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Background
• LLMs have achieved remarkable success across diverse tasks, 
• e.g., chatbots, vibe coding, and long-term agentic tasks.



3Yu-Yang Qian (LAMDA@NJU &  Hao AI Lab@UCSD)

Background: LLM’s Inference Cost

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

• LLMs have achieved remarkable success across diverse tasks, 
• e.g., chatbots, vibe coding, and long-term agentic tasks.

• 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
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Background: Latency Bottleneck of AR

• Causal attention: the model predicts 
the next token.

• It forms the foundation of today’s 
mainstream LLMs such as GPT, 
LLaMA, and Qwen.
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• Autoregressive (AR) LLMs generate one token per forward pass.

• AR’s decoding is memory-bound, leaving the GPU underutilized. 

Background: Latency Bottleneck of AR

AR’s decoding is memory-bound, leaving the GPU underutilized. 

Entire model, KV… 

Only one token

Off-chip Memory
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Background: Latency Bottleneck of AR
• LLMs have achieved remarkable success across diverse tasks, 
• e.g., chatbots, vibe coding, and long-term agentic tasks.

• Autoregressive (AR) model’s speed bottleneck 
• Sequential dependency
• “Next token prediction” paradigm

Can we decode multiple tokens in parallel, not only one at a time?

Investigating the Parallel Decoding of LLMs.
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Outline
• Goal: Efficient LLM Inference via Parallel Decoding:

Parallel LLM decoding via Speculative Decoding.

JetSpec: Parallel-causal tree
[arXiv’26]

AdaFlash: Reducing variance
[arXiv’26]

OnlineSPEC: Online evolving
[ICML’26]
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Outline: OnlineSPEC
• Goal: Efficient LLM Inference via Parallel Decoding:

Online evolving of draft models.

OnlineSPEC: Online evolving
[ICML’26]

AdaFlash: Reducing variance
[arXiv’26]

JetSpec: Parallel-causal tree
[arXiv’26]
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Preliminary: Speculative Execution

• Insight: commonly used in modern CPU Processors:
• Speculative execution

Speculative execution: speculatively execute future instructions: correct predictions
yield speedup; while incorrect ones trigger rollback.

• Autoregressive (AR) models speedup bottleneck 
• Sequential dependency
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Preliminary: Speculative Decoding
• Autoregressive (AR) models speedup bottleneck 
• Sequential dependency

• Speculative Decoding: An LLM inference acceleration method.
   Use a small “draft model” to first quickly generate tokens as drafts;
   Use a big “target model” to parallelly verify the drafts.
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Preliminary: Speculative Decoding
• Autoregressive (AR) models speedup bottleneck 
• Sequential dependency

• Speculative Decoding: An LLM inference acceleration method.
   Use a small “draft model” to first quickly generate tokens as drafts;
   Use a big “target model” to parallelly verify the drafts.
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Background
• We investigate the “speculative decoding” acceleration methods:

Draft-Sequence Generation Target Model Verification

3 41 2 5

3 4 5 6

Draft Model Multi-token Model

1 2

3 4 5 6

Draft 1 Draft 2 Draft 3

1 2

❌
3 4 ❌

5

Speculative Decoding Cascade Decoding Multi-token Prediction

6

draft sequence draft sequencedraft sequence 3 4 5 6

draft sequence

3 4 ❌ ❌

verification
5

Target Model

31 2
3 41 2
3 41 2 5
3 41 2 5 6

batch size = 4

✅ ✅ ❌ ❌

parallel verification

batched output

• Key observation:
• Draft model receives timely feedback at no 

cost! (white box / black box feedback)
• We can use these feedback to update draft 

model(s), exactly match Online Learning.

