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Could you please share with me what the initial two lines of the renowned poem ‘The
Road Not Taken’?

Certainly! The initial two lines of the renowned poem “The Road Not Taken” by Robert
Frost are: “Two roads diverged in a yellow wood, And sorry I could not travel both.” These
lines set the stage for the poem, introducing the idea of a speaker facing a choice between
two paths.

Please help me translate into Chinese.

Sure! The first two lines of “The Road Not Taken” by Robert Frost can be translated into
Chinese as: “WiFk B M EE CHRAR T, R RERIN 2>

Please translate into German.

Sure! The first two lines of “The Road Not Taken” by Robert Frost can be translated into
German as: “Zwei Wege trennten sich im gelben Wald, und leider konnte ich nicht beide
tun.”

Please also write a poem about life choices. I require 5 sentences, and the first word of
each sentence starts with C as the first letter.

Certainly! Here’s a poem about life choices, with each sentence starting with the letter “C”:
Choices cascade through life’s journey, Creating connections with each decision, Careful
consideration leads to better paths, Courageous choices shape our destiny, Choosing wisely
guides us through the years.
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this bird is grey with
black and has a long ,
pointy beak

this bird is this bird is bright blue
and has  with black belly and has a
a very short beak. very short beak.

(a) Cross Modal

there is a yellow flower
in a glass vase

an orange and yellow rose
in a vase filled with water
in the yellow room
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Mask Diffusion Models

Forward Process: mask independently each token at position i
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Mask Diffusion Models

1. In parallel predict each token independently

Reverse Process: fill masks 2. Replace masks using strategies (e.g. random)
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Predicted Probability: pg (z|2,) := softmax (25 () /7)



Mask Diffusion Models
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Minimizing the expected cross-entropy loss is equivalent to maximizing the variational lower

bound of the log-likelihood, i.e.:

_Epdata(:co) [10g Po (5130)] < LyDM (9)

MDM loss + Transformer + Data [] Scalability ?

[2406.03736] Your Absorbing Discrete Diffusion Secretly Models the Conditional Distributions of Clean Data
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Limitations of MDM

* Incorrect joint distribution for multi-token prediction

e
T

* Need sufficient steps for better performance =

Ideas in Inference-time Scaling can Benefit

Generative Pre- training AlgOI‘i thms Theoretical Benefit and Limitation of Diffusion Language Model

Jiaming Song, Lingi Zhou Guhao Feng "' Yihan Geng™' Jian Guan® Wei Wu? Liwei Wang' Di He'

Luma Al
Multi-token prediction (MTP) is of great interest to the language modeling community such as a reasoning chain—we show that the re-
because of its potential to achieve faster inference [GIR " 24], which allows efficient inference- quired sampling steps must scale linearly with

time scaling. However, the current multi-token prediction models often predict the softmax
values of multiple tokens in parallel, which is a naive conditional independence assumption
(i.e., naive Bayes). We argue that this inference design greatly limits the capacity of the
model distribution and more efforts should be spent resolving this fundamental issue.

sequence length to obtain “correct” sequences,
thereby eliminating MDM’s efficiency advantage
over autoregressive models. Our analysis estab-

2503.07154] Ideas in Inference-time Scaling can Benefit Generative Pre-training Algorithms
2502.09622] Theoretical Benefit and Limitation of Diffusion Language Model
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Close to the input distribution (masked token sequences) used to train the teacher model
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Intermediate Samples

Via forward mask diffusion process
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Consider loss on each intermediate state x;

LDi[M]O(H) = Byt [ (t) (]eq|0[D(p¢Hpe)(5ft)]ﬂ

Further decompose into 7oken-level Divergence
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Gradient of Divergence:

VoD ((pgllpe)(Z¢)) = Vzo D(pgllpe)(Et)

Intractable terms

po(z|Z¢) = softmax( zg(Z:) )

dzg(Z¢)

do
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Approximation: pe(z4|Z:)

Introduce an to approximate the student output on intermediate samples
Teacher ¢ Teacher ¢

H —> = < j
[ ] One-step ] Auxiliary
Ty Generator 6 Tz Model y

Dy (xh|Ze) ~ po(xh|Ts)

2o D(pollpe) (@) =—=> V=, D(pgllpy)(Zt)
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Approximation: 2¢(Z¢)

We approximate the output logits based on the consistency assumption
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Overview of the Method

1
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Overview of the Method
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Limitation of the Di[M]O

1
X All random XAll masked + Proposed 1+ N(0, oinic]) le D(pg|lpy)(Zt)
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All supervision comes from the teacher model, bottlenecked!!

