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Background
• LLMs have achieved remarkable success across diverse tasks, 
• e.g., chatbots, video generation, and agentic tasks.

However, the huge parameter size impose substantial costs on training & inference
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Background
• LLMs can achieve online feedback during deployment:

Traditional Machine Learning

Ø Model remains fixed after training.
Ø Single-round inference

Deployment of LLMs
Ø A large pre-trained model, later will be fine-

tuned for downstream tasks

Ø Multi-round interaction with humans/envs

Can we (efficiently) leverage the interaction feedback to accelerate LLMs?
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Outline
• Goal: Efficient LLMs via Online Feedback:

Efficient LLMs across: training, inference, and architecture.

Online (one-pass) RLHF
[NeurIPS’25]

Online Speculative Decoding
[ICML’26]

Ultra-Fast Diffusion LLMs
[ICML’26]
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Outline: Online RLHF
• Goal: Efficiently Online RLHF:

Efficient LLMs across: training, inference, and architecture.

Online (one-pass) RLHF
[NeurIPS’25]

Online Speculative Decoding
[ICML’26]

Ultra-Fast Diffusion LLMs
[ICML’26]
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WarmUp: RLHF
•  Problem Formulation in RLHF (Reinforcement Learning from Human Feedback):

- i.e. align LLM with human’s preference
Ø RLHF wants to use input to improve LLM

Ø Output: First train a good reward model; then a fine-tuned LLM

- x: the prompt:

- a: the first response:

- a’: the second response:

- y ∈ {0, 1}: the label (human’s preference):

“Please write a joke for me.”

“Sorry, I can’t.”

“Here is a joke for you: …”

a’

Ø Input: a preference 4-argument tuple
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Previous Method for RLHF
Ø Step 1: Sample prompts and queries using SFT model:

Ø Step 2: use Bradley-Terry Model (BT Model) for the reward model:

Prompt 𝑥 (a, a′) ∼ πsft(a | x)

SFT model Query
Which one is beIer?

Ø Step 3: Learning reward model using Maximum Likelihood Estimation (MLE):
(

σ(w) =
1

1 + e
−w

)

argmin
rφ

LR (rφ,D) = −E(x,aw,al)∼D [log σ (rφ (x, aw)− rφ (x, al))]

Definition 1 (Bradley-Terry Model). Given a context x ∈ X and two actions a, a′ ∈ A,
the probability of the human preferring action a over action a

′ is given by

r is the latent function.
P (a ! a

′ | x) =
exp (r (x, a))

exp (r (x, a)) + exp (r (x, a′))
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Motivation and Goal: Efficient RLHF
•  Computational challenge of previous MLE-based methods:

- Need to store all previous data, storage expensive;
- Need to re-compute all previous data, costly for online scenarios.

• We aim to take a unified view for the efficient RLHF:

Computational and storage cost at round 𝑡 is 𝑂(𝑡) !

Goal: statistically and computationally efficient 
online RLHF algorithms via one-pass reward modeling.
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Method: a Unified View from Contextual Bandits

•  Revisiting RLHF from the perspective of contextual bandits:

Linear reward model r(x, a) = φ(x, a)!θ∗

Logistic Contextual Bandits

P [y = 1 | x, a, a′] = σ
(

φ(x, a)"θ∗ − φ (x, a′)
"
θ∗
)

φ(·, ·) is the known feature mapping

Bradley-Terry (BT) Model 

P (a ! a
′ | x) =

exp (r (x, a))

exp (r (x, a)) + exp (r (x, a′))

- prompt 𝒙
- actions 𝑎, 𝑎’
- Goal: beIer reward 

model 𝑟(⋅,⋅⋅)

- context 𝒙

- arms 𝑎, 𝑎’

- Goal: be#er model *𝜃
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Method: from MLE to OMD
• Replace MLE with OMD inspired by [Zhang and Sugiyama, 2023] :

Still no closed-form 
solution!

θ̄k+1,h = argmin
θ∈Θ

{

"k,h(θ) +
1
2η

∥

∥θ − θ̄k,h

∥

∥

2

H̄k,h

}

,implicit
OMD

“lookahead” local norm to keep historical information

where H̄k,h !
∑k−1

i=1
Hi,h

(

θ̄i+1,h

)

is a particular local norm.

one-pass update by OMD

second-order Taylor expansion !̃k,h(θ) = !k,h(θ̃k,h) + 〈∇!k,h(θ̃k,h), θ − θ̃k,h〉+
1

2
‖θ − θ̃k,h‖

2
Hk,h(θ̃k,h)

θ̃k+1,h = argmin
θ∈Θ

{〈
∇"k,h(θ̃k,h), θ − θ̃k,h

〉
+ 1

2η

∥∥θ − θ̃k,h
∥∥2
H̃k,h

}
,standard 

OMD where H̃k,h = ηHk,h(θ̃k,h) +
∑k−1

i=1
Hi,h(θ̃i+1,h) incoporates additional second-order quantity.

