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Abstract001

We present a discrete diffusion-based language002
model using Glauber dynamics from statistical003
physics. Our main insight is that instead of004
trying to train a discrete state space diffusion005
model using Glauber dynamics with a uniform006
transition kernel as the forward process, one007
can setup an “energy function” based on pre-008
trained causal/masked language models. When009
viewed as the stationary distribution, this en-010
ergy function allows us to significantly improve011
the quality of the generated text. Incorporating012
UL2 as the pretrained model into our diffu-013
sion pipeline, we outperform prior diffusion014
based LMs and perform competitively with au-015
toregressive models of comparable model sizes.016
Furthermore, our models are competitive with017
or outperform prior diffusion models and GPT-018
2 style auto-regressive models on zero-shot019
common sense reasoning tasks as well asplan-020
ning and search tasks like Sudoku and Zebra021
puzzles.022

1 Introduction023

The dominant paradigm for training language mod-024

els has been autoregressive (AR), where given025

the preceding context, models are trained to gen-026

erate the next token in the sequence. However,027

AR models face a number of challenges, espe-028

cially in solving tasks involving global planning,029

complex structural constraints, and self-correction030

(Lin et al., 2021; Bachmann and Nagarajan, 2024;031

Huang et al., 2024). Diffusion LMs are a promising032

alternative in addressing some of these limitations033

and unlocking new capabilities (Ye et al., 2024;034

Zhang et al., 2023; Tae et al., 2025) building on035

their success in continuous domains like image and036

video generation. (Nichol and Dhariwal, 2021; Tae037

et al., 2022; Ho et al., 2022; Ramesh et al., 2024).038

Continuous space diffusion models first define a039

forward Markov process that gradually converges040

to an easy-to-sample-from distribution (e.g., Gaus-041

sian). They then to learn time reversal of this pro- 042

cess, or denoising, that can transform the noise 043

back into a clean data sample. 044

Directly applying diffusion models to discrete 045

text is nontrivial. Prior work has explored various 046

approaches to either approximate text in a contin- 047

uous domain (Li et al., 2022; Han et al., 2022; 048

Richemond et al., 2022) or modified the underlying 049

diffusion mechanism to directly operate on discrete 050

data (Lou et al., 2024a; Gong et al., 2024; Lou et al., 051

2024b). Existing discrete diffusion approaches, 052

however, often suffer from instability, slow training, 053

weak theoretical foundations, or inefficient sam- 054

pling due to reliance on heuristic transition rules 055

or approximations (Varma et al., 2024). Among 056

these models, masked diffusion LMs (MDLMs) 057

have received significant recent attention showing 058

fast inference while almost matching generative 059

quality of AR models, as well as improved perfor- 060

mance on downstream reasoning benchmark (Kim 061

et al., 2025). However, Zheng et al. (2025) rigor- 062

ously demonstrate that MDLMs ultimately are 063

highly unlikely to outperform AR models. These 064

limitations of MDLMs stem from a fundamentally 065

flawed forward Markov process and noisy/station- 066

ary distribution; we expand on this in section 5. 067

Furthermore, (Liu et al., 2025b) also show that cer- 068

tain problems are inherently non-parallelizable and 069

highlight other key difficulties of MDLMs whose 070

inherent strength is their parallel sampling at the 071

cost of often poorer quality. 072

Instead, we propose a first-principles discrete 073

diffusion approach based on Glauber dynamics, a 074

well-studied Markov process in theoretical CS and 075

statistical physics(Levin and Peres, 2017). Our 076

main insights are that diffusion models are path- 077

wise relative entropy minimizing (Follmer, 1985; 078

Lehec, 2013) and, hence, their performance de- 079

pends heavily on how far the “noisy distribution” 080

is from the data distribution as well as the behavior 081

of the underlying stochastic dynamics (measured 082
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using a notion of curvature).083

