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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

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



Background

* LLMs can achieve online feedback during deployment:

4 ' AL AS N HUMAN
: TOOL (IN THE LOOP)

INTERACTION & CLURATION
|:> "NOT BAP, BUT MORE LIKE THIS..."

Traditional Machine Learning Deployment of LLMs

> Alarge pre-trained model, later will be fine-

» Model remains fixed after training. funed for downstream tasks

» Single-round inference
» Multi-round interaction with humans/envs

Can we (efficiently) leverage the interaction feedback to accelerate LLMs?

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 3



Outline
* Goal: Efficient LLMs via Online Feedback:

(i) draft commits

<mask>] (<mask>w {<mask W {<mask>J

[ Draft Model ] [ Target Model ] :

(iii) draft adapts M
(ii) feedback provides |:> L<mask> “ ek

Base Method +Feedback via Instantiation

Sec 3.1 LR OGD Online-LR

Q Q
[ ][ [ [ =D

Q Q-
(e [a][ ]

Q Q-
[x ][ [ [ 5 |

Online (one-pass) RLHF Online Speculative Decoding Ultra-Fast Diffusion LLMs
[NeurIPS'25] [ICML'26] [ICML’26]

Efficient LLMs across: training, inference, and architecture.

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



Outline: Online RLHF

* Goal: Efficiently Online RLHF:

a  Q
|x1 ||a1|a'1 ||y1 ||:> Model
Q Qo= l
|x2 ||az|a’2 ||y2 ||:> Model
o Q- l
|xs ||a3|a’3 ||y3 ||:> Model

Online (one-pass) RLHF
[Neurl’S'25]

Efficient LLMs across: training, inference, and architecture.

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab)
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WarmUp: RLHF

* Problem Formulation in RLHF (Reinforcement Learning from Human Feedback):

» Input: a preference 4-argument tuple (x, a, a’, y)

- x: the prompt: “Please write a joke for me.”

- a: the first response:| “Sorry, I can’t.”

/. | w . c 77
- a’: the second response: | “Here is a joke for you: ...

7

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

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

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

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 7



Previous Method for RLHF

» Step 1: Sample prompts and queries using SFT model:

SFT model Query
Prompt x | > (a,d') ~ msu(a | @) | > Which one is better?

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

Definition 1 (Bradley-Terry Model). Given a context z € A and two actions a,a’ € A,
the probability of the human preferring action a over action a’ is given by

exp (r (z,a))
exp (r (x,a)) + exp (r (x,a’))

Pa>=ad |z)=

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

. 1
argmin Lg (14, D) = —E (3.4, .0,)~D l0g 0 (74 (2, aw) — ¢ (T,a1))] <U(U>) = 611],)
T '

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




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.

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

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

Goal: statistically and computationally efficient
online RLHF algorithms via one-pass reward modeling.

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



Method: a Unified View from Contextual Bandits

* Revisiting RLHF from the perspective of contextual bandits:

- prompt x
- actions a, a’

- Goal: better reward
model r(:,-)

Bradley-Terry (BT) Model

exp (r (z,a))

IP)(CL - a’ ‘ x) - exp (’I’ (ZE,CL)) - exp (T (377&/))

N

Linear reward model r(x,a) = ¢(x, a)TQ*@

- context x N\ T

- armsa,a —]

- Goal: better model 6

Logistic Contextual Bandits

Ply=1]|za,0] =0 (o(z,0) 0" =6 (x,a) 0")

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao Al Lab)
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Method: from MLE to OMD

* Replace MLE with OMD inspired by [Zhang and Sugiyama, 2023] :

Ak
MLE 9k:+1 h = argmmz Z _yz h logpz h(e) + ?HQH%

HcRd 1=15s8"€S; 1 A / (0)
— L4,h

one-pass update by OMD @ “lookahead” local norm to keep historical information

[ [ . N _ . 1 " 2
1mpltczt ttn = ar@gergm {gk’h(g) NEZ 16— ek,hHm,h } Still no closed-form
M _ _ .
OMD where H, = Zfz_ll H; p, (6;41,1) is a particular local norm. solution!

second-order Taylor expansion @ Zk:,h<9) = Ek,h@,h) + <sz,h(5k,h), 0 — 5k,h> —||9 O hHHk 1 (Ok,n)

standard O 1h = arg rgin {<ka n(Ox.1),0 — Opp) + % 16 — @th% },
€

OMD where ’Hk n =nHy, h((‘)k n) + Zk L[, h( i+1,n) incoporates additional second-order quantity.