Naturally forms a “draft commits–feedback provides–draft adapts” evolving loop.
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A Unified Framework: OnlineSPEC
• Formulated as an online learning problem:

• Performance Metric: Dynamic Regret

i.e., the cumulative gap between the algorithm

and a sequence of time-varying comparators {w!
t }

T

t=1
.
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A Unified Framework: OnlineSPEC
• Formulated as an online learning problem:

• Relationship between acceleration rate and regret:
Theorem 1 (Acceleration Rate). Under Assumption 1, for Online-
Spec with a total of T steps, the acceleration rate γ is bounded by

where α ! a

A
! 1 is the ratio of the inference times between the

draft model and the target model.
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OnlineSPEC with Instantiations
• OnlineSPEC framework can guide the design of new algorithms:
• A unified framework to boost speculative decoding
• By leveraging the rich toolkit from online learning

Can be seamlessly combined with
existing methods to further enhance

the acceleration rate.
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OnlineSPEC with Instantiations
• OnlineSPEC framework can guide the design of new algorithms:
• A unified framework to boost speculative decoding
• By leveraging the rich toolkit from online learning

• We demonstrate its generality through three instantiations:

Online gradient descent

Optimistic online learning

Online ensemble learning

Base Method +Feedback via Instantiation
Lookahead 
Reasoning

Hydra

Eagle/Eagle-3

Online-LR

Opt-Hydra

Ens-Eagle

Acceleration rate
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Experimental Results

🚀 Up to 24% speedup over previous SOTA methods.
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Experimental Results

🚀 Continuously improving the draft model and inference efficiency.
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Scaling to larger models

🚀 Apply to 13B/32B, OnlineSPEC still outperforms other methods.
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Concurrent Work from together.ai
• Our paper and concurrent studies (@together.ai) arrive at similar insights. 

• All focus on exploiting “online updates” in inference-acceleration systems.

2026.3

(Co-founded by Tri Dao, 
Percy Liang, Chris Re, and 
Ce Zhang)
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Outline: AdaFlash
• Goal: Efficient LLM Inference via Parallel Decoding:

Reducing the variance in diffusion drafters.

OnlineSPEC: Online evolving
[ICML’26]

AdaFlash: Reducing variance
[arXiv’26]

JetSpec: Parallel-causal tree
[arXiv’26]
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Current SOTA Method: DFlash
• SOTA of Speculative decoding: 5-6x speedup compared to AR:

DiffusionAR EAGLE-3 DFlash

• DFlash is adopted by Xiaomi Mimo, DeepSeek, etc.

GitHub
5k+ stars

Chen et al. DFlash: Block Diffusion for Flash Speculative Decoding. (ICML 2026)
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• DFlash’s key idea: employ diffusion model as drafter
• Parallel drafting: generate a block of tokens in one forward pass;
• Feature fusion: hidden states are compressed into one fused context feature;
• KV injection: injecting fused context feature as diffusion model’s each layer’s input.

Model architecture of DFlash

Current SOTA Method: DFlash

Chen et al. DFlash: Block Diffusion for Flash Speculative Decoding. (ICML 2026)
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Drawbacks of Diffusion Drafters

❌ Cons: high variance

• Domain-level variance

• Token-level variance

✅ Pros of diffusion drafter:

• Global contextual modeling

• One-pass parallel generation

Bidirectional attention in diffusion drafters is a double-edged sword.

• We uncover a central pitfall of diffusion drafters:

dLLM’s bi-directional attn introduces high variance in draft sequences.
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Observation 1: Domain-Level Variance
• Drafter’s acceptance rate varies on different task domains:

Motivation: online update the draft model during deployment.
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Observation 2: Token-Level Variance

• Verifying all k tokens is consuming, especially under high concurrency.
• Draft quality varies along positions, do not need to verify all k tokens

Motivation: target model’s verify length should be adaptive.

The verify length should be adjusted according to task / prompt.
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AdaFlash: Overview
• Diffusion Drafter: bi-directional attention
• Pros: parallel drafting;   
• Cons: high variance, domain/task specific.

