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Background

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

 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 emerging agentic LLM further increase this burden

~ Model Output M-

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 |

_answeris 9.

* Planning

However, autoregressive (AR) paradigm incurs substantial inference latency.
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Background: Latency Bottleneck of AR
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A token sequence probability
p(x) = 1]; p(zilr<i)

Causal attention: the model predicts
the next token.

It forms the foundation of today’s

mainstream LLMs such as GP’T,
LLaMA, and Qwen.



Background: Latency Bottleneck of AR

* Autoregressive (AR) LLMs generate one token per forward pass.

* AR’s decoding is memory-bound, leaving the GPU underutilized.
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AR’s decoding is memory-bound, leaving the GPU underutilized.
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Background: Latency Bottleneck of AR

* Slow serial decoding: A sequence of length L needs at
least L forward passes, making it hard to emit multiple tokens
in parallel.

* Left-to-right dependency bias: Generation is naturally skewed
left—right; reversal, bidirectional infilling, and arbitrary in-
place edits are unnatural.

* No easy rollback of errors: Early mistaken tokens are hard to
fix, so later decoding often has to “continue from the mistake”.

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

* Diffusion: generate data by progressively denoising from noise (Ho et al. 2020).

—— Reverse stochastic process

Inspired by diffusion processes

(Brownian motion)

Forward process adds noise to data

Image credit: https://quantgirluk.github.io/Understanding-Quantitative-
Finance/brownian_motion.html
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Image credit: Denoising Diffusion Probabilistic Models https://arxiv.org/pdf/2006.11239

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising Diffusion Probabilistic Models. [NeurIPS 2020]



To this end: dLLM is introduced

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

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

l <mask>] [<mask>J {<mask>) {<mask>]

‘The ’ cat l is
|

Generate Token Step-by-Step

1 N )
Sequential Generation ; m “

Parallel generation
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To this end: dLLM is introduced

* LLaDA (Nie et al. 2025): a representative open-source dLLM:

AR LLM:
L
po(@) = po (1) [ o (& | &, .., 2
Autoregressi;gformulation
“Next token prediction”
Diffusion LLM:
L
Po (371755'27 e 73UL) = Hpe (513'z | Zmasked )
1 =1

WV
Diffusion formulation

“Parallel generation”

Nie et al. Large language diffusion models. [NeurIPS 2025]

Autoregressive Language Model
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Outline

* Investigating diffusion LLM (dLLM):

6 o G s |

Noisy Sequence: -m----ﬁm/”n
d3LLM: accelerating dLLM AdaFlash: dLLM in speculative decoding
[ICML’26] 1 in spec

Investigating diffusion LLMs toward faster inference and decoding.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD)
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Outline: Introduce d3LLM

* Investigating diffusion LLM (dLLM):

Prompt: What do ye

s - - - i

1 Teacher dLLM's Pseudo-Tr curre K emdLLM
----MMMM/

d3LLM: accelerating dLLM
[ICML"26]

Investigating diffusion LLMs toward faster inference and decoding.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD)
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-2 d3LLM: Ultra-Fast Diffusion LLM using Pseudo-Trajectory Distillation

d LLns
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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; NVIDIA.
* 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. @ wA e

* Improving the performance of dLLMs:
* MMaDA: multimodal diffusion foundation models; TN
* TraDo: dLLMs with reasoning ability; W FRINCETON

& UNIVERSITY

* Fast-dLLM-v2: directly post-training from an AR. NVIDIA.

VuYa However, previous works typically focus on only one-side of the coin.

14



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;

* Theretfore, single metrics become misleading.

j‘> This motivates us to propose a better metric for dLLMs.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD) 15



New Metric: AUP
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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.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD) 16



a LLn

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.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD) 17



d3LLM: (i) training recipe &b

» 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 Ly
* 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

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD) 19



d3LLM: experimental results

* On LLaDA, Dream and Dream-Coder:

Benchmark Method TPF1  Acc(%)T AUP Score | MATH SSHRKGT | Quen2376it
LLaDA 1.00 £00 72.6 +02 72.6 +02 421 ‘ Ul ca
GSMSK.CoT Fast-dLLM-LLaDA 277 +01 747 +02  205.8 +64 411 ® Qwen-2.5-7B-it i
(O-shod) D2F-LLaDA 288401 732403 209.7 + 6.1 1 — d3LLM-LLaDA
dParallel-LLaDA 514+01 726402 3581462 <
d3LLM-LLaDA 911 +01 73.1+03 637.7 + 6.8
LLaDA 100400 322+04 322+04 | |5 A2
MATH Fast-dLLM-LLaDA 197 +01  30.8 +03 472429 |
(4-sho) 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 3 301
(@]
LLaDA 1.00+00 41.7+03 417 £03 < fo
MEPP Fast-dLLM-LLaDA 213401 386 +03 56.6 +3.7 29 g
(3-shot) D2F-LLaDA 194 +01 380402 50.0 + 3.6
dParallel-LLaDA 235401  40.0+03 60.5 + 39 =% o =& 5 F ¢ 7 =
d3LLM-LLaDA 4.21 + 0.1 40.6 £ 0.2 88.4 + 4.0 Parallelism p (TPF, tokens/forward)
LLaDA 1.00 +£00 383 +05 38.3 +05
Fast-dLLM-LLaDA 2.56 +0.1 37.8 £04 54.0 +29
(apantival D2F-LLaDA 269+01 366+05s  620+27 Method HI100 TPS +  A100 TPS Acc (%) 1
aralel LLaDa ToaTor Dox0a BATEAS Qwen-2.5-7B-it 573(1.0x)  50.4 (1.0x) 74.1
’ - ; i ’ - LLaDA 27.9 (0.5%) 19.2 (0.4x%) 72.6
}-“:La]?iiLM LLaDA ;gg +00 ;gg +£02 1;22 +02 Fast-dLLM-LLaDA 1143 (2.0x)  79.1 (1.6x) 74.7
Long-GSMSK ast- -La 45201 D03 aL6d D2F-LLaDA 102.1 (1.8x)  76.2(1.5x) 73.2
S ston 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+01 742 +03 441.1 + 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.



Ablation study of d3LLM

Table 5. Ablation study on different distillation and decoding strategies of our method. We report the TPF, Accuracy, and AUP score of
our d3LLM-LLaDA on GSM8K-CoT dataset (0-shot).

Distillation Recipe Decoding Method GSMSK-CoT (0-shot)
Pseudo- Curriculum Curriculum Moulti-block
trajectory Noise Window Decoding Early Stop TPF 1 Acc (%) T AUP Score T

v v 6.41 +01 722 +03 4414 +32
v v v 755 +01 721 +02 517.7 £3.9
v v v v 846 +02 69.8 +04 5513 +78
v v v v v 911 +01 73.1 +03 637.7 + 6.8
v v v 701 +01 732 +0.1 4929 + 43
v v v v 9.07 01 73.1 £03 635.0 +£6.7
v v v v v 911 +01 73.1 +03 637.7 +6.8

Table 6. Hyperparameter analysis of Curriculum Noise Level. We Table 7. Hyperparameter analysis of Curriculum Window Size.
report the TPF, Accuracy, and AUP score on GSM8K-CoT dataset =~ We report the TPF, Accuracy, and AUP score on GSM8K-CoT

of d3LLM-LLaDA model. dataset of d3LLM-LLaDA model.
Noise TPF 1 Acc(%)1 AUP Score 1 Size TPF 1 Acc (%)1T AUP Score 1
Fixed (¢=0.5) 749 +01 72.8+05 521.7 +54 Fixed (k=32) 822 +02 698 +05 536.0 +7.8
Curriculum 0.2 —+ 0.5 8.03 +02 727 +05 557.7 £5.8 Curriculum 0 — 32 8.67+02 728 +03 603.1 +£9.1
Curriculum 0.0 —+ 0.5 8.85 +0.1 729 +05 616.9 + 6.5 Curriculum 16 —+ 32 9.11+01 731 +03 637.7 + 6.8
Curriculum 0.0 -+ 0.8 9.11+01 73.1+03 637.7 + 6.8 Curriculum 24 —+ 32 858 +02 719 +04 584.9 + 89

Each component contributes. Combining all achieves the best performance.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD) 21



Incorporating SGLang engine

o LLm

* Incorporating d3LLM models into SGLang engine (PR #20615) sa¥:

B200 H800/H100 A800/A100 Result
H{E | batch size TPS TPS TPS TPF Acc 3FFFHF
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 1 586.77 280.48 125.57 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.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD)




dLLM Leaderboard

* dLLM Leaderboard - Hugging Face Space

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD)