Glauber dynamics is a natural way to address084

the latter, typically being the dynamics of choice085

for sampling from many challenging discrete state086

space distributions. It provides a well-defined and087

easy-to-implement Markov chain often with guar-088

anteed convergence to a stationary distribution, of-089

fering a principled method for generative model-090

ing. Furthermore, Glauber dynamics is typically091

expected to shine in the presence of an “energy092

function”, i.e., sampling from p(x) ∝ e−f(x) for093

some f operating on our discrete domain of interest.094

We propose to use pretrained LMs (such as AR or095

masked LMs) as our energy function, treating them096

as our “noisy distribution” allowing us to leverage097

a significant amount of compute effort spent on098

training them and speed up the training process for099

our diffusion LM. This choice also addresses the100

bottleneck of sample inefficiency of training dif-101

fusion LMs and poorer performance compared to102

autoregressive LMs as we would typically expect103

the sampling distribution of an AR model to be104

closer to the data distribution as opposed to a uni-105

form or unigram distribution as used in prior works106

(Lou et al., 2024b; Varma et al., 2024). While we107

sketch how to use a GPT-style models as energy108

functions in the appendix, we opt to use UL2 style109

models (Tay et al., 2022) as our energy functions,110

which are trained to span multiple tasks, including111

causal generation as well as mask infilling, as this112

provides a unifying framework under which our113

Glauber dynamics-based diffusion pipeline can be114

easily understood and implemented.115

Starting with UL2 weights as initialization and116

adding additional variables for incorporating the117

temporal aspect of diffusion models, we train our118

model on the score-entropy loss function (Lou et al.,119

2024b; Benton et al., 2022) adapted to the forward120

Markov process defined by Glauber dynamics with121

an energy function. We obtain significantly bet-122

ter (unconditional) generative perplexities than all123

prior discrete diffusion LMs and are competitive124

with the generative and zero-shot perplexities of125

AR models. We also report improved performance126

on MAUVE scores (Pillutla et al., 2021) as well as127

on some common-sense reasoning tasks like Wino-128

grande (ai2, 2019), PIQA (Bisk et al., 2020), SIQA129

(Sap et al., 2019) and HellaSwag (Zellers et al.,130

2019). Very recent work also shows that if masked131

diffusion language models are trained robustly ac-132

count for token orderings, then they can outperform133

Autoregressive models of 7 times the parameter134

count on logic puzzles like Sudoku and Zebra puz- 135

zles (Kim et al., 2025). We show that without any 136

changes to our training procedure to robustly ac- 137

count for token orderings, our UL2 Glauber dynam- 138

ics can outperform MDLMs and hence AR models 139

on the same Sudoku and Zebra puzzles tasks. 140

2 Preliminaries 141

2.1 Discrete Diffusion Models 142

Our goal is to model a probability distribution over 143

sequences of length L and hence our state space is 144

Ω = ΣL where Σ is a finite vocabulary. A discrete 145

diffusion process describes (time-varying) Markov 146

chains Qt with probability distributions pt ∈ RΩ 147

evolving according to a discrete heat equation: 148

dpt
dt

= Qtpt p0 ≈ pD 149

where Qt ∈ RΩ×Ω are the generators of the 150

Markov process with non-negative off-diagonal en- 151

tries and columns summing to zero and pD is our 152

data distribution. Furthermore, the process is as- 153

sumed to be ergodic (and ideally fast-mixing) with 154

a limiting distribution pbase as t → ∞. The pro- 155

cess is simulated via small Euler steps or scaled 156

Poisson clocks(Campbell et al., 2022). Diffusion 157

admits many different interpretations including one 158

based on time-reversal of Markov processes (An- 159

derson, 1982) where we again set up a (necessarily 160

time-varying) Markov process Qt: 161

dpT−t

dt
= Qt pT−t 162

Qt(y, x) = elog pt(y)−log pt(x)Qt(x, y) 163

Qt(x, x) = −
∑
y ̸=x

Qt(y, x) 164

where the multiplicative factors 165

elog pt(y)−log pt(x) = pt(y)/pt(x) are proba- 166

bility ratios which are the analogues of the score 167

function in continous space diffusion and are 168

essentially the parameters to be learned. 169
To train our model for reversing the process, we 170

will use the score entropy loss framework of (Lou 171
et al., 2024b), where the “denoising” version of 172
score entropy loss applied in the context of dis- 173
crete diffusion models, called diffusion weighted 174
denoising score entropy loss LDWDSE is defined 175
as: 176

Ex0∼pD

[∫ T

0

Ext∼pt|0(·|x0)

∑
y∼xt

Qt(xt, y)
(
sθ(xt, t)y

−
pt|0(y | x0)

pt|0(xt | x0)
log sθ(xt, t)y + K

(
pt|0(y | x0)

pt|0(xt | x0)