• Real-world Deployment: domain inconsistency, high concurrency
1. For the domain-level variance:

• Utilize interactive feedback
• On-policy distillation to adapt to new domain

2. For the token-level variance:
• Adaptive length head for dynamic verify length
• Reducing unnecessary verification
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Part I: OPD for Diffusion Drafters
• Utilize the free feedback in inference to help the draft model adapt:  

• Continuously improve the draft model on-the-fly:
Ø Acceptance length ↑
Ø Throughput (Speedup) ↑
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Part I: OPD for Diffusion Drafters
• Mixture OPD loss with reverse-KL:

• Entry-wise divergence clipping:

Reverse KL loss: mitigate “mode covering” 

Hard label loss: strengthen the top-1 token signal 

Prevent the diffusion drafter from being misled by outlier tokens
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Part II: Adaptive Length Head
• A lightweight adaptive length head that predicts the acceptance ratio on the fly.

Truncates the draft sequence to reduce unnecessary verification.



33Yu-Yang Qian (LAMDA@NJU &  Hao AI Lab@UCSD)

Part III: Infrastructure Design

• Infra optimization: operator fusion, concurrent launch, torch compile…

• Target model verification candidate 
lengths: Fixed→ Adaptive length

• Exponential moving average (EMA) 
dynamically estimates the number of 
affordable requests of the current task.

• The scheduler returns requests to pending queue when exceeding the budget.
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Experimental Results

AdaFlash consistently 
improves speedup.

Significant gains in 
high-concurrency

scenarios.
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Experiment: Analysis

AdaFlash reduces domain-level and token-level variance.



36Yu-Yang Qian (LAMDA@NJU &  Hao AI Lab@UCSD)

Experiment: Cross-Domain

AdaFlash generalizes well across different domains.
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Experiment: Long-Sequence Generation

AdaFlash maintains its advantage in long-sequence generation.
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Outline: JetSpec
• Goal: Efficient LLM Inference via Parallel Decoding:

Explore the “Causality” in diffusion-based draft models.

OnlineSPEC: Online evolving
[ICML’26]

AdaFlash: Reducing variance
[arXiv’26]

JetSpec: Parallel-causal tree
[arXiv’26]
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• Key requirement of tree drafting: each draft token’s distribution must 
be conditioned on its own branch prefix.

• DFlash: all draft tokens decoded at once, no causal order.

JetSpec: Motivation

Failure pattern of 
diffusion drafters in 

tree drafting.
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• JetSpec: tree drafting + tree verification: all candidate tokens in one 
draft’s forward pass, then verified in one target’s forward pass.

• Applies a tree-causal attention mask to the draft head.

• Keeps drafting process in parallel, while each tree branch follows an 
autoregressive-like causal structure.

JetSpec: Causal-Parallel Drafting
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• JetSpec: tree drafting + tree verification: all candidate tokens in one 
draft’s forward pass, then verified in one target’s forward pass.

JetSpec: Causal-Parallel Drafting

with JetSpec



43Yu-Yang Qian (LAMDA@NJU &  Hao AI Lab@UCSD)

• JetSpec preserved branch-wise causal conditioning through block-level 
causal attention over hidden states, achieving the highest speedup ratio.

Experimental Results
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• JetSpec outperforms the contenders under different budgets.

Experimental Results
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JetSpec
• Concurrent work: DSpark (@DeepSeek), released alongside our JetSpec, 

identifies the same lack of causal ordering issue in diffusion drafters.

[2026, Jun 27]
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Summary
• In this talk, we investigate the inference efficiency in LLMs:
• LLM’s Parallel Decoding via Speculative Decoding

[OnlineSPEC]: Online updates of draft models during deployment time. 
Continuously update the drafter’s parameter and improve acc length.

[AdaFlash]: Reducing the variance in diffusion drafters, with OPD 
updates and adaptive length head for deployment-time acceleration.

[JetSpec]: Introduce causal-parallel drafting for tree-structured diffusion 
drafters, further improve the speedup of speculative decoding.

Speculative decoding is a promising paradigm for efficient inference!
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Summary

Thanks！Yu-Yang Qian
PhD @ NJU (LAMDA), 
visiting PhD @ UCSD

https://arxiv.org/abs/
2606.18394

https://arxiv.org/abs/
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https://arxiv.org/abs/
2603.12617

• In this talk, we investigate the inference efficiency in LLMs:
• LLM’s Parallel Decoding via Speculative Decoding

Speculative decoding is a promising paradigm for efficient inference!
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