR-GNN,
replans collision-free paths with PBS, and executes the resulting paths until the
next event.

Instead of relying only on shortest-path distance, STAR-GNN predicts assignment
scores that reflect map topology, task distribution, traffic, and inter-agent
interactions.
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Hun+PBS selects locally short assignments based on shortest-path costs, but these
assighments create stronger downstream interference after planning. STAR-GNN
selects a different assighment and reduces total planned path length from 26 to 23.
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Lower-level graph: learns congestion-aware spatial representations from the - ;3
warehouse map and current traffic. %15_
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Decoding: uses Hungarian matching to produce a one-to-one assighment.
Reward: Reduction in planner-estimated total completion time.
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The fraction of decision steps where STAR-GNN improves over Hun+PBS increases
with task frequency and fleet size, showing that learned planner-aware assignment
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is most useful in dense traffic.
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