))
dt

] 177

2



where K(a) = a(log a − 1) and sθ(x, t)y is178

the score function that is meant to be close to179

pt|0(y)/pt|0(x) for all x ∈ Ω and all y ∼ x, i.e.180

all neighbors y ∈ Ω of x.181

This setup is general enough that once we fix182

the Markov chain and the corresponding station-183

ary distribution, we can directly plug it into the184

loss for training our diffusion model. Hence, we185

focus our efforts on understanding what makes for186

good or bad Markov chains in discrete state spaces,187

especially for language modeling. As we discuss188

in section 5, prior work shows that it is unlikely189

that currently popular masked diffusion LMs with190

absorbing Markov chain can surpass autoregressive191

LMs. We design a better alternative.192

Instead of viewing diffusion models as a time193

reversal of a forward Markov process, we instead194

take the stochastic optimal control viewpoint of195

this process which is well-known to be the path-196

wise relative entropy minimizing stochastic pro-197

cess with end-point marginals corresponding to the198

data distribution and the stationary distribution of199

the corresponding Markov process (Follmer, 1985;200

Lehec, 2013). Given this insight, one desires that201

the stationary distribution is easy to sample from202

and it is efficient to make updates to a data point203

according to the (time-varying) Markov chains and204

the forward Markov chain. Furthermore, we desire205

that the data distribution is close in some sense to206

the stationary distribution (this ensures that one207

can converge in fewer steps to the data distribution208

starting from the stationary distribution). Another209

desirable property of the stochastic process, at least210

in the continuous diffusion case, is that some notion211

of curvature of the underlying stochastic process212

is sufficiently good (Conforti et al., 2025) which213

typically manifests as the stochastic process having214

fast decay of entropy along the process trajectories.215

To account for the ask of the stationary distri-216

bution to be close to the data distribution, we first217

observe that a natural distribution which certainly218

should be closer to the data distribution than uni-219

form/unigram distributions are that of pretrained220

language models. There are actually significant221

advantages of trying to use pretrained language222

models for diffusion models if possible. Unlike dif-223

fusion models, which receive one or few gradient224

signals per step, AR models trained using teacher225

forcing loss to obtain L signals per step, facilitat-226

ing more efficient learning of linguistic structure,227

which might be one reason why AR models per-228

form so much better at learning the structure of229

language compared to diffusion models. 230

To address the issue of natural Markov chains, 231

which likely have good underlying entropic de- 232

cay, a natural suggestion is that of Glauber dy- 233

namics, which has been used widely in sampling 234

from challenging distributions coming from theo- 235

retical computer science, statistical physics, and 236

Bayesian inference. We essentially notice that the 237

way Glauber dynamics samples at each step corre- 238

sponds in some sense to masked language models 239

and furthermore, we can use pretrained language 240

models as energy functions or equivalently, con- 241

ditional samples which will directly fit in quite 242

naturally into the design of the forward process for 243

Glauber dynamics. 244

It is important to remark at this point that most 245

prior discrete diffusion approaches like Lou et al. 246

(2024b) use Markov chains which let them sam- 247

ple many tokens in each iteration and hence their 248

sampling is very fast, typically much faster than 249

auto-regressive models which necessarily take L 250

model invocations to generate text. In our discrete 251

diffusion model based on Glauber dynamics, gen- 252

eration will typically be slower than AR models (in 253

our experiments it’s 2L and 4L model invocations) 254

which we acknowledge as an acceptable limita- 255

tion especially because our focus is on generating 256

much better quality text, which these prior masked 257

diffusion language models struggle to do (Zheng 258

et al., 2025) and furthermore, for tasks which re- 259

quire search or planning, Glauber dynamics inher- 260

ently seems better suited than either AR models or 261

masked diffusion language models as the concept 262

of natural back-tracking to edit incorrect tokens is 263

naturally baked into the process. 264

We remark that while our inference time is nec- 265

essarily slower than auto-regressive and masked 266

diffusion language models, there are ways to im- 267

prove our inference time that might also lead to a 268

reduction in our training time. In particular, there 269

is work on parallelizing Glauber dynamics (Lee, 270

2024) that can be leveraged here leading to im- 271

proved sampling complexity, similar to work of 272

(Shih et al., 2023) for continous diffusion models 273

for image generation. 274

2.2 UL2 Models 275

UL2 models form the backbone of our proposed 276

Glauber diffusion models. The UL2 (Unified Lan- 277

guage Learning) framework (Tay et al., 2022) con- 278

solidates multiple pre-training objectives into a sin- 279

gle versatile model.Based on an encoder-decoder 280
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transformer architecture, UL2 is pretrained using281

a varied set of denoising tasks, where the model282

learns to reconstruct original text from corrupted283

versions. These tasks include R-denoising (reg-284

ular span corruption, for general knowledge ac-285

quisition), S-denoising (sequential PrefixLM or286

sequence-to-sequence, for causal generation capa-287

bilities), and X-denoising (extreme span corrup-288

tion, for recovering large missing portions of text).289

While one could use AR models as energy func-290

tions in Glauber dynamics and we sketch one such291

way to do so, the flexibility of UL2 models to do292

both causal generation and mask infilling in a uni-293

fied framework is instrumental to an efficient imple-294

mentation of the diffusion transformer backbone in295

our Glauber dynamics based diffusion model.296

3 Glauber Dynamics Discrete Diffusion297

In this section, we describe the training and infer-298

ence procedure for our discrete diffusion model299

based on Glauber dynamics. We first describe the300

Glauber dynamics Markov chain to sample from301

a distribution on sequences of length L with each302

index taking values in a discrete set Σ, where we303

are interested in sampling from a probability distri-304

bution p : ΣL → [0, 1].305

The sampling is broken up into n different306

rounds where in each round, we apriori pick a307

permutation of {1, . . . , L} denoted by πi for i =308

1, . . . , n and sequentially update all L tokens by309

updating just the k = πi(j)
th index in the jth iter-310

ation in the ith round according to the distribution311

p(xk = · |x\k), i.e., we sample xk from the station-312

ary distribution conditioned on all but xk (denoted313

as x\k indices being fixed. If p(x) = e−f(x) for314

some energy function f , the conditional distribu-315

tion, with a Metropolis filter, can be written as316

p(xk = σ |x\k) = min
{
1, e−f(x\k,σ)+f(x)