θ̂k+1,h = argmin
θ∈Rd

k∑

i=1

∑

s′∈Si,h

−ys
′

i,h log p
s′

i,h(θ) +
λk

2
‖θ‖22MLE

! !i,h(θ)
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Method: Applied in Three Stages

θ̃t+1 = argmin
θ∈Θ

{
〈gt(θ̃t), θ〉+

1
2η

∥∥θ − θ̃t
∥∥2
H̃t

}
Active select samples:

(xt, at, a
′
t) = argmax

x,a,a′∈X×A×A

{

‖φ(x, a)− φ (x, a′)‖
H

−1

t

}

OMD update:
Choose dual actions:

a′
t
= argmax

a∈A

φ (xt, a)
#
θ̃t + 2β̃ ‖φ (xt, a)− φ (xt, at)‖H−1

t

at = argmax
a∈A

φ (xt, a)
"
θ̃t, and

θ̃t+1 = argmin
θ∈Θ

{
〈gt(θ̃t), θ〉+

1
2η

∥∥θ − θ̃t
∥∥2
H̃t

}
+ OMD update:

Can be applied to a variety of online/offline RLHF scenarios.
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Theoretical Improvements
• Theoretically: improved statistical and computational efficiency:

Achieving beAer regrets with less time/storage complexity.
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Experiments: LLM’s RLHF
• Foundation Models: LLaMA 3 8B & Qwen 2.5-7B 
• Dataset: Ultrafeedback & Mixture2

(1) Passive Data Collection (2) Active Data Collection 

(3) Deployment-time Adaptation (4) Efficiency Comparison
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Experiments

evaluation loss evaluation accuracy

Our method is also comparable with Adam.Our method surpass DPO in deployment stage.

Full parameter update experiment.

Achieve comparable performance 
with improved efficiency.
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Outline: Online Speculative Decoding
• Goal: Efficient inference through speculative decoding:

Efficient LLMs across: training, inference, and architecture.

Online (one-pass) RLHF
[NeurIPS’25]

Online Speculative Decoding
[ICML’26]

Ultra-Fast Diffusion LLMs
[ICML’26]
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Background: LLM’s Inference Cost

Inference cost and inference 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 LLM further increase this burden
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Background
• We investigate the “generation-refinement” acceleration methods:
• e.g., Speculative Decoding:
   Use a small “draft model” to first sequentially generate tokens;
   Use a big “target model” to parallelly verify the drafts.
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Background
• We investigate the “generation-refinement” acceleration methods:
• e.g., Speculative Decoding:
   Use a small “draft model” to first sequentially generate tokens;
   Use a big “target model” to parallelly verify the drafts.

The “acceptance rate” of the draft model directly determines speedup rate.
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Background
• We investigate the “generation-refinement” 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

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

(1) the learner submits draft model(s) wt ∈ W ; (draft model generating)

(2) target model revels feedback ft(·) : W →→ R; (parallel verifying)

(3) the learner suffers loss ft(wt) and updates the draft model(s).

• 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

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

(1) the learner submits draft model(s) wt ∈ W ; (draft model generating)

(2) target model revels feedback ft(·) : W →→ R; (parallel verifying)

(3) the learner suffers loss ft(wt) and updates the draft model(s).

• 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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Outline: Diffusion LLMs
• Goal: Diffusion large language models (dLLMs)

Efficient LLMs across: training, inference, and architecture.