TPF:2.77 Acc:74.7

TPF:1.97 Acc:30.8

TPF:2.13 Acc:38.6

TPF:2.56 Acc:37.8

TPF:2.45 Acc:78.0

Rank Method Type Foundation Model GSMB8K-CoT ¢ MATH ¢ MBPP ¢ HumanEval ¢ Long-GSM8K : Avg AUP ¢

%W/ 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 97.5 141.4 129.5 348.6 221.7
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 245.7 779 108.0 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 2072 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

- D2E-LLaDA S 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

23
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Outline: Introduce AdaFlash

* Investigating diffusion LLM (dLLM):

aaaaaaaa

RRRRR

AdaFlash: dLLM in speculative decoding
[arXiv'26]

Leveraging diffusion LLMs toward faster inference / decoding.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD)
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* Autoregressive (AR) models speedup bottleneck
* Sequential dependency [:j[:j[:JE:J

* Insight: commonly used in modern CPU Processors:
* Speculative (#z#/]) execution

1f <in bounds>

Correct Path

Speculative Prediction

- >2>2>2> 222>
2222222

Retire

Squash

Mis-predicted Path (Transient Execution)

Speculative execution: $2/1 “J5ill” FIT/REHES . EIFXT NALULE, 1558 NEIRAE.

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD) 26



Preliminary: Speculative Decoding

* Autoregressive (AR) models speedup bottleneck A |
* Sequential dependency [:j [j [fj [j [fj

* 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 verity the drafts.

WITH SPECULATIVE DECODING

draft sequence @ @ i3 :
Taaia 7D f*\ Generate draft tokens ( \ E i batch size=4i
TR0 ; iz (5 () D (o : 2 ,
oput) || €@ Model | = i ~ 13} 14! 151 16! @ 5 &
\ mall / fast | e et SRR S s FAYE AN IS At B i Ty R = o R
L Prompt /\ & emallif=>U ) 1 ni?(:edr?;?t f ﬁ f f @ parallel verification
—_—— B\
Q00  Target Q Verify } Draft Model
(C25858} ; : ) m Target Model
ooo Model | (accept or reject) T3)-(T8 &
\ (large/accurate) S J Q © & © T t T
Accepted Rejected g0 (a0 fsb 3 ~~ b qrced Ut It
> B N S i :

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD)



Preliminary: Speculative Decoding

* Autoregressive (AR) models speedup bottleneck

* Sequential dependency [:j C] [fj [j Cj
* Speculative Decoding: An LLM inference acceleration method.
1

1

WITHOUT SPECULATIVE DECODING

My favorite thing about fall

WITH SPECULATIVE DECODING

; My favorite thing about fall
Yu-Yang Qia ! ° 28



= Flash--

Current SOTA Method: DFlash -

* SOTA of Speculative decoding: 5-6x speedup compared to AR:

AR Diffusion EAGLE-3 DFlash

Input
The fun t n $f$ satisfies the fun t nal equa t \[f( ) + f(y) f(x y) Xy = 1\]f 'L’L eal n s $x$ and $y.$ If sf(l) 1 $ then find all integers $n$
h that $f(n) = n.$ Ente 11 uch integer: separated by c as.\nPlea rea t ep by t p and put your fina within \\boxed{{}}.

About

DFlash: Block Diffusion for Flash
Speculative Decoding

& dflash.z-lab.ai

Readme

7.8 TOXK/S 114.2 TeN/S 4898.7 TOK/S
'S S Y@ SSIESS: Y& SSIESS

m MIT license GltHUb

Activity
| 5k+ stars
Custom properties

5.5k stars

43 watching

394 forks

Report repository

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

Chen et al. DFlash: Block Diffusion for Flash Speculative Decoding. (ICML 2026) 29



= Flash--

Current SOTA Method: DFlash -

* DFlash’s Key idea: employ diffusion LLM as drafter

* Parallel drafting: generate a block of tokens in one forward pass;
* Feature fusion: hidden states are compressed into one fused context feature;
* KVinjection: injecting fused context feature as diffusion model’s each layer’s input.

é\
o
=

“Diffusion is good” |£| l
. ache N
Target Model E> |:| e ) Draft Layer 1 \
(- ! !
1
: .