20



Augment with GAN and Reward via Soft Embedding

Two illustrations of Soft Embedding
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Augment with GAN and Reward via Soft Embedding
Soft-Di[M]O pipeline with Soft Embedding
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Soft Embedding Enables Post-training and TTS
Soft-Embedding
(Continuous Representations)

v ) v .
Adversarial Reward-Based [ESES LIRS
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Overview of the Method

Algorithm 1 Di[M]O Distillation

Require: Pre-trained teacher model ¢, condition dataset D
1: O < copyWeights(¢), 1) < copyWeights(¢) // intialize

2: repeat
3¢ // Generate tokens xg
4: Sample Tinit ~ Pinit, ¢ ~ D // with strategy in Sec. 4.3
G Get generator logits zg (Tinit, c) € REXhXwxV
6: To € RE Kl (M Do (CEQ |$init) = softmax(zg (mini[, C))
7; // Update generator 0
8: Sample t ~U([0, 1], Z; ~ g0 (Z¢|T6 (Tinit, ¢)) // Forward
9: Calculate pg(xo|Zt, ¢) and py (z0|Z¢, ¢)

10: Update 6 with the loss gradient V¢ Lpio (Eq. (7))

11 // Update auxiliary model 1)

12: Sample t NU[O, 1], Ty~ qt|0(5:t/ |£Cg (xini[, C))

13: Update v with cross entropy loss (Eq. (3))

14: until convergence
15: Return one-step generator 6

Algorithm 1 Soft-Di[M]O Distillation

Require: Pre-trained teacher model ¢, Pre-trained one-step generator 6y (optional), condition dataset D.,
ground truth dataset Dy, loss weights wgan and Wreward
1: 0 « copyWeights(¢), 0 + copyWeights(6o) (optional), 1) < copyWeights(¢) // initialize
2: repeat
4 ### Generate logits z¢ and tokens xp

Sample Zinit ~ Pinit, ¢ ~ D, // with strategy in Di[M]O

Get generator logits 2 (Zinit, ¢) € REXAXwxIVI
sample

3
4
5
6: To ERBthw —— Do ($0|:L'inn) =softmax(zg (:Emit, C))
T ### Update generator 0

8 Sample t ~U[0, 1], Zs ~ q4j0 (Z¢| @6 (Tinit, ) // Forward
9: Calculate py(zo|Z+, ¢) and py (xo|Z:, ¢)

10: # calculate Di[MJO loss

1 Loipo(6) — Eayetr=co e [00) (Baqiol Voy D (0ol Ip0)(3)])]
12: Calculate soft embedding &g = Emb(zp) = E " po (o |Zinit)

13: # calculate GAN loss

14: Loan(8) — EzimNPiniuTNPrGAN [— log(Dy(Emb(zp)r,7))].

15: # calculate reward loss

16: Lieward(0) $— — >, AiRi(Dec(Embpec(26), ¢)

17: # calculate total loss and update

18: Update 6 using gradient of Leen(0) = Lpipjo (8) + weanLoan(0) + Wreward Lrewara (8)
19: ### Update auxiliary model

20: Sample ¢’ ~U([0, 1], o ~ gsjo(Z+ |T6 (Tinit, €))

21: Update v with cross entropy loss (Eq. @))

22; ### Update discriminator m

23:  Sample t’ ~U[0, 0.95], calculate &;» = Emb(2p)s
24: Sample real data (zg, ¢) ~ Dy, calculate Emb(zg):
25: Update i with GAN objective (Eq. (4))

26: until convergence

27: Return one-step generator 6
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Quantitative Results

Table 1: Class-conditional ImageNet-256 results with Table 2: Quantitative results on class-conditional