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 11



Method: Applied in Three Stages

Q@ @

2 || a | a2y || 3 |:> Model
Q@ Q !

X2 a; | a; Y2 |:> Model
Q@ @ |

X3 as; | a; y3 :> Model

(a) Passive Data Collection

OMD update:

~ . -~ Y 2
Orp1 = arg min {<gt(5t)79> + 5,110 — et”m}

Yu-Yang

a  Q
% || ar | ay || w1 |:> Model
Q Q- l
X2 a; | a; || ¥2 |:> Model
Q Qo+ |
X3 az | a3 y3 |:> Model

(b) Active Data Collection

Active select samples:

(xtv Qt, CL;) =

argmas  {[[0(z,a) ~ 6 (2.0l }

z,a,a’ €EX X AX

(¢ 8

X1 a; | aj Y1 |:> Model
@ Q- l
X2 a; | a; Y2 |:> Model
@ Q- }

X3 as; | az y3 |:> Model

(c) Deployment-Time Adaptation

Choose dual actions:

a; = arg max ¢ (x4, a)T 6, and
acA

a} = argmax (1, ) + 2516 (21,0) = ¢ (@1, 01)

+OMD update:

~ . ~ n 2
Or11 = aregergm {<gt(9t)a 0) + %HG - etHﬂt}

Can be applied to a variety of online/offline RLHF scenarios. |,



Theoretical Improvements

* Theoretically: improved statistical and computational etficiency:

Setting Context Action Gap/Regret Time Storage Reference

Passive o (’)(\/8 K]l 1) O(logT) O(t) Zhu et al. [2023]
[ (’) |(I)||H‘1) O(1) O(1) Ours (Theorem 1)]

: O(dv/k/T) O(tlogt) O(t) Das et al. [2024]

Act -

UV Q Q O(d\/x/T) O(1) O(1)  Ours (Theorem 2))

O(dk\/T) O(tlogt) O(t) Saha et al. [2023]

Depl t — | |
cPIoymen @ Q [ O(dVkT) O(1) O(1) Ours (Theorem 3)]

Achieving better regrets with less time/storage complexity.

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 13



Experiments: LLM’s RLHF

* Foundation Models: LLaMA 3 8B & Qwen 2.5-7B

* Dataset: Ultrafeedback & Mixture2

0 200 400 600 800

(a) training loss (b) training accuracy

(1) Passive Data Collection

53
52
51
@50
T
< 49
248
47
46
45— ——
Random Iterative-RLHF Best-Two Ours

(a) average cumulative rewards (b) win rates

Rat

Average Cumulative Reward
s & 4 -

(3) Deployment-time Adaptation

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

(a) training loss (b) evaluation accuracy

(2) Active Data Collection

Method ACC (%)

Time (s)

Rand-MLE 69.51+0.5
Active-MLE 69.82+0.4
Rand-OMD 68.97+0.6

Ours 70.431+0.3

487647
4982+52
1456+£31
1489136

(4) Efficiency Comparison

14



Experiments

5 0.62
T e Passive-MLE MLE-Adam 072l
g Ours ——— Ours-Adam ’
& -0.13 0.60
2 . 50711
2 -0. gy £ 058 g
l;’ ‘» ’_/(\‘/\_\ eI S 3 o0/
g -0.15 Y /;_T_’/ = 0.56 =
) bt /2 0.691
& bds ' Passive-MLE MLE-Adam
: 0.
% Rand-MLE = PromisingSet-MLE o . Ours ~—— Ours-Adam
1 7 1
Y -017 Best-Second-MLE DPO 100 200 300 400 500 600 700 800 900 100 200 300 400 500 600 700 800 900
< ] ~+ Uncertainty-MLE Iterations Iterations
TR 5 10 15 20 . .
erstions evaluation loss evaluation accuracy

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

-0.105
-0.110
-0.115

o Achieve comparable performance

with improved efficiency.