)

______

2

[ Suippaqwi3 1e8ie]
%
OO O
U

[
[

&
[ uonuaNy Jeuonoalplg ]
&
d1W
&

Vs
z1akeq eI
&

&
peaH |nN731081e]
O

_____________________________________________________________

Model architecture of DFlash

Chen et al. DFlash: Block Diffusion for Flash Speculative Decoding. (ICML 2026) 30



== Flash--

Drawbacks of Diffusion Drafters

* We uncover a central pitfall of diffusion drafters:

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

dLLM'’s bi-directional attn introduces high variance in draft sequences.

Pros of diffusion drafter: X Cons: high variance
* Global contextual modeling * Domain-level variance
* One-pass parallel generation * Token-level variance
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== Flash--

Observation 1: Domain-Level Variance

* Drafter’s acceptance rate varies on different task domains:

10~ T=5.14
—— ShareGPT (chat) :
MBPP (code) ShareGPT - = I
81 - MATH-500 (math) chat) ] T 2% !
1
MT-Bench i
:,;* 6 (chat) :
wn |
= MBPP l
O 4] (code) i
GSMBK | :
(math) [
2- |
MATH-500 | : le T =
(math) : B
O T 'j-\ 'J\ I T T 1 T T
0.0 0.2 04 0.6 0.8 2 4 6 8
Acceptance rate Accept length

Motivation: online update the draft model during deployment.
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== Flash--

Observation 2: Token-Level Variance

arc [Reasoning]

Prompt 1: "What is 2 to the power of 322"

7 A - — === Accepted
Rejected ; 1007 os [ T=a)
L N :
071
6 1 Q 1 057
‘B 050 T ooas !
5 1 8 i
é(’ 0.
24 D00— ——
%2}
o
0 34 Prompt 2: "What is 2 to the power of 8?"
. 1.00 fr= 8
4 o 0.83 1
2 9 0.75 070070 :
Q.
4 057 052
1 Q 0.50 r ‘
< 0.25 \ ‘ i
0 0.00

; ; r . : . | !
0.0 0 04 06 08 10 R B R e BB D A S S R
Draft Confidence

* Verify all k tokens is consuming, especially under high concurrency.
 Draft quality varies along positions, do not need to verity all k tokens

The verify length should be adjusted according to task / prompt.
Motivation: target model’s verify length should be adaptive.
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= Flash--

AdaFLash: Overview -

* Diffusion Drafter: bi-directional attention
* Pros: parallel drafting;
* Cons: high variance, domain/task specific.

* Real-world Deployment: domain inconsistency, high concurrency

(i) draft commits

1. For the domain-level variance:

» Utilize interactive feedback ([[ortemaocet ] [ vreet ol |
. . e . . (iii) draft adapts R
* On-policy distillation to adapt to new domain ™ ) fecdback provides
2. For the tOken-level Variance: Ei;ccej:epredimionHeﬂz ;ump:rnmyma epted | Zprefix)
* Adaptive length head for dynamic verity length 268 9 / |
* Reducing unnecessary verification e @b
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= Flash--

Part I: OPD for Diffusion Drafters )

« Utilize the free feedback in inference to help the draft model adapt:

/ . .
Inference Server Training Server

o:Oo

ﬁ _

User Input ey %g Speculative Hot Reload
( Decoding

Online

Distillation >

w 6

% :r______“;(__“;_\: Data Buffer
Model Output Response U e Sl o, Feedback Data
< . - o,
* Continuously improve the draft model on-the-fly: ) draft commits
y imp fly: Py
> Acceptance length T (Q‘ Draft Model } [ Target Model }
(iii)\araf adapts Zigé
> ThroughPUt (Speedup) T t " (ii) feedback provides
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= Flash--

Part I: OPD for Diffusion Drafters )

e Mixture OPD loss with reverse-KL: ‘opp = alhara + (1 — )l

|k
ba = 7 Z (- [ %<t 2)]i [ Py (- | x<its)) Reverse KL loss: mitigate “mode covering”
1 k
bhard = =7 ) _logquw(a} | X<rya), (27 = argmaxpy(v | X<i4))  Hard label loss: strengthen the top-1 token signal
=1

* Entry-wise divergence clipping:

B« 00 s B oy ~ - she (uses @ - =~ @ eoos
BRSO 0 coos ~ [of [l ins) (<) so @ she (uses = 3 + BB -
eggs **  .de = 1016 -0080 - 900 s @ to [sell [@a she
sells (€567 o0 8 ~ @2 - @~ * 8 - BDOBEB ¢ ok

i) @ 0 0 O & CEEZD

Prevent the diffusion drafter from being misled by outlier fokens

I?ll(llp = Z me{ [gw (Y | x<t,2)]ilog 4wy | X<t’z)]i,5} lopp = alhara + (1 — )61?11;11)

i1 yeV Pv(¥ | X<tt4)