}
, pos-317

sibly with some self-loops to ensure lazy chains.318

Even if the stationary distribution is not specified319

upfront and we just have the conditonal distribu-320

tions, one can show that under some mild con-321

ditions, there is a stationary distribution and the322

Glauber dynamics, which just needs these condi-323

tonal distributions to run the sampler converges to324

this distribution. We remark that Glauber dynam-325

ics is often described as picking a random index326

to update, in each iteration, conditioned on the327

remaining indices being unchanged.However, in328

our setup, we will fix the permutations for each329

round upfront and for each data point, in the tth330

timestep, the same index is updated. As the time 331

reversed Markov chain at each time-step has the 332

same edge structure (upto reversal of edges) as the 333

forward Markov chain at that time-step, in the re- 334

verse process during sampling, we will update the 335

same index. 336

While our focus will be on a setup using encoder- 337

decoder UL2 models that we describe next which 338

is more efficient and forms a more coherent picture, 339

we note that one can in principle use GPT-style 340

causal models as a way to devise an energy function 341

for the forward Glauber dynamics as well which 342

we describe in appendix D. 343

3.1 UL2 based Glauber Dynamics 344

We now describe our UL2 based forward process 345

for Glauber dynamics. As described above, UL2 is 346

a language model which is trained on both causal 347

generation tasks as well as mask infilling tasks 348

while sharing the same set of parameters. The first 349

insight is that at each step of Glauber dynamics, we 350

are essentially asking the model to take a specific 351

index and conditioned on all other indices, asking 352

it to give a probability distribution for what to fill 353

this token with. So it is rather easy to see that this 354

is essentially a mask infilling task! Furthermore, 355

to understand the stationary distribution, it would 356

essentially correspond to running our masked lan- 357

guage model iteratively over each token multiple 358

times. However this can be rather slow but given 359

that in UL2, the masked language model shares the 360

same weights for the causal generation task, it’s a 361

reasonable idea to just consider a causal generation 362

from the UL2 model as an (approximate) sample 363

from the stationary distribution which is what we 364

will do during inference from the model. 365

Before describing training, we first describe our 366

model architecture, especially in light of wanting 367

to reuse pretrained model weights. However, the 368

default UL2 model doesn’t really have any time- 369

varying aspect baked into it which is required for 370

diffusion models. We convert a pretrained UL2 371

model θ into a diffusion transformer (Peebles and 372

Xie, 2023) by adding time-embedding parameters 373

γ, initialized to zero at t = T , but these time param- 374

eters will of course change as we train the diffusion 375

transformer. 376

During training, we will consider the UL2 model 377

conditioned at time T = N × L and create a copy 378

of these parameters because they are meant to serve 379

as the Markov transition kernel as well as corre- 380

sponding to the noisy distribution and not to be 381
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backpropagated on in our diffusion score entropy382

loss. This Markov transition kernel is then used to383

noise our data points up to time t picked randomly384

and then fed into the Diffusion Score Entropy loss.385

The important thing to note is that our UL2 model386

already outputs a probability distribution that pre-387

dicts filling a masked token with whereas in the388

score entropy loss function we are trying to learn389

the multiplicative changes in the transition prob-390

abilities sθ(x → (y = (x\i, yi), t) corresponding391

to pt(y)/pt(x) but notice that given the Markov392

transition kernel of the forward process, which is393

just the frozen copy of the UL2 model with time394

fixed to be T , we can just get the ratios by divid-395

ing this from the probabilities of the UL2 model at396

time t. After one finishes a single epoch of training397

(we actually do this multiple times within an epoch398

to expedite training), one then discards the frozen399

copy of the UL2 model at time T and considers the400

new updated model for creating the frozen copy.401

Algorithm 1 UL2 Based Glauber Dynamics Diffu-
sion Transformer Training

procedure TRAINING(D dataset, N number of
diffusion rounds)

DiT UL2 model (θ, γ) initialized with pre-
trained weights for θ

for Epoch k ← 1 to K do
Deep Copy (θk, γk)(·, t = T )→ Tk

for Each iteration do
Sample x ∈ D and t ∈ [0, T ]
From x, get xt by running Tk as the

forward process for t iters (Details in Appendix
A)

Compute SEDD Loss using (θk, γk)
and Tk on x and xt (Details in Appendix A)

