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Goal: Sample from the reward-tilted distribution 

Unseen or varying rewards necessitate alignment at inference-time. 

But credit assignment is hard!
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Existing methods

❌ Biased approximations of the 
       value function at noisy states 

❌ Only scale in parallel by  
       increasing particle count
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Treat each noisy  as node; denoising as edges 
Maintain value estimates  at each node 
 
Selection: 
     DTS sample  → asymptotically exact for  
     DTS* greedy  → efficient high-reward search 
 
Rollout: Use base model to create child  from node  
 
Backup: Evaluate , backup soft (log-sum-exp) values
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Why does DTS help?
✅ Low-noise rewards back up to high-noise states → better credit assignment 

✅ Tree reuses estimates → more compute sequentially improves values & samples 
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Diffusion language models 



Thank you!
Website arXiv