-0.145

Average Cumulative Reward

MLE == Ours

01507 5 10 15 20

Iterations

Full parameter update experiment.

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 15



Outline: Online Speculative Decoding

* Goal: Efficient inference through speculative decoding:

(i) draft commits

[ Draft Model ] [ Target Model ]

(iii) draft adapts M

|:> (i) feedback provides

Base Method +Feedback via Instantiation

Sec 3.1 LR OGD Online-LR
Sec 3.2 Hydra Optimism Opt-Hydra
Sec 3.3 EAGLE Ensemble Ens-Eagle

Online Speculative Decoding
[ICML"26]

Efficient LLMs across: training, inference, and architecture.

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab)
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WHEN DRAFTS EVOLVE: SPECULATIVE DECODING
MEETS ONLINE LEARNING
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Background: LLM’s Inference Cost

* 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

DeepSeek-R1-Zero average length per response during training

Model Output —————— | 7

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answer is 9.

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

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 18



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 verity the drafts.

WITH SPECULATIVE DECODING

Generate draft tokens

000  Draft | -
WITHOUT SPECULATIVE DECODING e Model —> T1|-|T2]|-|T3|- | T4 |-| T5 7
)| SO sl | (" () (1) () () () =
Prompt _ 1 Generate
~ 200 One token at a time 0 ~ next arait
Large G R \ == ~ 200  Target Verify )
Input / Prom t - u () Generate 4 i i . Bl 0.
i — p 9% Model oy - s L = (‘TSJ UO OQO Model (accept or reject) [E]—
: . (large / accurate) ) (V] D

\

@ Slow

Accepted Rejected

* Faster (multiple tokens per verification)

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 19



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 verity the drafts.

WITHOUT SPECULATIVE DECODING

My favorite thing about fall

WITH SPECULATIVE DECODING

My favorite thing about fall

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



Background

* We investigate the “generation-refinement” acceleration methods:
Target Model Verification

Draft-Sequence Generation

Yu-Ya

draft sequence draft}s\equence draft sequence 3 4 5 6 (1) 3
! \ 4 A ( \ draft sequence @
=Yy (7Y (T (T (=Y (=Y (Y rs‘: (=Y (7Y (T (T q : :’_5-:. batChSIZe 4
31 141 150 16] Wi ik Y 131 14} 15! 16! @ '@ B
AR, Yy t1f t~>" Y~ EEEE T
@ parallel verification
Draft Model ] Draft 1 Draft 3 Multi-token Model
Ezf Target Model
t t t verification
13} 14! 5
@ batched output
Speculative Decoding Cascade Decoding Multi-token Prediction [8) [4) X xi ! x  x !

* Key observation:

* Draft model receives timely feedback at no
cost! (white box / black box feedback)

* We can use these feedback to update draft

(i) draft commits

"

J { Target Model ]

model(s), exactly match Online Learning.

% [ Draft Model

(iii) draft adapts

Rt

(ii) feedback provides

Naturally forms a “draft commits—feedback provides—draft adapts” evolving loop.



A Unified Framework: OnlineSPEC

* Formulated as an online learning problem:

Ateachroundt=1,...,T:
(1) the learner submits draft model(s) w; € W; (draft model generating)

2S¢
(2) target model revels feedback f;(-) : W — R; (parallel verifying)
< e
(3) the learner suffers loss f;(w;) and updates the draft model(s). ﬁ@

* Performance Metric: Dynamic Regret

T T
Reg, = th(Wt) — th(“’:)v
t=1 t=1

i.e., the cumulative gap between the algorithm

. : AT
and a sequence of time-varying comparators {wy },_;.

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

Algorithm 1 OnlineSPEC Framework

Input: Initial draft model parameter wy € WV with its pre-
dicted distribution gy, (- | x), target model v € V
with its predicted distribution py (- | x), total steps
T', candidate length £, input prompt xj.