Yu-Yang Qian (LAMDA@N]JU & Hao AI Lab@UCSD) 36



== Flash--

Part II: Adaptive Length Head )

A lightweight adaptive length head that predicts the acceptance ratio on the fly.

hidden states from drafter (round t)

k: draft candidate length
d,: predicted acceptance rate
fct: adaptive verification length

a; € [0,1]

(predicted acceptance rate)

e ——

h € RkxH
1 | I

1 2 l k - St
P e e e o = i e e o i e e e o e e i o T ~ > % Y P —’i iet o Clamp(l.&;y : k.]: 1’ k) ;
:' Adaptive Length Head i (O=8) (optional scaling) LER ISR B S SN W g S e G T | |
! [ Linear (H -» H') ] : (verification length)
i (per-position) SiLU : l
| v G | R e e e G e o SO sl S S AN | AL R
I L L R L L R A G
i ! ! | | E T 2 s g Bpwl k
i [ Mean Pooling (°£’e' k positions) } i Vet discardi{hot verified)
| |
| IR GoeRr 1
i | (giGhaleeprasentatiomi [ Target Model (verification)

|

i [ Linear (H' - 1) ] i i
| Sigmoid l | accepted tokens
I i
| |
i i
| |
| |
\ )

Truncates the draft sequence to reduce unnecessary verification.
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== Flash--

Part III: Infrastructure Design

» Target model verification candidate .
lengths: Pixed —_—> Adaptive length prob_stream = _get_prob_head_stream(

main_stream = torch.cuda.current_strean

prob_stream.wait_stream(main_stream)

if .tp_rank ==
with torch.cuda

iraft_model.prob_head(draft_hidden)

prob_fn = _get_compiled_prob_head_fn()

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

Infra optimization: operator fusion, concurrent launch, torch compile...

The scheduler returns requests to pending queue when exceeding the budget.
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= Flash--

Experimental Results

MATH CODE CHAT HYBRID
MathQA GSMBK OpenCodelnstruct CodeAlpaca ShareGPT Blend Avg.
Speedup T Speedup 15 Speedup 11 Speedup T Speedup T Speedup T Speedup T

1 2.45x 460  2.55x 475  2.20x 4.06 2.37x 458  2.09x 3:89° 1236 4.54  2.34x 4.40
32 0.72x 460 0.70x 476  0.68x 4.07 0.67 x 458 0.61x 390 0.70x 4.54  0.68x 4.41

Model Method Conc.

et % 046x 459 043x 475 044x 407  040x 457 040x 390 045x 454 043x 440
128 034x 459 035x 475 033x 407 032x 458 030x 390 033x 454 033x 44l
I 438x 709 384x 627 408x 669 339x 563 21l1x 340 339x 607 353x 586 - . tent
; 32 186x 710 159x 628 177x 668  146x 566 105x 342 151x 604 154x 586 Ad Fl h ly
Dilash 64 124x 711  103x 629 117x 667 091x 565 070x 341 098x 606 10Ix 586 ariasrn consiste
Q3-8B 128 090x 711 082x 628 086x 667 074x 566 051x 340 074x 604 076x 586 . d
I 5.13x 944 433x 745 478x 821  3.65x 659 218x 378 360x 683 39x 7.05 lmproveS Spee up
G 32 216x 942 180x 747 203x 820 155x 661 108x 379 157x 682 170x 7.0
64  145x 944 116x 743 134x 820 097x 660 072x 380 1.07x 685 LI12x  7.05
128 105x 947 092x 744 097x 820 078x 662 053x 381 076x 682 083x  7.06
I 532x 983 454x 775 487x 840  3.75x 680 224x 392 3.66x 7.00 406x 7.28
AbaFLasy 32 22T 984 183x 776 203x 839  188x 679 LI0x 392 L6élx 697 L7dx 7.8
64  165x 951 132x 728 151x 802 118x 631 104x 361 126x 656 133x  6.88
128 134x 951 127x 727 125x 805 Lllx 630 0.87x 358 105x 655 115x 688
I 179x 439 156x 406 196x 515 193x 494 132x 3.08 179x 449 173x 435
EAGLEs 32 I3x 440 LISx 406 285x 515 171x 493 LISx 308 149x 450 16lx 435
3 64 103x 440 086x 406 144x 515  133x 493 091x 308 L16x 448 LI2x 435 o 5 o g .
128 071x 441 063x 406 1.15x 515  110x 493 0.60x 3.08 077x 449 0.83x 435 Slgnlﬁcant galns 1
I 209x 515 184x 485 256x 686  239x 603 104x 279 207x 543 200x 519 .
32 16lx 514 14lx 485 3.80x 684  215x 601 Ll4x 279 174x 542 198x 518 h h
Lol 64  126x 516 105x 484 195x 684  1.68x 601 093x 281 139x 542 138x 5.8 lg Concurrency
Q3-30B 128 087x 515 077x 484 155x 684  140x 600 060x 280 092x 542 1.02x 518 .
I 279x 838 225x 644 296x 828  258x 709 130x 348 224x 638 235x  6.68
- 32 204x 839 160x 643 430x 827  226x 694 123x 335 183x 637 22Ix 663 SCenarios.
64  159x 836 126x 643 221x 827 177x 695 098x 337 143x 635 154x 6.6
128 11lx 839 089x 643 175x 827 147x 695 0.65x 339 099x 635 114x 663
1 2.86x 853 232x 669 299x 846  2.65x 721 132x 352 22Ix 656 240x 683
AbAFLasy 32 205x 853 159x 669 432x 843  233x 708 123x 342 185x 653 223x 678
64  160x 808 132x 642 235x 796 198x 663 108x 312 151x 616 1.64x  6.40
128 157x 811 128x 643 25Tx 796 2.32x 659 104x 311 133x 614 169x 639
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= Flash--