Update (θk, γk)
end for

end for
return (θK , γK)

end procedure

Our entire training algorithm is described in Al-402

gorithm 2 with some specific details about the for-403

ward process as well as how the SEDD loss can404

be computing just by the mask infilling probability405

distribution at time T as well as at t deferred to406

Appendix A. It is however important to note that407

because the model weights are shared for the causal408

generation and mask infilling task as well as across409

time, the frozen copy of weights that we’re using to410

noise our data points is also changing. Hence the 411

distribution for causal generation as well as mask 412

infilling at the time endpoint of T = N × L is 413

going to change over the course of the training. 414

Next, we describe the unconditional inference 415

algorithm. Specifically, we take our trained UL2 416

based diffusion transformer model and given the 417

N permutations that were used during training, 418

we first generate our L tokens by invoking the 419

CAUSAL-GEN mode from our model at time 420

T = N × L. Following that, for N rounds in re- 421

verse, we update the tokens in reverse order of the 422

corresponding permutation by repeatedly calling 423

our UL2 diffusion transformer in MASK-INFILL 424

model, at different values of time corresponding to 425

which token is to be updated at that time step. 426

We remark that the above algorithm describes 427

unconditional generation. If a prefix is conditioned 428

to be some string PFX , then we just freeze those 429

indices and do causal generation on the tokens fol- 430

lowing the prefix and then during the Glauber dy- 431

namics Mask-Infilling steps, skip the token indices 432

corresponding to the prefix. 433

Also, like Lou et al. (2024b); Varma et al. (2024), 434

our Diffusion Transformer architectures uses best 435

practices like AdaLN-Zero and RoPE for the time 436

and positional embeddings respectively. 437

Algorithm 2 UL2 Glauber Dynamics Inference

procedure INFERENCE

DiT UL2 model (θ, γ), N number of diffu-
sion rounds, permutations π1, . . . , πN

x← [CAUSAL-GEN] using (θ, γ) invoked
at fixed time t = T

for n← N to 1 do
for i← L to 1 do

j ← πn(i)

Update xj via [MASK-INFILL] us-
ing (θ, γ) at time t = n× i on (x1:j−1 [MASK]
xj+1:L)

end for
end for
return x

end procedure

4 Experiments 438

4.1 Setup 439

Datasets and Models To enable a fair compar- 440

ison with Varma et al. (2024) without retraining 441
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their setup, we train our models on OpenWebText442