Initialize: Input sequence x = X, draft model w; = wy.

fort=1,...,7do

> Generate the draft sequence:

fori=1to kdo

| zi ~ qw, (T | X<i), where X, ={x, z1,...,%;—1}.
> Verify by target model:
Compute {py (z1|X<1),. .., Pv(Tk|X<k)} in parallel.

> Determine the accepted token length n;:
Sample r; ~ U(0,1),...,7rx ~ U(0,1) uniformly;
nemin({j—1| 1< j < k,r; > 2Ly (k).
> Verify and update the draft sequence:
if n, < k then

‘ p,(x) X max (0)pv(x | x<nt+1) —qw, (.’E | X<nt—|—1));
else

L P/ (%) < pv(@ | X<kr)-
Tpt1 ~ P (2); X=X+ [T1,-, Tnys Tryt+1)-
> Receive interactive feedback: observe the loss func-
tion f; : W — R from the target model v.
> Update draft model: w; 1 - Update( f;; w;) as Sec. 3.

'Output: Token sequence X £ (1,22, ...].




A Unified Framework: OnlineSPEC

Algorithm 1 OnlineSPEC Framework
Input: Initial draft model parameter wy € WV with its pre-

* Formulated as an online learning problem:

Ateachroundt=1,...,T:
(1) the learner submits draft model(s) w; € W; (draft model generating)

2S¢
(2) target model revels feedback f;(-) : W +— R; (parallel verifying)

) -

=

(3) the learner suffers loss f;(w;) and updates the draft model(s).

* Relationship between acceleration rate and regret:

Theorem 1 (Acceleration Rate). Under Assumption 1, for Online-
Spec with a total of 1" steps, the acceleration rate v is bounded by

k+1 kE+1
(ak +1) (1 + (k +1)/Regr/(2T) )

where o £ T < 1lis the ratio of the inference times between the
draft model and the target model.

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

dicted distribution gy, (- | x), target model v € V
with its predicted distribution py (- | x), total steps
T', candidate length £, input prompt xj.

Initialize: Input sequence x = X, draft model w; = wy.

fort=1,...

, T do
> Generate the draft sequence:
fori=1to kdo

| z; ~ qw,(z | X<i), where X, =
> Verify by target model:
Compute {py (z1|X<1),. .., Pv(Tk|X<k)} in parallel.
> Determine the accepted token length n;:
Sample r; ~ U(0,1),...,7rx ~ U(0,1) uniformly;
nemin({j—1| 1< j < k,r; > 2Ly (k).
> Verify and update the draft sequence:
if n, < k then

‘ p,(x) X max (0,pv(x | x<nt+1) —qw, (.’B | X<nt—|—1));
else

L P/ (%) < pv(@ | X<kr)-
Tpt1 ~ P (2); X=X+ [T1,-, Tnys Tryt+1)-
> Receive interactive feedback: observe the loss func-
tion f; : W — R from the target model v.
> Update draft model: w; 1 - Update( f;; w;) as Sec. 3.

{X, T1geeny xi_l}.

'Output: Token sequence X £ (1,22, ...].




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

Interactive Feedback

S B Can be seamlessly combined with

0SD W existing methods to further enhance
the acceleration rate.

ATLAS @ DistiESpec
BanditSpec @ Vanilla SD!+2
Cascade
McsD g~ @—— g Hydn RN
Eagle SpecTR
P Eagle-2 Token Level (Context)
.Q Eagle-3

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 24



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:

Base Method +Feedback via Instantiation Acceleration rate
Lookahead Online gradient descent . _ o /4
Reasoning Wi = Iy [wy — 0V fo(wy)] Online-LR =~ 7=* (ak T1 {k e }>

Optimistic online learning (1 VT
Hydra wt — yols il s — TV ()] Opt-Hydra =9 (ak T {’“ b U AT b })

Eagle/Eagle-3 Online ensemble learning Ens-Eaole g ( . { AP

gefias et e )