Experiment: Analysis

DFlash
= AdaFlash - GSM8K 1:00:} i7=7.09
1100. Adaklash 61 —— DFlash - GSM8K ir :
OSD === AdaFlash - CodeAlpaca 0751 i
5 === DFlash - CodeAlpaca 0.50 i
i
1000+ - 0251 |
w) = 10.00 i e P Uy
& g "g 1 2 3 4 5 6 7, 8I é lb 1’1 12 I13: 124: 1S
Q Q.
%900 @ | B AdaFlash
()] 81,00 : 7T=9.83
2 o IT— 5
885 |
= 0.50 4 E
250- AR ] °* i 1
(') 5‘0 1(')0 15'0 2(‘)0 0.0 0.2 0.4 0.6 0.8 1.0 S S 1 P A s
R&tnd Acceptance rate Draft position
(a) (b) ()

Figure 2: Analysis of ADAFLASH using Qwen3-8B as target model: (a) Speedup vs. online adaptation rounds
on the MathQA dataset, showing continuous improvement over time. (b) Domain-level variance of DFlash and
ADAFLASH, illustrating how on-policy distillation mitigates domain-level variance. (c) Token-level variance of
DFlash and ADAFLASH on the MathQA dataset, showing acceptance probability along token position.

AdaFlash reduces domain-level and token-level variance.
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e Flash--

Experiment: Cross-Domain

Table S: Cross-domain generalization on Qwen3-8B. We compare offline DFlash with ADAFLASH trained
offline on PERFECTBLEND, a mixed-domain dataset distinct from each test benchmark, and evaluated with fixed
weights without further online adaptation. In-domain ADAFLASH results are reported in Table 1.

MATH CODE
Melhod Conc. .~ MathQA GSMS8K  OpenCodelnstruct  CodeAlpaca Avg.
Speedup ‘ Speedup 7 Speedup T Speedup 7 Speedup 7
| 438x  7.09 3.84x 627 4.08% 6.69 3.39x 563 392x 642

32 1.86x  7.10 1.59x  6.28 177 % 6.68 1.46 % 5.66 1.67x 6.43

DFlash 64  124x 711 103x 629 117x 667 091x 565 109x 643
128  090x 7.1 082x 628 086x 667 074x 566 083x 643

1 488x 837 465x 810 41lx 698  3.43x 593 427x 135

ADAFLASH 32 207x 839 184x 811 176x 696  148x 595 179x 735

(cross-domain) 64 o5 @Dl 1SR 10 138K 6.65 1.13x% 558 1.36% 6.97
128 128 193 Bk EI6 15X 6.64 1.07x 325 L22Z% 6.97

AdaFlash generalizes well across different domains.
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== Flash--

Experiment: Long-Sequence Generation

Table 6: Long-sequence generation on MATH-500  Table 7: Long-sequence generation on AIME25 (32K

(32K context, Qwen3-8B, thinking mode enabled). context, Qwen3-8B, thinking mode enabled).

