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Background [1/2] — Speculative Decoding 

l Benefits of Speculative Decoding
Ø Make full use of the parallel verification capabilities of LLMs. 
Ø Make full use of computing resources (LLM inference is largely not compute-bound).
Ø Lossless!
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p The draft model’s forward 
pass takes much less time 
than the target model’s.

p The target model generates 
     4 tokens per forward pass.

[1] Figure adapted from Figure 1 in Xia et al., 2024, Spec-Bench: A Comprehensive Benchmark and Unified Evaluation Platform for 
Speculative Decoding.



Background [2/2] — Related Work

l Training-based Speculative Decoding
Ø Eagle-1 [1], Eagle-2 [2], Eagle-3 [3].
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[1] Li et al., EAGLE: Speculative Sampling Requires Rethinking Feature Uncertainty (2024).

[2] Li et al., EAGLE-2: Faster Inference of Language Models with Dynamic Draft Trees (2024).

[3] Li et al., EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test (2025).

TL;DR:
p Train one auto-regression head.

p Input: Token embedding.
p Output: Hidden state of  previous token.



Background [2/2] — Related Work

l Ngram-based Speculative Decoding
Ø SAM [1].

4
[1] Hu et al., SAM Decoding: Speculative Decoding via Suffix Automaton (2024).

TL;DR:
p Reuse historical information.

p statistical regularities often 
indicate fixed patterns: e.g., 
“Let me think step by step”.



Motivation [1/1] — Redundancy

l Redundancy under the Test-time Scaling Paradigm
l Most existing work focuses on evaluating short generations (e.g., 1024 tokens).
l How does speculative decoding perform in reasoning models?
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p A large amount of repetition!
p Which is superior: 
      statistically driven methods or 
      data-driven methods?



Benchmark [1/1] — Framework

l Accelerating the Reasoning Model under Test-time Scaling
Ø 2 mainstream test-time scaling frameworks (BoN and Multi-round Thinking).
Ø 2 categories of 4 reasoning models (Deepseek-R1-Distill-Llama-8B, Qwen3-4B/8B/14B).
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Benchmark [1/1] — Framework

l Accelerating the Reasoning Model under Test-time Scaling
Ø 4 Categories and 9 Types of Methods: (a) Training-based: Eagle-3; (b) Model-based: SpS; (c) N-

gram-based: PLD, REST, Lookahead, PIA, SAM, Recycling; (d) Hybrid: Eagle-3 [SAM].
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Experiments [1/3] — Analysis

l Lightweight Ngram-based Methods Perform Satisfactorily
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p Lightweight, training-free N-gram methods can effectively 
capture recurring patterns. For example, SAM achieves a 
speedup of 2.66x under Deepseek-R1 greedy decoding, a 
37.8% improvement compared to the training-based SOTA 
solution Eagle-3 (1.93x).

p The new hybrid solution SAM[EAGLE-3] offers the best 
speedup in all scenarios. For example, the speedup ratio on 
Deepseek-R1 (T=0) is 3.97x, achieving a 49.2%
improvement compared to the second-best method. 

p Training-based methods are sensitive to the training process 
For example, EAGLE-3 for DeepSeek R1 performs poorly 
(for generating long sequences).

Takeaway 1: Training-free n-gram methods can 
outperform training-based approaches!



Experiments [1/3] — Analysis

l Lightweight Ngram-based Methods Perform Satisfactorily

8

p Lightweight, training-free N-gram methods can effectively 
capture recurring patterns. For example, SAM achieves a 
speedup of 2.66x under Deepseek-R1 greedy decoding, a 
37.8% improvement compared to the training-based SOTA 
solution Eagle-3 (1.93x).

p The new hybrid solution SAM[EAGLE-3] offers the best 
speedup in all scenarios. For example, the speedup ratio on 
Deepseek-R1 (T=0) is 3.97x, achieving a 49.2%
improvement compared to the second-best method. 

p Training-based methods are sensitive to the training process 
For example, EAGLE-3 for DeepSeek R1 performs poorly 
(for generating long sequences).