Yu-Yang Qian (PhD @ Nanjing University, visiting PhD @ Hao AI Lab) 25



Experimental Results

Yu-Yang Qian (

GSMSK

Spider

Code-Search

Alpaca-Finance

AVGLEN 1T SpPEeDUPt AVGLEN?T SPEEDUPT AVGLENT SPEEDUPT AVGLENT SPEEDUP T

Target model: Imsys / Vicuna-7B-v1.3

Vanilla SD  1.25+0.01 1.00x 1.20+0.03 1.00x 1.22+0.02 1.00x 1.20+0.01 1.00x

OSD 1.52+0.03 1.23x 1.36+0.02 1.12x 1.37+0.02 1.09x 1.30+0.01 1.08 x

Hydra 2.14+0.05 1.00x 2.65+0.31 1.00x 1.82+0.04 1.00x 1.78+0.01 1.00x

OSD-Hydra  2.56+0.06 1.19x% 3.11+0.31 1.11x 2.11+0.05 1.16x 2.19+0.03 1.25x%

(OnlineSPEC)  Opt-Hydra 2.69+0.08 1.26 x 3.27+0.32 1.18x 2.37+0.07 1.31x 2.70+0.03 1.55x

EAGLE 1.48+0.03 1.00x 1.31+0.03 1.00x 1.41+0.03 1.00x 1.39+0.01 1.00x

OSD-EAGLE  1.92+0.04 1.28x 1.53+0.03 1.21x 1.54+0.04 1.07x 1.51+0.02 1.09x

(OnlineSPEC) Ens-EAGLE  2.01+0.05 1.41x 1.60+0.03 1.32x 1.58+0.04 1.15x 1.61+0.04 1.14x

EAGLE-3 1.7840.03 1.00x 1.85+0.07 1.00x 1.67+0.04 1.00x 1.62+0.01 1.00x

OSD-EAGLE-3  2.07+0.04 1.20x 2.10+0.05 1.07x 1.97+0.04 1.13x 2.00+0.04 1.16x

(OnlineSPEC) Ens-EAGLE-3  2.16+0.03 1.26x 2.24+0.07 1.12x 2.01+0.07 1.18x 2.07+0.04 1.27x
Target model: meta-llama / Llama-2-7B-Chat

Vanilla SD  1.2540.01 1.00x 1.07+0.01 1.00x 1.09+0.01 1.00x 1.2040.01 1.00x

OSD 1.40+0.03 1.06x 1.47+0.05 1.22x 1.34+0.02 1.26x 1.31+0.01 1.12x

Hydra 1.5240.02 1.00x 1.48+0.08 1.00x 1.66+0.01 1.00x 1.64+0.01 1.00x

OSD-Hydra  2.55+0.03 1.67x 3.10+0.18 1.91x 2.39+0.04 1.43x 2.25+0.03 1.36 %

(OnlineSPEC)  Opt-Hydra 2.94+0.03 1.90x 3.28+0.16 2.03x 2.71+0.05 1.61x 2.78+0.05 1.68x

EAGLE 1.1940.01 1.00x 1.15+0.03 1.00x 1.17+0.01 1.00x 1.14+0.01 1.00x

OSD-EAGLE  1.45+0.01 1.18x 1.72+0.06 1.46x 1.47+0.02 1.28x 1.4310.01 1.20x

(OnlineSPEC) Ens-EAGLE  1.58+0.01 1.33x 1.82+0.08 1.61x 1.62+0.01 1.46x 1.56+0.02 1.41x

EAGLE-3 1.8240.03 1.00x 1.61+0.03 1.00x 1.69+0.04 1.00x 1.70+0.02 1.00x

OSD-EAGLE-3  2.254+0.02 1.23x 2.424+0.12 1.43x 2.09+0.10 1.27x 2.131+0.02 1.23%

(OnlineSPEC) Ens-EAGLE-3  2.33+0.02 1.27x 2.54+0.14 1.57x 2.18+0.10 1.33x 2.15+0.03 1.26 %