(Gokaslan and Cohen, 2019) and consider model443

architectures of similar size as GPT-2 Medium444

(350M) and GPT-2 Large (745M). Our UL2 mod-445

els are trained following the procedure described in446

(Tay et al., 2022) which uses Flan-T5 architecture447

and instruction following procedure (Chung et al.,448

2024) and then trained on the mixture-of-denoisers449

objective, following which we add approximately450

15% more parameters for the time variables. We451

would ideally have wanted to use a pre-trained UL2452

model however the released model checkpoint was453

only of 20 billion parameters and we could not find454

a checkpoint for a smaller model size. Instead, for455

our larger model, we simply take the FLAN-T5-456

LARGE model from HuggingFace and train it on457

the mixture of denoisers objective to get the corre-458

sponding UL2 model we denote as UL2-large. Our459

custom UL2-medium uses a T5 architecture (16 en-460

coder/decoder layers, dmodel = 1024, dff = 2048)461

trained on the mixture-of-denoisers objective. We462

will use these model checkpoints as a baseline by463

doing causal generation before we attach any time464

variables and train on a score entropy loss referred465

to as UL2 pre-SEDD CAUSAL-GEN.466

After we attach the time variables and train these467

UL2 models according to the score entropy loss in468

Glauber dynamics, since the parameters are shared469

for mask infilling and causal generation, the proba-470

bility distribution for causal generation correspond-471

ing to the end-point time of N × L (the noisy dis-472

tribution) would have changed compared to pre-473

SEDD (Here, N is the number of rounds in Glauber474

dynamics, i.e., the number of times each token is475

touched after doing a causal generation). Hence,476

we also add causal generation from this model as477

an additional baseline denoted as UL2 post-SEDD478

CAUSAL-GEN at time N × L for N = 3. Fi-479

nally, we have our Glauber dynamics based UL2480

models trained on the score entropy loss and we481

report results for the two model sizes for N = 1482

and N = 3 denoted as Glauber-UL2 post-SEDD483

and the total number of time-steps/end-point time,484

which is N × L. Other baselines include GPT-2-485

M/L/XL, as well as a continous diffusion model for486

text (Gulrajani and Hashimoto, 2023) and MDLM487

(Sahoo et al., 2024) and SEDD Absorb (Lou et al.,488

2024b) as well as GGM (Varma et al., 2024).489

Hyperparameters We consider L = 1024, the490

number of tokens in the generation and N , the491

number of Glauber dynamics rounds to be 1 and492

3 bringing our inference steps (number of model493

invocations) to be 2048 and 4096 (coming from the 494

1024 causal generation steps followed by 1024×N 495

mask infilling steps). Again to maintain a fair com- 496

parison to GGM, we evaluate the perplexity of 497

our 1024 samples using large GPT models (GPT2 498

Large, XL, Neo). We describe our training hyper- 499

parameters, optimizer, compute setup and other 500

details in Appendix D. 501

4.2 Perplexity Results 502

We summarize our main results for generative per- 503

plexities in Table 4. We achieve significantly better 504

generative perplexity results than all prior diffu- 505

sion based text generative models and furthermore 506

match GPT-2-M and are very close to matching 507

that of GPT-2-L. We also compare how causal gen- 508

eration from UL2 prior to fine-tuning on the SEDD 509

loss as well as the UL2 model at time T after fine- 510

tuning the GGM on the SEDD loss and see that 511

both those models lag in perplexity compared to 512

the corresponding GPT-2 models illustrating the im- 513

portance of running the reverse Glauber dynamics 514

procedure to obtain our improved results. It is how- 515

ever interesting to see that the model perplexities 516

for causal generation from UL2 models post SEDD 517

improve relative to pre SEDD suggesting that train- 518

ing on score entropy via Glauber dynamics does 519

improve the langugage understanding and gener- 520

ative capabilities of the UL2 model even if used 521

as a causal generative model. Furthermore, while 522

doing one round of reverse Glauber improves the 523

performance slightly, it improves significantly after 524

3 rounds of Glauber dynamics and we believe it is 525

possible for performance to improve and surpass 526

GPT-2 with more rounds of Glauber dynamics. 527

We also report in Table 1 the zero-shot perplexi- 528

ties of our models and some baselines using some 529

of the datasets from (Radford et al., 2019). 530

4.3 Additional Experimental Results 531

Model LAMB. WT2 WT103 1BW
GPT-2-M 15.60 22.76 26.37 55.72
SEDD-M * 42.77 31.04 29.98 61.19
Glauber-UL2-M (N=1) * 17.89 23.95 30.21 56.12
Glauber-UL2-M (N=3) * 17.14 20.98 25.47 52.18

GPT-2-L 10.87 19.93 22.05 44.58
Glauber-UL2-L (N=1)* 11.25 21.54 24.71 47.62
Glauber-UL2-L (N=3) * 10.14 20.35 20.83 44.12

Table 1: Zero-Shot Validation Perplexities (LAMB:
LAMBADA, WT: WikiText). * marked model perplexi-
ties are upper bounds

In Table 2, we report the MAUVE score (Pillutla 532
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et al., 2021) of our model and compare it against533

the baselines from (Lou et al., 2024b). Here, the534

generation happens conditioned on a fixed prefix.535

Both our Glauber dynamics based models (N=1,3)536

achieve better MAUVE scores than that of SEDD-537

medium and GPT-2-medium.538

Method Annealing Mauve
GPT-2-M Nucleus-0.95 0.955

None 0.802
SSD-LM Logit Thresh-0.95 0.919

None 0.312
SEDD-M None 0.957
Glauber-UL2-M (N=1) None 0.959
Glauber-UL2-M (N=3) None 0.966

Table 2: MAUVE scores (higher is better)

Next, Table 3 contains the performance of our539

model on some common sense reasoning tasks like540

Winogrande (ai2, 2019), PIQA (Bisk et al., 2020),541

SIQA (Sap et al., 2019) and HellaSwag (Zellers542

et al., 2019).These tasks involve prompting the543

model with multiple-choice questions (2–4 options)544

and evaluating accuracy based on the answer. Ap-545

pendix B and C contain Sudoku/Zebra puzzle re-546

sults and text generation examples, respectively.547

Model HS Wino PIQA SIQA
GPT-2-M 38.3 50.7 67.4 37.7
SEDD-M 31.5 49.0 56.1 35.4
(Gong et al., 2025)-M 37.2 52.6 59.6 39.0
Glauber-M(N=1) 37.4 49.9 66.8 37.4
Glauber-M(N=3) 40.5 52.9 68.9 39.1

Table 3: Performance of models on Common Sense
Reasoning Tasks (HS: HellaSwag, Wino: Winogrande)

