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RL powers the next advancement in fine tuning



RL enables model specialization
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Training RL is Expensive



DAS(Distribution Aware Spec) takes 
advantage of temporal repetition to 

speed up RL by up to 50%



Breaking down how RLBasics of RL Inference
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Study on Long Tail Rollouts
Straggler problem

Problem Output Length Variance

hard problems block the RL execution step



Key Insight

1. GRPO samples similar problems across each 
mini batch
2. Same problems repeated through through 
training iterations
3. RL Training updates very slow due to 
convergence
4. Problem variance creates stragglers in training



Overview of DAS

1. Distribution aware spec 
decoding 

2. Length Aware Scheduling 

3. Windowed Suffix Tree



Suffix Decoding Explained



Suffix Decoding Changes Bottleneck

Normal Decoding -> Memory bound 

Spec Decoding (Verification)-> can be Compute bound

Key Insight: Tradeoff between # verified sequences and proposed sequences



Distribution Aware Spec Decoding

Key Insight: Propose problems proportional to problem difficulty



Distribution Aware Suffix Decoding
We propose using suffix instead of neural models

Spec decoding enables continuously updating as training adapts 

 + Preserves Accuracy



How do you schedule based 
on problem difficulty?



Understanding Problem Difficulty

RL repeatedly trains the same inputs 

Suffix spec decoding learns from the history



Problem Difficulty based Scheduling
Schedule to minimize stragglers



Adapting to a changing model
Using a sliding window based on acceptance length



Results

2 Agentic Workloads: 

- Math 

- Code  

GPUs: 2-6x 8 H100 

Up to 50% improvement 



Takeaways

• RL training has a long tail straggler problem due to 
problem variance 

• DAS takes advantage of suffix decoding and temporal 
request sharing 

• Utilizing a Distribution aware spec decoding 

• Windowed aware spec decoding 

• Length aware scheduling