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

GSMSK MBPP MATH MMLU
AVGLEN 71 Acc (%)1T AVGLENT Acc (%) 7T AVGLEN 1 Acc (%) 1 AVGLEN 1 Acc (%) 1
Target model: Qwen / Qwen3-8B, Draft model: Qwen / Qwen3-0.6B-Base
Target Model 1.00 (1.00x) 94.32 1.00 (1.00x) 53.56 1.00 (1.00x) 91.54 1.00 (1.00x) 83.81
Draft Model 1.00 (3.60x) 53.84 1.00 (3.56x) 14.15 1.00 (3.54%) 60.66 1.00 (3.56x) 55.71
LR 13.25(1.26x%) 91.04 5.76 (1.09%) 50.65 9.56 (1.20x) 92.84 9.40 (1.21x) 82.86
OSD-LR 12.57 (1.20%) 93.84 5.66 (1.09%) 50.54 6.21 (1.10x) 89.87 6.67 (1.14x) 82.14
(OnlineSPEC) Online-LR 14.71 (1.41x%) 92.88 7.16 (1.14 %) 51.19 10.63 (1.24x) 91.37 10.62 (1.26x%) 84.52
110 Hydra 75 EAGLE & EAGLE-3 LR
T OSD-Hydra T OSD-EAGLE T OSD-EAGLE-3 Tos OSD-LR
§ 100 Opt-Hydra § Ens-EAGLE § 70 Ens-EAGLE-3 § Online-LR
v Q6 2 290
2 & 6o e 2
@ 90 2 2 2 g5
g 55 £ 60 2
" " 50 a © &0
0 10 20 30 40 50 0 20 40 60 80 100 >3 0 20 40 60 80 100 20 40 60 80
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Figure 3. Evolution of tokens per second (TPS) on the GSM8K dataset: (a) Opt-Hydra with Imsys/Vicuna-7B-v1.3, (b) Ens-EAGLE
with Imsys/Vicuna-7B-v1.3, (¢) Ens-EAGLE-3 with Imsys/Vicuna-7B-v1.3, and (d) Online-LR with Qwen/Qwen3-8B. This demonstrates

consistent performance improvements via online learning, validating the effectiveness of our ONLINESPEC during deployment.
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Outline: Diffusion LLMs

* Goal: Diffusion large language models (dLLMs)
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e .
|:> <mask> | | <mask> }
| J

Ultra-Fast Diffusion LLMs
[ICML"26]

Efficient LLMs across: training, inference, and architecture.
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d3LLM: Ultra-Fast Diffusion LLM using Pseudo-Trajectory Distillation
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Background: Diffusion large language models (dLLMs)

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

Next-Token Prediction (AR) Diffusion LLM (dLLM)

‘The \ p— ‘ i l<mask>”<mask>J (<mask>1 {<mask>]
l |

Generate Token Step-by-Step

1 N )
Sequential Generation ; m “

Parallel generation
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Background: Diffusion large language models (dLLMs)

* dLLMs have shown promising capabilities, such as:

- Parallel generation - Error correction - Random-order generation

* Closed-source dLLLLMs showed effectiveness:

B Inception - Mercury

» Google - Gemini Diffusion

I,i. ByteDance - Seed Diffusion Mercury®: 1109 tokens/s

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

.1.1aDA-88 @& . Dream-7B

GRALIL

+ SDAR

|
g &

S |
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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.

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

* 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;

* Theretfore, single metrics become misleading.

j‘> This motivates us to propose a better metric for dLLMs.
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New Metric: AUP

[e]
o

Collect many parallelism-accuracy pairs {(p;, i)} e

i=—1" \

A - W (y:) + yio i W (Yi—1)
AUP = p1y1 + 2222(%% — pPi—1) ( 9

(o2}
o

B
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AUP

Accuracy (%)

N
o

where W (y) = min(e~ (1 =¥/¥max) 1) is weight function.

o

o

1 2 3 4 5 6
Parallelism p (TPF)

* We introduce AUP (Accuracy Under Parallelism):

* A weighted area under the accuracy—parallelism curve;
* Jointly measures both accuracy and parallelism;
* Exponentially penalizes accuracy drops.

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

* A framework that improves
both training and inference;

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

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

* Push the accuracy—parallelism
frontier of dLLMs.
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d3LLM: (1) 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)

Prompt: What do you think of dLLM?

