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Background: Speculative Decoding
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Decode Prefill

• Efficiency of the autoregressive LLM decoding is bounded by memory access

• Speculative decoding amortizes the memory access cost across multiple accepted tokens



Background: Previous Exploration

• How to get more drafted tokens accepted?

• Cover more possible drafts → Tree Draft and Verification [Miao et al.]

• Drafter architectural innovation → Target model feature dependent drafter [Li et al., Zhang et al.]

• Scaling → Train with more parameters and more data [Li et al., Yan et al., Tang et al.]

Target LLM

Small Drafter Large Drafter

Target LLM

“The quick brown”

“… fox runs with …”
“… fox jumps over…”

“… fox runs with …” “… fox jumps over…”

Accl = 1 Accl > 2

Latency=1s Latency=2s

• Large Drafter: Better prediction but more latency

• Small Drafter: Less latency but worse prediction

Tradeoff

Is it possible to expand model capacity while keeping inference latency low?



Method: Intuition

• Observation 1: Finite number of generation steps for draft models

• Observation 2: Heterogeneity of draft steps

Heterogeneity of draft steps evidenced by 
varied acceptance rates across steps 

Intuition: Activate different parameters for 

each draft step

Design opportunity for specialization

Processing Module

Transformer

Fully Connected

Previous hidden states Embedding of the previous token

Concatenate



Method: Architecture

• According to a predefined subjection, switch between processing modules as draft step proceeds

• KV caches transfer between transformer layers as processing modules switch

Draft Step 1 Draft Step 2 Draft Step 3

# of draft steps=3

# of processing modules=2

Module 1 Module 2

Predefined subjection



Method: Training

• Context alignment: Simulate and align multiple generation steps of the draft model with target model

• Two stage training: Warmup and Tuning

• Warmup: Train one processing module with MSE loss on hidden states and CE loss on logits

• Tuning: Replicate trained processing module then train for parameter switching

• For OpenThoughts2, thinking contexts are removed

• Train the PRISM draft model with different datasets ranging from 

100k to 800k samples on 8 NVIDIA A100 40G GPUs

• 25-40 epochs for warmup and 10 epochs for tuing



Evaluation: End2End
• Target Models: LLaMA-2-7B, LLaMA-3-8B

• Benchmarks: MT-bench, HumanEval, GSM8K, Alpaca, CNN/DM, Natural Ques.

• Baselines: Standard, EAGLE-2, HASS

• Hardware: 1 A100, 1 H800, 2 RTX 4090

• Token per Second: 
• +51% vs Standard
• +17.2% vs EAGLE2
• +8.8% vs HASS

• Accept Length: 
• +21.8% vs Standard
• +13.8% vs EAGLE2
• +9.8% vs HASS

• Memory footprint: 
• +0.77% vs EAGLE2, HASS



Evaluation: Scaling
• 6-step, 10-branch tree to demonstrate prediction power 

upper bound

• Better Scaling curves for PRISM Compared to all baselines

• Stacking parameters helps improving scalability; PRISM is 

even more efficient at scaling

PRISM*: Employ multiple previous hidden states as input 



Evaluation: Hyper-Parameters

# of draft steps

draft tree width

# of total draft tokens for verification

Saturated

• Acceleration degrades as batch size grows



Discussion

• Design opportunities for draft model: Finite and heterogenous draft steps

• Speculative drafter design as a predictor refinement task

• New drafter architectures coming out: Diffusion 

Thank you!
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