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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: “Fi 5 5 2 FE B EIIRIBR R, BB RERIA &

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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black and has a long
pointy beak

this bird is bright blue
with black belly and has a
very short beak.
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(b) Image Conditional
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Mask Diffusion Models

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

Reverse Process: fill mask conditional independently
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Predicted Probability: pg(z(|@¢) := softmax (2}, (z:)/7)



Mask Diffusion Models
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[2202.04200] MaskGIT: Masked Generative Image Transformer
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Theorem: Minimizing the expected cross-entropy loss is equivalent to maximizing the upper bound on

the negative log-likelihood, i.e.:

—Epaia(zo) 108 Po(70)] < Lapm(6)

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 ®
» Need sufficient steps for better performance ®

Ideas in Inference-time Scaling can Benefit

. .. . Th tical Benefit Limitati f Diffusion L Model
Generative Pre-trammg AlgOI‘lth ms eoretical Benefit and Limitation of Diffusion Language Mode

Jiaming Song, Lingi Zhou Guhao Feng"! Yihan Geng"' Jian Guan? Wei Wu? Liwei Wang' DiHe'
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 sequence length to obtain “correct” sequences
values of multiple tokens in parallel, which is a naive conditional independence assumption C R . ’
(i.e., naive Bayes). We argue that this inference design greatly limits the capacity of the thereby ellmlnatl.ng MDM’s efficiency ad.vantage
model distribution and more efforts should be spent resolving this fundamental issue. 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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Main ldea: Distillation in an fashion teretive
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https://drive.google.com/file/d/1xMohjQcTmQuUd_OiZ3hB1r47WB1WM3Am/view
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Intermediate Samples

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

EDi[M]O(Q) c= Eaﬁimt,t [’UJ(t) (ECIHO[D(prHp@)(ft)])}

Further decompose into Token-level Divergence

L
1
(pqup@ ‘= L Z p¢ (wo|+) Hpe(fﬁo‘xt))
i=1
z,=[M]

14



Gradient of Divergence:

VoD ((pgllpe)(Z:)) = V2, D(pg||lpe)(Zt)

Intractable terms
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Approximation: pe(x}|Z:)

Introduce an to approximate the student output on intermediate samples
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Approximation: 2o (Z¢)

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

_—— e e e e = e e = = = = = = = =

1
X All random XAll masked + Proposed 1+ N(0, ginic]) leD(pq; [lpy)(Zt)
1
Tinit = 0 Ting =1 0 <7inig <11 A V/‘ Teacher ¢
B Ly / [ || - .
1
Sam U > suems — N E s e, W
I
1
... Einit | One-step Generator Loaits » To%ns To Masked Tokens 7 Auxiliary Model
Token Initialization Strategy : 1S zo
—————————————————————— Cross Entropy
dzg (init)
~ it
vGL"Di[I“I]O ~ IE:'33init=75 ’bU(t) eq 10 vqu D(pq5 | |p'l,b) (iIIt) do

18



Overview of the Method
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Visual Results
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Visual Results
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Visual Results




Runtime Comparison
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Quantitative Results

ImageNet  Method Step(l) FID () IS(f) Precision (1) Recall (1) Density (1) Coverage (1)
MaskGit [7] 16 6.60 224.07 0.831 0.402 1.246 0.977
Teacher MaskGit [7] 8 6.66 221.57 0.827 0.397 1.233 0.974
MaskGit [7] 4 10.73  192.29 0.748 0.313 1.011 0.920
MaskGit [7] 2 01.35 13.37 0.178 0.164 0.091 0.122
Sampler f-trapezoidal [81]* 64 6.7 - - - - -
P f-trapezoidal [S1]* 32 7.1 ; . ; ; ;
dide [31] 4 6.79 209.2 - - - -
Distillation dide-d [31] 4 6.57 213.6 - - - -
‘ Di[M]O 1 6.91 214.0 0.828 0.377 1.255 0.967
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Quantitative Results

GenEval
Model Step Overall M Counting Colors Position g?tll?ill;ution
Single Two

SDvI.5[83] 50 043 097 038 035 0.76 0.04 0.06
SDv2.1[83] 50 050 098 051 044 0.85 0.07 0.17
DALL-E2 [79] - 052 094 0.66 049 0.77 0.10 0.19
SDXL [76] 50 055 098 074 0.39 0.85 0.15 0.23
48 054 099 0.66 042 0.86  0.10 0.22
32 046 092 053 0.33 0.80  0.08 0.13
Meissonic [4] 16 037 082 039 0.20 0.70  0.05 0.08
o 8 0.20 058 0.12  0.05 040  0.02 0.04
4 009 031 002 0.01 0.18 0.01 0.01
2 0.03  0.14 0.01 0.00 0.05 0.00 0.00
Di[MO 1 043 091 0.53 022 0.75 0.07 0.11

HPS v2.0

Model Step Anim. Concept-art Painting Photo Averaged
Latent Diffusion [83] 25 25.73 25.15 2525 2697  25.78
DALL-E 2 [79] - 2734 26.54 26.68 27.24  26.95
Stable Diffusion v1.4 [83] 50 27.26 26.61 26.66  27.27  26.95
Stable Diffusion v2.0 [83] 50 27.48 26.89 26.86 2746 27.17
DeepFloyd-XL [19] 25 27.64 26.83 26.86  27.75  27.27
SDXL Base 1.0 [76] 50 28.88 27.88 2792 2831  28.25
SDXL Refiner 1.0 [76] 50 28.93 27.89 2790 2838 2827
InstaFlow [55] 1 2598 25.79 2593 2632  26.01
SD Turbo [90] 1 2798 27.59 27.16  27.19 2748
SwiftBrush v2 [18] 1 27.25 27.62 26.86 26.77 27.15
48 29.57 28.58 28.72 2845 28.83
32 29,18 28.32 2828 2796 2844
Meissonic [4] 16 28.61 27.82 27.84  27.32  27.90
o 8  25.62 26.49 26.67 27.07 2646
4 2501 24.95 24.87 2380 24.66
2 23.06 23.28 2322 2238 2208
Di[MO 1 28.64 27.91 2799 2792 28.11
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