Method Conc. Speedup 7 Acc. Rate Method Conc. Speedup 7 Acc. Rate

| 2.26 X 4.25 0.105 | 2.30x 4.16 0.102

EHOEED 32 1.82 % 437 0.109 EROES 32 1.68 x 4.26 0.105

1 2.60% 3.97 0.198 | 1.89 % 332 0.155

Lig 32 2.46x 404 0203 sl 32 1.54x 336  0.157

| 351 % 5.28 0.285 | 5 01 5.21 0.281

05D 37 3.40x 531 0.287 0SD 32 2 5l 5.24 0.283

AR AT | 3.67 x 537 0.291 P | 3.18 x 5.32 0.288

32 3.52 % 5.14 0.276 32 2.7Tx 4.98 0.265

AdaFlash maintains its advantage in long-sequence generation.
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=27 JETSPEC: Breaking the Scaling Ceiling of Speculative
JetSpec Decoding with Parallel Tree Drafting

Lanxiang Hu'! Zhaoxiang Feng! Yulun Wu? Haoran Yuan® Yujie Zhao' Yu-Yang Qian*
Bojun Wang® Peng Zhao* Daxin Jiang® Yibo Zhu® Tajana Rosing’ Hao Zhang!
1UC San Diego 2 Zhejiang University 3UIUC “Nanjing University °StepFun

® JetSpec - single-stream problem 1 / 12

ar X10:2606.18394
2026, Jun 25

1304 tok/s ~1000 tok/s T 9.29




]e tSp e C JetSpec
s FITREERERB— T XEBEXE, 8T OvaomENEBSD
wRIZ% (branch prefix) Eff -, TTEREREEK,
« A, BSEAB DFlash 5%, FTEE7s token QINENS, RBEHIE

(a) Causal head, v =0

rank 1 v ( are } ( told } [ that } gap = —0.34 faithful = verifier accepts 6 tokens

rank 3 X [are} [given ’ [that ’ [the2product gap = +42.50

(b) Diffusion head, v =0

rank 1 X { given ’ ‘ told} [ that } gap = +59.56 incoherent => verifier accepts 4 tokens

rank 3 v {areJ ‘ given ’ {that} {the} gap = —3.69 faithful, but at rank 3
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JetSpec

\\/
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~J

EMEk %}%E TEERNIEPT B &t token,

Verified tokens for step i

[def ’
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Layer M Hidden State _
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JetSpec el

AFIE, FBEMRIIBI—R

g Parallel Tree Drafting at step i

* JetSpec XHRPIAERS (tree-drafting) S
BIQERE DR ReEXIERTa IR Etokens,

N\
Candidate Tree

s=-2.48

] = Z — 3
Generate | 8 ) ) g s=-087 | - s=-4.05

=3 N 2 =y
token for = o = — € B

4 - ]
ste:p el s3¥% Frozen Target $=-0.51
MEISE Ak Model M, +
verification . return
—> [ a x b | Tree-causal " \ 1 | b
attention mask[ ™™ Root sum
s--139 s=-291
pN E,

Iy Stepfun with Jetspec =7
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Summary
* In this talk, we investigate a new paradigm: Diffusion LLM (dLLM)

- Parallel generation - Error correction - Random-order generation

d [d3LLM]: Analyze accuracy-parallelism trade-off, propose “AUP score”,
@44 and accelerate dLLMs via distillation and multi-block decoding.

[AdaFlash]: Leverage diffusion drafters for online speculative decoding,

-2 Flash--
with OPD and adaptive length head for deployment-time acceleration.

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

* dLLM is a promising, exciting, and rapidly evolving paradigm.

We welcome everyone to join and build the dLLM together!
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Summary

* In this talk, we investigate a new paradigm: Diffusion LLM (dLLM)

» Our d3LLM introduce a new metric for dLLM: AUP score
* dLLM is a promising, exciting, and rapidly evolving paradigm.

We welcome everyone to join and build the dLLM together!

(@ ‘d _:0d=Flash- F

C ' o LLM _JetSpec
) 4 https://arxiv.org/abs/ http://arxiv.org/abs/ https://arxiv.org/abs/
‘ 2601.07568 2607.19223 2606.18394
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visiting PhD @ UCSD ®
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