Takeaway 2: This hybrid approach demonstrates a 
clear 1 + 1 > 2 effect !

Takeaway 1: Training-free n-gram methods can 
outperform training-based approaches!



Experiments [1/3] — Analysis

l Lightweight Ngram-based Methods Perform Satisfactorily

8

p Lightweight, training-free N-gram methods can effectively 
capture recurring patterns. For example, SAM achieves a 
speedup of 2.66x under Deepseek-R1 greedy decoding, a 
37.8% improvement compared to the training-based SOTA 
solution Eagle-3 (1.93x).

p The new hybrid solution SAM[EAGLE-3] offers the best 
speedup in all scenarios. For example, the speedup ratio on 
Deepseek-R1 (T=0) is 3.97x, achieving a 49.2%
improvement compared to the second-best method. 

p Training-based methods are sensitive to the training process 
For example, EAGLE-3 for DeepSeek R1 performs poorly 
(for generating long sequences).
Takeaway 3: Training-based methods are sensitive 

to the training process !

Takeaway 1: Training-free n-gram methods can 
outperform training-based approaches!

Takeaway 2: This hybrid approach demonstrates a 
clear 1 + 1 > 2 effect !



Experiments [1/3] — Analysis

l Lightweight Ngram-based Methods Perform Satisfactorily

8

p Lightweight, training-free N-gram methods can effectively 
capture recurring patterns. For example, SAM achieves a 
speedup of 2.66x under Deepseek-R1 greedy decoding, a 
37.8% improvement compared to the training-based SOTA 
solution Eagle-3 (1.93x).

p The new hybrid solution SAM[EAGLE-3] offers the best 
speedup in all scenarios. For example, the speedup ratio on 
Deepseek-R1 (T=0) is 3.97x, achieving a 49.2%
improvement compared to the second-best method. 

p Training-based methods are sensitive to the training process 
For example, EAGLE-3 for DeepSeek R1 performs poorly 
(for generating long sequences).

Takeaway 1: Training-free n-gram methods can 
outperform training-based approaches!

Takeaway 2: This hybrid approach demonstrates a 
clear 1 + 1 > 2 effect !

Takeaway 3: Training-based methods are sensitive 
to the training process !



Experiments [1/3] — Analysis

l Lightweight Ngram-based Methods Perform Satisfactorily

8

p Lightweight, training-free N-gram methods can effectively 
capture recurring patterns. For example, SAM achieves a 
speedup of 2.66x under Deepseek-R1 greedy decoding, a 
37.8% improvement compared to the training-based SOTA 
solution Eagle-3 (1.93x).

p The new hybrid solution SAM[EAGLE-3] offers the best 
speedup in all scenarios. For example, the speedup ratio on 
Deepseek-R1 (T=0) is 3.97x, achieving a 49.2%
improvement compared to the second-best method. 

p Training-based methods are sensitive to the training process 
For example, EAGLE-3 for DeepSeek R1 performs poorly 
(for generating long sequences).

Takeaway 1: Training-free n-gram methods can 
outperform training-based approaches!

Takeaway 2: This hybrid approach demonstrates a 
clear 1 + 1 > 2 effect !

Takeaway 3: Training-based methods are sensitive 
to the training process !



Experiments [2/3] — Analysis

l Hybrid Speculative Decoding is Promising
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p We need more fine-grained hybrid strategies.
p The potential of hybrid strategies has not yet been fully realized.

~ 2.5x  Eagle-3



Experiments [3/3] — Analysis

l Batch Inference Testing
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p The n-gram approach outperforms training-based methods because N-gram draft generation is 
extremely lightweight.

p We should arrange the N dimensions of the BON sequentially, while assigning different queries in 
parallel. This maximizes overlap, which is particularly useful in RL rollout scenarios.
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Thank you for watching!

Project page: https://github.com/sunshy-1/SpecTTS-Bench
Correspondence: shengysun4-c@my.cityu.edu.hk