""""""""""""""""""""""""""

Ground-truth: | think | | Diff usion L LM is good !
““““ LT 2 '\
[f'\Z] Teacher dLLM'’s Pseudo-Traj }_%ntblick, t=0.66 [ Student dLLM}
ll2za (2nd | [ 1st | [ 3rd ] add noise Distillation
/ .
Noisy Sequence: | think | | mask | |usion| [mask | |mask | |mask | |mask
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d3LLM: (11) 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)

| d3um |

< Refresh all previous KV-cache Parallel decoding
D multi blocks

I think | | that the Diff usion [ mask | | LM mask }[ good mask ! mask !

Completed block
Completed block 2 still Stabilizing

(KV-Cache stored) (KV-Cache not stored) (Aggressive Decoding) (Conservative Decoding)

# Fully-Activated block 1. Activated block
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d3LLM: experimental results

* On LLaDA, Dream and Dream-Coder:

Benchmark Method TPF+  Acc(%)1 AUP Score MATH CSMBKCT | Qwen2578R
LLaDA 1.00 £00 72.6 +02 72.6 +02 421 ‘ Ul ca
GSMSK-CoT Fast-dLLM-LLaDA 277+01 747402 2058 +64 411 ® Qwen-2.5-7B-it il
(0-shot) D2F-LLaDA 288 +01 732403 209.7 + 6.1 1 — o
dParallel-LLaDA 514+01 726402  358.1+62 <
d3LLM-LLaDA 911+01 731+03 637.7 £ 6.8 Lo
LLaDA 100+00 322404 322+04 | |5 A2 R
MATH Fast-dLLM-LLaDA 197 01 30.8 +03 472429 | ,
(4-shob) D2F-LLaDA 238 +01 287 +02 45528 | |>31] FastdLLM-LLaDA
dParallel-LLaDA 3.17+01 302 +02 64.5 £3.1 © dParallel-LLaDAP d3LLM-LLaDA
d3LLM-LLaDA 574 £01 304 +o03 107.6 + 3.2 3 30
(@)
LLaDA 1.00 £00 41.7+03 41.7 03 < 54| O
MEPP Fast-dLLM-LLaDA 213401 386+03 56.6 + 37 29 Db D
(3-shot) D2F-LLaDA 194 +01 380+02 50.0 + 3.6 80
dParallel-LLaDA 235401  40.0+03 60.5 + 39 =% o =& 5 F ¢ 7 = .
d3LLM-LLaDA 4.21 + 0.1 40.6 +02 88.4 + 4.0 Parallelism p (TPF, tokens/forward)
LLaDA 1.00+00 383 +05 38.3+05
Fast-dLLM-LLaDA 256 +01 37.8+04 54.0 £29
(apantival D2F-LLaDA 269401 366+05 62027 Method H100 TPS+ A100 TPS+  Acc (%)t
aralel LLaDa ToaTor Dox0a BATEAS Qwen-2.5-7B-it 573 (1.0x)  50.4(1.0x) 74.1
’ ’ - : ’ - LLaDA 27.9 (0.5%) 19.2 (0.4x%) 72.6
T LLLDA  aae oo T8Ox02  T8EX02 Fast-dLLM-LLaDA 1143 (2.0x)  79.1 (1.6X) 74.7
Long-GSMSK ast LA o E0L TR =03 Lo D2F-LLaDA 102.1 (1.8x)  76.2 (1.5%) 73.2
(5.50) D2F-LLaDA 270 +01 737 +02 168.5 + 6.0
-sho dParallel-LLaDA 449 +01 767 +03 309.1 +62 dParallel-LLaDA 1722 3.0x) 105.9 (2.1x) 72.6
d3LLM-LLaDA 695+01 742403 441.1 + 65 d3LLM-LLaDA 288.9 (5.0x) 183.3 (3.6x) 31

# 3.6x-5x speedup over AR model (Qwen-2.5-7B-it), 10x speedup
Yu_Yan compared to vanilla LLaDA/Dream, with negligible acc degradation.



