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CHALLENGES OF SYNC. RL SYSTEMS FULLY ASYNCHRONOQUS RL IN AREAL

Keys to the challenges:

1. Continuous Rollout Batching with Interruption

Challenge 1: Significant GPU idle times during Both training and inference achieve full GPU utilization - i
nference/generation when lengths vary 2. Disaggregated and Overlapped Training & Inference
Multi-Turn (>128 turns) Agentic RL with Reasoning Inference Servers
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Control the maximum staleness with algorithm-system co-design.
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(i.e., critical batch size per GPU) 2x Higher Effective Training Throughput 2x Convergence Speed in Competitive Both algorithm modifications are imperative

Compared with veRL Programming Tasks to async. RL performance
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