5 Related Work548

Continuous Diffusion for Text Generation549

Early continuous diffusion approaches for text fo-550

cused on Gaussian diffusion in latent embedding551

spaces (Li et al., 2022; Gulrajani and Hashimoto,552

2023) or the vocabulary simplex (Han et al., 2022,553

2023; Tae et al., 2025). However, these generally554

underperform autoregressive models without ex-555

tensive empirical tuning. The ones that do match556

or outperform them rely on heavy annealing and557

empirical alterations (Han et al., 2022).558

Discrete Space Markov Chain Based Text Diffu-559

sion This line of work considers the space to be560

fixed length sequences in the discrete space corre-561

sponding to the text vocabulary (or 256 different562

pixel values in the context of discrete diffusion for 563

images) and designs forward Markov chains di- 564

rectly in this space (Sohl-Dickstein et al., 2015). In 565

the context of text diffusion, most papers consider 566

discrete time, discrete space Markov chains with 567

transitions corresponding to each token index be- 568

ing treated independently and for each index, each 569

token is uniformly transitioning to any other to- 570

ken (Ho et al., 2020; Nichol and Dhariwal, 2021; 571

Austin et al., 2021) . The reverse Markov process is 572

then a series of time-varying Markov chains. How- 573

ever, their text diffusion results still underperform 574

significantly compared to autoregressive models. 575

Some recent work has also attempted to devise a 576

framework for score matching in the discrete space 577

akin to continuous diffusion (Song et al., 2021) 578

with the denoising score entropy framework (Lou 579

et al., 2024b; Benton et al., 2022) emerging as a 580

promising approach especially in the context of text 581

diffusion models with a 150M parameter model 582

matching the generative perplexities of a similar 583

parameter size GPT-2 model. Also, MDLM (Sa- 584

hoo et al., 2024) simplifies the D3PM setup with 585

a simpler training objective designed for the spe- 586

cific masked diffusion model Markov chain and 587

obtain seemingly better results. However, most 588

prior discrete diffusion models use independent for- 589

ward transition kernels. This independence means 590

token indices updated during reverse sampling may 591

not align with those from training, potentially un- 592

dermining the benefits of the diffusion process’s 593

time-varying nature. Indeed (Zheng et al., 2025) 594

formally show that for the masked diffusion model, 595

the optimum model of the loss function in this 596

context is actually equivalent to a (time-invariant) 597

masked language model thus making it hard to 598

justify masked diffusion models as a compelling 599

alternative to autoregressive language models. Fur- 600

thermore, they show that at lower floating point 601

accuracy, these masked diffusion language mod- 602

els can do a kind of temperature hacking which 603

makes their perplexities look better than they re- 604

ally are and these values degrade significantly once 605

these models are evaluated at 64 bit floating point 606

precision. Similarly, (Gong et al., 2025) derive dif- 607

fusion models from AR weights via attention-mask 608

annealing. However, as they remain within the 609

MDLM paradigm and use a comparable loss func- 610

tion, they likely inherit the fundamental limitations 611

of MDLMs identified by (Zheng et al., 2025). Fur- 612

thermore, their generative perplexity, when mea- 613

sured using GPT-2-large, results are worse than 614
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Evaluation Model GPT2-L (774M) GPT2-XL (1.6B) GPT-NEO (2.7B)

Evaluated Model Sampling Algorithm Total Params Gen. PPL (↓) Gen. PPL (↓) Gen. PPL (↓)

Autoregressive Models

GPT2-M (Radford et al., 2019) top-p, p = 0.8, L = 1024, T = 1024 345M 12.4 13.0 14.5

GPT2-L (Radford et al., 2019) top-p, p = 0.8, L = 1024, T = 1024 774M − 6.5 7.4

GPT2-XL (Radford et al., 2019) top-p, p = 0.8, L = 1024, T = 1024 1.6B − − 6.8

Prior Diffusion Models

Plaid (Gulrajani and Hashimoto, 2023) τ = 0.9, L = 1024, T = 4096 1.3B 19.7 19.7 17.9

SEDD-M(Lou et al., 2024b) L = 1024, T = 2048 424M 27.3 28.0 25.2

MDLM (Sahoo et al., 2024) L = 1024, T = 1000 170M 44.2 45.4 40.9

GGM (Varma et al., 2024) top-p, p = 0.8, L = 1024, T = 4096 387M 19.5 19.9 18.0

UL2 and our UL2 DiTs

UL2-M (pre-SEDD CAUSAL-GEN) L = 1024 368M 21.7 21.3 20.4

UL2-M (post-SEDD, T=3× L CAUSAL-GEN) L = 1024 419M 19.1 19.6 19.9

Glauber-UL2-M (post-SEDD, T=L, i.e., N = 1) L = 1024 419M 17.1 17.5 16.6

Glauber-UL2-M (post-SEDD, T=3× L, i.e., N = 3) L = 1024 419M 13.2 13.7 14.9

UL2-L (pre-SEDD CAUSAL-GEN) L = 1024 783M − 14.2 14.9

UL2-L (post-SEDD, T=3× L CAUSAL-GEN) L = 1024 898M − 11.4 11.5

Glauber-UL2-L (post-SEDD, T=L, i.e., N = 1) L = 1024 898M − 9.5 9.9

Glauber-UL2-L (post-SEDD, T=3× L, i.e., N = 3) L = 1024 898M − 6.9 7.8

Table 4: Generative Perplexities evaluated over 1024 unconditional generations. We do not evaluate a larger model
(e.g., GPT2-XL) with a smaller model (e.g., GPT2-M).

