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Recap and takeaways



This tutorial

Beyond Decoding: Meta-Generation Algorithms for LLMs

• Primitive generators: Generating one token at a time
• Meta-generators: High-level strategies for calling generators
• Efficient meta-generation: Generating quickly and efficiently
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Takeaways | Meta-generators

Meta-generation: strategies for calling generators

• Various strategies: chained, parallel, tree search, refinement
• Spend test-time compute to improve performance
• Use cost-performance tradeoffs to choose/design
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Takeaways | Efficient meta-generation

• Parallelizability decreases latency and boosts throughput of
meta-generation

• Long inputs can be amortized via Prefix Sharing of KV Cache
• Prompt design and meta-generator structure can change
real-world efficiency significantly. Token budget can be an
oversimplification!
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Looking ahead

• Hybrid meta-generators

[Aggarwal et al., 2024], AlphaVerus. P. Aggarwal, B. Parno, S. Welleck.

• Learning to search (e.g., explore, backtrack, self-correct)

• Agent environments

• How should we allocate compute?

Science: many conclusions are based on a few tasks!
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Looking ahead

Survey Paper (TMLR 2024):

From Decoding to Meta-Generation:
Inference-time Algorithms for Large Language Models.

Sean Welleck, Amanda Bertsch⇤, Matt Finlayson⇤, Hailey Schoelkopf⇤, Alex
Xie, Graham Neubig, Ilia Kulikov, Zaid Harchaoui. TMLR 2024.

https://arxiv.org/abs/2406.16838
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Thank you!

https://cmu-l3.github.io/neurips2024-inference-tutorial
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