
[OnlineSPEC]When Drafts Evolve: 
Speculative Decoding Meets Online Learning

Background: Speculative Decoding

Background: LLM Inference

Inference cost and latency of LLMs lead to a decline in user experience.

•Nowadays, many LLMs have been developed and used.

•Not only the model size, but also the inference cost, is increasing.
•Especially with Chain of Thought (CoT)
•Recently emerged agentic LLMs further increase this burden

•Autoregressive (AR) models speedup bo4leneck: 
Ø  Sequential dependency

•LLM inference acceleration methods Speculative Decoding:
Ø Use a small “draft model” to first quickly generate draft tokens;
Ø Use a big “target model” to parallelly verify the drafts.

The “acceptance rate” of the draft model
directly determines speedup.

Key Observation: Free Feedback can be Received

•We investigate broader “generation-refinement” methods:
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•Key observation:
Ø Draft model receives timely feedback at no cost!
Ø We can use this feedback to update draft model(s), exactly 

match Online Learning.

Naturally forms “draft commits–
feedback provides–draft adapts” 

evolving loop.

At each round t = 1, . . . , T :

•Formulated as an online learning problem:

•Performance Metric: Dynamic Regret

A Unified Framework: OnlineSPEC

•Relationship between acceleration rate and regret:

•OnlineSPEC framework can guide designs of new algorithms:
Ø A unified framework to boost speculative decoding
Ø Can leverage the rich toolkit from online learning

Can be seamlessly combined 
with existing methods to 

further enhance the 
acceleration rate.

•We demonstrate its generality through three instantiations:
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Experimental Results: Speedup of our OnlineSPEC framework

🚀Up to 24% speedup over previous SOTA methods.

Continuously improving draft model and inference efficiency.

• One round of speculative decoding in draft model’s view:
Ø Submits: k tokens
Ø Gets: k labels denote accept or not
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Goal: the more tokens accepted, the beLer

Scaling to larger target model.

• OnlineSPEC can be scaled 
to larger models.

• Still outperforms other 
methods in 13B/32B scale.
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By reducing this optimization problem to
regret minimization, we can leverage the

rich toolkit from online learning.