Incorporating SGLang engine

* Incorporating d3LLM models into SGLang engine «

B200 H800/H100 A800/A100 Result
H{E | batch size TPS TPS TPS TPF Acc FFFFHF
Qwen2.5-7B-Instruct / 1 274.7 108.6 96.8 1 74.1
Qwen3-8B / 1 234.2 98.3 90 1 93.63 /
0.5 1 1240.99 545.31 251.61 9.91 75.36
d3LLM-LLaDA (8B dense)
0.5 4 1310.18 551.87 249.98 8.56 75.12 /
0.4 1 586.77 280.48 125157, 4.89 80.89
d3LLM-Dream (7B dense)
0.4 4 676.81 281.82 127.85 422 80.76 /
0.95 1 401.27 241.94 179.86 242 92.49
LLaDA 2.0 mini (16B A1B)
0.95 4 507.22 275.25 218.57 2.25 92.95 /
0.95 1 520.81 270.24 247.66 3.04 92.65 /
LLaDA 2.1 mini (16B A1B)
0.95 4 516.89 390.04 310.55 2.49 92.87 /

# 3x-4.5% speedup over AR model (Qwen) with SGLang engine.
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dLLM Leaderboard

* dLLM Leaderboard - Hugging Face Space

TPF:2.77 Acc:74.7

TPF:1.97 Acc:30.8

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

TPF:2.13 Acc:38.6

TPF:2.56 Acc:37.8

TPF:2.45 Acc:78.0

Rank Method Type Foundation Model GSM8K-CoT ¢ MATH ¢ MBPP HumanEval ¢ Long-GSM8K ¢ Avg AUP !

}L EAGLE-3 @ PR 319.0 1421 298.6 3448 422.2 305.3
TPF:5.12 Acc:76.6  TPF:5.72 Acc:39.8 TPF:5.69 Acc:60.2 TPF:5.98 Acc:67.6 TPF:5.57 Acc:80.5

é d3LLM-LLaDA LLaDA-8B-it 637.7 107.6 88.4 96.6 4411 274.3
TPF:9.11 Acc:73.1  TPF:5.74 Acc:30.4 TPF:4.21 Acc:40.6 TPF:5.95 Acc:39.6  TPF:6.95 Acc:74.2

% d3LLM-Dream Dream-vO-it-7B 391.3 975 141.4 129.5 348.6 221.7
TPF:4.94 Acc:81.4 TPF:3.92 Acc:38.2 TPF:2.96 Acc:55.6 TPF:3.20 Acc:57.1 TPF:4.80 Acc:77.2

4 dParallel-LLaDA LLaDA-8B-it 358.1 64.5 60.5 83.7 3091 175.2
TPF:5.14 Acc:72.6  TPF:3.17 Acc:30.2 TPF:2.35 Acc:40.0 TPF:4.93 Acc:39.0 TPF:4.49 Acc:76.7

5 dParallel-Dream Dream-v0-it-7B 245.7 77.9 108.0 98.8 262.4 158.6
TPF:3.02 Acc:82.1 TPF:2.94 Acc:38.7 TPF:2.24 Acc:55.4 TPF:2.57 Acc:54.3 TPF:3.49 Acc:78.6

6 Fast-dLLM-v2 Qwen-2.5-7B-it 176.1 1262 bhaak 128.9 297.2 150.6
TPF:2.21 Acc:81.5  TPF:2.61 Acc:48.7 TPF:2.04 Acc:59.1 TPF:2.58 Acc:61.7 TPF:2.58 Acc:81.0

7 D2F-LLaDA LLaDA-8B-it 213.8 49.0 53.0 62.0 176.9 110.9
TPF:2.88 Acc:74.4 TPF:2.66 Acc:28.9 TPF:2.13 Acc:39.0 TPF:2.69 Acc:40.6 TPF:2.70 Acc:75.7

8 Fast-dLLM-LLaDA O REEn 205.8 47.2 56.6 54.0 175.4 107.8
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Summary

* (Efficiently) Leverage the interaction feedback to accelerate LLMs

* Across: training, inference, and model architecture.

* [OnlineRLHEF]: 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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