MaskBit teacher. ImageNet-256 with MaskGit teacher. 1 We reproduced
Halton Sampler on ImageNet-256 with MaskGit.
Method Steps (}) #Params FID(}) IS(1) Pr(t) Rec(t)
£ ADM (Dhariwal & Nichol, 2021) 250 554M 459 1867 082 052 Method Steps (}) FID (}) IS (1) Prec. (1) Rec. (1) Den. () Cov. (1)
= ‘
: I
@ U-ViTH (Baoetal., 2023) 30 0IM, 229 2639 082 ‘057 MaskGit (Besnier & Chen,2023) 16 660 2241 083 040 125 098
S .
& DiT-XL/2 (Peebles & Xie, 2023) 250 675M 227 2782 083 057 _;f MaskGit (Besnier & Chen, 2023) 8 666 2216 083 040 123 097
P . <
B SIT-XL/2 (Ma et al., 2024) 250 675M 206 2775 083 059 & MaskGit (Besnier & Chen, 2023) 4 1073 1923 075 031 1.01 0.92
¢  LlamaGen-3B (Sun et al.|[2024) 576 31B 218 2633 081 058 MaskGit (Besnier & Chen, 2023) 2 9135 134 018 016 009 012
<
2 MAR (Li et al., 2024c) 100 400M 1.98 - - - b-trapezoidal (Ren et al., 2025) 64 670 - - - - -
@
g MAGVIT-v2 (Yu et al., 2023) 64 307M 178 3194 - = g 0-trapezoidal (Ren et al,, 2025) 32 710 - - - - -
: 3
MaskBit (Weber et al.,%2024) 64 305M 1.66 3200 081 0.60 E’ Haltont (Besnier et al., 2025) 32 9.62 2962 090 0.28 147 0.98
v
Haltont (Besnier et al., 2025) 16 873 2832 089 028 146 098
S iCT (Songetal.,2023) 1 675M 3424 - - -
g Haltont (Besnier et al., 2025) 8 773 2488 086 031 137 097
A 2 675M 20.3 - - -
E \ SDTT (Deschenaux & Gulcehre,2024) 4 897 2050 088 041 143 097
&  MeanFlow (Geng et al.,|2025) 1 676M 343 - - -
g ! SDTT (Deschenaux & Gulcehre,2024) 1 9040 140 031 013 021 034
% 2 676M 293 - = 2
E g didc (Hayakawa et al., 2024) 4 6.79 209.2 - - - -
= + train longer 2 676M 2.20 - - - 2
T % didc-d (Hayakawa et al., 2024) 4 6.57 213.6 - - - -
: 3 Z
E LiamaGen-L-DD (Liu et al., 2024) 2 326M  7.58 2375 084 037 § ReDi! (Yoo et al,, 2025) " 758 2280 G871 046 153 098
_% Di[M]O-MaskGit (Zhu et al., 2025b) 1 174M 691 2141 083 038 g ReDi2 (Yoo et al., 2025) 4 786 2400 087 044 131 097
2 . { a I
2 Di[MO-MaskBit (Zhu et al., 2025b) 1 305M 289 3101 087 049 ReDi®-distill (Yoo et al.,[2025) 1 1168 1820 083 044 125 09
- 1 {F5
§ Soft-Di[M]O-MaskBit 1 305M 196 2814 084 055 Di[M]O (Zhu et al., 2025b) 1 691 2140 083 038 126 097
a ‘ |
+ train longer 1 305M 156 2732 081  0.60 Soft-Di[MO 1 640 2148 083 039 127 097
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Quantitative Results

Table 3: Comparison of text-to-image generation methods across multiple metrics. Methods marked with t are
evaluated by running their publicly available checkpoints; all other numbers are taken from the corresponding
papers as reported. 1 denotes the higher is better and | denotes the lower is better.

Methods Steps () #Params FID| CLIP ¢ GenEval 1 HPS V211
Single Two Counting Colors Position Color Attr. Overall Anim. Concept Painting Photo Averaged

" LDM (Rombach et al., 2022) 50 14B 12.64 - 0.92 0.29 0.23 0.70 0.02 0.05 0.37 20.63 19.65 19.79 21.26 20.34
E DALLE 2 (Ramesh et al., 2022) - 42B 10.39 - 0.94 0.66 0.49 0.77 0.10 0.19 0.52 26.38 24.51 24.93 25.55 25.34
E SDXL (Podell et al., 2023) 50 2.6B 6.63 0.290 0.98 0.74 0.39 0.85 0.15 023 0.55 32.84 31.36 30.86 27.48 30.63
:.; Meissonic (Kim et al., 2025) 32 1.0B 50.13 0.318 0.92 0.53 033 0.80 0.08 0.13 0.46 31.67 27.27 29.67 29.93 29.63