Online (one-pass) RLHF
[NeurIPS’25]

Online Speculative Decoding
[ICML’26]

Ultra-Fast Diffusion LLMs
[ICML’26]
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Background: Diffusion large language models (dLLMs)

• dLLMs have shown promising capabilities, such as: 
· Parallel generation · Error correction · Random-order generation

Parallel genera)on
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Background: Diffusion large language models (dLLMs)

• dLLMs have shown promising capabilities, such as: 
· Parallel generation

• Closed-source dLLMs showed effectiveness:
     Inception - Mercury

     Google - Gemini Diffusion

     ByteDance - Seed Diffusion

• However, open-source dLLMs exhibited lower speed and accuracy:

· Error correction · Random-order generation

Mercury©: 1109 tokens/s

· LLaDA-8B · Dream-7B · SDAR
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Previous Work: Improving dLLMs
• Acceleration of dLLMs:
• Fast-dLLM: efficient training-free decoding method;
• dKV-Cache: KV-Cache for dLLMs;
• dParallel: distilling dLLM to get a faster one;
• D2F: block-wise causal semi-AR-Diffusion;
• dInfer: systematic implementation of Efficient dLLM;
• Refusion: adapt from AR, slot-level parallel decoding.

• Improving the performance of dLLMs:
• MMaDA: multimodal diffusion foundation models;
• TraDo: dLLMs with reasoning ability;
• Fast-dLLM-v2: directly post-training from an AR.
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Previous Work: One-side of the Coin
• However, previous methods use single, isolated metrics:
• Efficiency-only metrics: tokens per second (TPS) or tokens per forward (TPF);
• Performance-only metrics: accuracy (solve rate / pass@1).

• Key insight: a fundamental trade-off for dLLMs:
• dLLM naturally lives on an accuracy–parallelism curve;
• Increasing parallelism almost always reduces accuracy, and vice versa;
• Therefore, single metrics become misleading.

This motivates us to propose a be8er metric for dLLMs.



34Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab)

New Metric: AUP

• We introduce AUP (Accuracy Under Parallelism):
• A weighted area under the accuracy–parallelism curve;
• Jointly measures both accuracy and parallelism;
• Exponentially penalizes accuracy drops.

AUP ! ρ1y1 +
m
∑

i=2

(ρi − ρi−1)

(

yiW (yi) + yi−1W (yi−1)

2

)

Collect many parallelism-accuracy pairs {(ρi, yi)}mi=1
:

where W (y) = min(e−α(1−y/ymax), 1) is weight function.

Encourage dLLMs to strike a balance between accuracy and parallelism.
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Approach: d3LLM
• Guided by AUP, we design d3LLM (pseuDo-Distilled Diffusion LLM):

• A framework that improves 
both training and inference;

• Push the accuracy–parallelism 
frontier of dLLMs.

(i) Pseudo-trajectory distilla-
tion (training)

(ii) Multi-block decoding with 
KV-refresh (inference)

d3LLM Qwen
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d3LLM: (i) training recipe
• Regarding the (post-)training 🏋:
• Utilizing the teacher’s pseudo-trajectory: which tokens can be confidently 

decoded earlier (+18% TPF)
• Curriculum noise level: gradually increase mask ratio (+12% TPF)
• Curriculum window size: gradually increase window size (+8% TPF)
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d3LLM: (ii) decoding strategy
• Regarding the decoding ⚡:
• Entropy-Based Multi-Block Decoding: decoding multiple blocks (+30% TPF)
• KV-Cache with Refresh: refresh KV-caches before the stabilizing (+35% TPS)
• Early Stopping on EOS Token: stop when EOS is generated (+5% TPF)
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d3LLM: experimental results
• On LLaDA, Dream and Dream-Coder:

🚀 3.6×–5× speedup over AR model (Qwen-2.5-7B-it), 10× speedup 
compared to vanilla LLaDA/Dream, with negligible acc degradation.
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Incorporating SGLang engine
• Incorporating d3LLM models into SGLang engine 🏎:

🚀 3×–4.5× speedup over AR model (Qwen) with SGLang engine.
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dLLM Leaderboard
• dLLM Leaderboard - Hugging Face Space

https://huggingface.co/spaces/d3LLM/dLLM_Leaderboard
https://huggingface.co/spaces/d3LLM/dLLM_Leaderboard
https://huggingface.co/spaces/d3LLM/dLLM_Leaderboard
https://huggingface.co/spaces/d3LLM/dLLM_Leaderboard
https://huggingface.co/spaces/d3LLM/dLLM_Leaderboard
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Summary
• (Efficiently) Leverage the interaction feedback to accelerate LLMs

• Across: training, inference, and model architecture.
• [OnlineRLHF]: Explore Online RLHF (one-pass update) method for LLMs

• [OnlineSPEC]: Continuously evolve draft model to speed LLM inference

• [d3LLM]: Explore diffusion LLM for parallel generation

• Future work: investigate more complicated scenarios, such as agent

Thanks！
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