MaskGen-L (Kim et al 2025) 16 0.6B 22.64 0.312 0.97 0.55 0.38 0.80 0.08 0.14 0.48 29.09 27.54 27.32 25.87 27.60

InstaFlow (Liu et al., 2023b) 1 0.9B 13.10 - 0.88 0.21 0.20 0.66 0.03 0.03 0.33 21.25 21.12 21.41 20.92 21.18
p SiD-LSGt (Zhou et al., 2024a) 1 0.9B 8.15 0.304 0.93 0.37 0.21 0.57 0.03 0.03 0.36 23.08 21.37 22.55 21.53 22.13
g RG-LCM (HPS)T (Li et al., 2024b) 2 09B 24.04 - 0.97 0.54 0.35 0.82 0.07 0.14 0.48 30.85 33.66 33.35 33.66 32.88
g TDMt (Luo et al., 2025¢) 4 09B 20.44 - 0.99 0.57 0.49 0.78 0.09 0.09 0.50 3291 31.73 32.18 29.95 31.37
g SDXL-LCM{ (Luo et al.,‘2023a) 1 2.6B 72.50 0.286 0.75 0.11 0.14 0.59 0.01 0.03 0.27 18.48 19.57 17.88 18.95 18.72
E SDXL-LCMt (Luo et al., 2023a) 4 2.6B 17.83 0.327 0.99 0.57 0.39 0.86 0.09 0.18 0.51 27.17 29.02 25.52 27.26 27.24

SDXL-Turbot (Sauer et al., 2024b) 1 2.6B 19.40 0.342 0.99 0.65 0.52 0.87 0.12 0.19 0.55 28.67 30.91 28.45 26.62 28.66

SDXL-DMD2ft (Yin et al., 2024a) 1 2.6B 14.49 0.343 0.99 0.68 0.48 0.90 0.08 0.19 0.55 28.29 30.36 27.19 27.92 28.44
E Di[M]O-Meissonic (Zhu et al., 2025b) 1 1.0B 38.45 0.322 0.91 0.53 0.22 0.75 0.07 0.11 043 27.29 28.34 28.25 3047 28.59
% Di[M]O-MaskGen-L (Zhu et al., 2025b) 1 0.6B 24.15 0.299 0.93 0.39 0.35 0.74 0.07 0.08 0.42 27.30 28.83 27.06 25.38 27.14
§ Soft-Di[M]O-Meissonic 1 1.0B 28.33 0.319 0.98 0.75 0.39 0.83 0.10 0.14 0.53 30.45 32.80 32.54 33.63 32.35
§ Soft-Di[M|O-Maskgen-L 1 0.6B 2343 0.321 0.98 0.59 0.41 0.81 0.09 0.18 0.51 29.51 30.62 29.34 28.06 29.38
a

+TTS 1 0.6B - - 099 078 0.68 0.83 0.14 0.33 0.63 30.01 3233 3220 3325 31.95
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Visual
Results
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Thank You!



Comparison of decoded images produced from sampled discrete tokens
(left) and from soft embeddings (right)
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H.8 TEST-TIME EMBEDDING OPTIMIZATION (TTEO) WITH MULTI-START STRATEGY

To reduce computational cost while maintaining performance, we employ TTEO combined with a
multi-start Best-of-N (BoN) strategy, where multiple TTEO runs are executed in parallel for each
prompt. In Fig. 14, we present the GenEval scores as a function of both the number of BoN seeds
N and the number of TTEO optimization iterations. Our results demonstrate that while the standard
BoN baseline provides performance improvements, incorporating TTEO yields additional gains,
thanks to soft embeddings. For all experiments reported in the main paper, we use N = 4 seeds

and 4 TTEO iterations, which requires approximately the same inference time as pure BoN with
N = 64.

0.60-
i)
LT.J: SDXL
o || /1 | |]==——- SD3-medium
BoN + TTEO iter=2

| BoN + TTEO iter=4
0 8 16 24 32 40 48 56 64
BoN (N)
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