PLAID (Gulrajani and Hashimoto, 2023) which615

our model outperforms and so we do not compare616

it for it’s generative quality. An exception to this617

line of MDLM (and modifications) however, which618

is also relevant to our work, is concurrent work619

of (Varma et al., 2024) where they also propose620

a discrete diffusion model based on Glauber dy-621

namics. They considers the noisy distribution as622

the unigram distribution of the data corpus and623

their training and inference pipeline is modeled624

by considering a token at each timestep and con-625

sidering whether that token is a prediction due to626

noise or an actual signal. They frame training as627

O(L) binary classification problems, outperform-628

ing SEDD at the 350M scale. Crucially, this binary629

framework restricts output complexity to O(T |Σ|),630

avoiding the O(T |Σ|2) requirement of modeling631

full token-to-token transitions at every step. De-632

spite a different setup, our UL2-based Glauber dy-633

namics similarly scales as (O(T |Σ|)) rather than634

O(T |Σ|2).635

6 Conclusion and Limitations636

We presented a text diffusion model based on637

Glauber dynamics. By framing Glauber dynamics638

as a mask-infilling task and utilizing pretrained lan-639

guage models as energy functions, we developed a640

diffusion framework that, for the first time, matches641

the performance of GPT-2-medium and GPT-2-642

large in language modeling. While our approach643

is slower than prior discrete diffusion models and 644

autoregressive (AR) baselines, this trade-off is jus- 645

tified by superior text quality, matching or outper- 646

forming GPT-2 models, unlike most prior MDLMs, 647

and achieving state-of-the-art performance on com- 648

plex search tasks like Sudoku/Zebra puzzles. 649

Another limitation of our work is the slow train- 650

ing time and need for significant computation re- 651

sources. As we outline in an appendix, we needed 652

32 H100 GPUs running for a little under 6 days to 653

train our larger model which is a significant time 654

(however the GGM paper (Varma et al., 2024) re- 655

port taking 8 days on TPU compute which in an 656

iso-TFLOPs comparison corresponds to 24 H100s 657

on a GPT-2-M model size as opposed to our train- 658

ing time on GPT-2-L model size). While we do 659

believe that this can be improved using many en- 660

gineering optimizations that we did not pursue as 661

well as the possibility of using kronecker factor- 662

ization based second order optimizers like Muon 663

(Liu et al., 2025a) which achieve significant im- 664

provements over AdamW for training AR LLMs. 665

Furthermore, it might be possible to use flow match- 666

ing versions of our energy based Glauber dynamics 667

model which may be easier to train and perform 668

better as their training seems to be more stable in 669

the case of continous space diffusion as well as for 670

masked text language models (Lipman et al., 2023; 671

Gat et al., 2024; Holderrieth et al., 2024) and we 672

leave this investigation for future work. 673
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A Training Algorithm Additional Details 929

In this section, we provide more details about our 930

training algorithm in words. We reiterate that our 931

noisy distribution is the causal generation from the 932

DiT UL2 model with T = 1024 or 3072, the idea is 933

that this corresponds to causal generation from the 934

initial UL2 model but of course that distribution 935

has changed somewhat since the weights are shared 936

in the DiT UL2 model. For the training procedure, 937

we will only need the mask infilling capabilities of 938

this DiT UL2 model (across all times). 939

Now, at each epoch k, we freeze a copy of the 940

model weights corresponding to that of the final 941

timestep, T and denote that as Tk, this will essen- 942

tially be our forward Markov chain used for noising 943

samples. In actuality, within each epoch, every few 944

iterations, we instead update the frozen copy of the 945

model weights to be an exponential moving aver- 946

age of the frozen copy of the model weights and the 947

current model weights in order to stabilize training. 948

Now, in each iteration, we take a sample from our 949

dataset x and sample uniformly a time between 0 950

and T . We then run t steps of the forward Markov 951

chain coming from Tk. As the Markov chain is se- 952

quential, in order to reuse many intermediate steps 953

to get more gradient signals, we actually consider 954

the xt not just for t but for 32 timesteps between 955

0 and t uniformly, i.e., xi×⌊t/32⌋. Now for each of 956

these xt’s we will compute the SEDD loss. 957

Recall that the SEDD loss is the expectation over 958

x0 ∼ pD of 959∫ T

0
E

xt∼pt|0(·|x0)

[ ∑
y∼xt

Qt(xt, y)
(
sθ(xt, t)y

−
pt|0(y | x0)
pt|0(xt | x0)

log sθ(xt, t)y

+K

(
pt|0(y | x0)
pt|0(xt | x0)

))]
dt

(1) 960

Now, for each term inside the integral, we un- 961

derstand how we can compute it to be used dur- 962

ing backprop. The first term is Qt(xt, y)sθ(xt, t)y 963

which is essentially the probability of our model 964

at t in the reverse process so this is essentially 965

the DiT model outputs at time t so we can com- 966

pute that directly. Now for the second term, to 967

compute log sθ(x, t)y we just write it as the first 968

term Qt(xt, y)sθ(xt, t)y (so computed as before) 969

divided by the prediction according to Tk our 970

frozen forward noising model. Also, for computing 971
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pt|0(y|x0)

pt|0(xt|x0)
, we use the frozen model Tk by storing972

the probabilities as we ran the Markov chain from973

0 to time t (by computing the probabilities upto974

time t− 1 and then taking the tth step for getting975

to y versus getting to xt). Since this is using the976

frozen model, there is no backpropogation on this.977

B Sudoku and Zebra Puzzles Results978

In this subsection, we report our results for solv-979

ing Sudoku and Zebra/Einstein puzzles(Shah et al.,980

2024). In the Sudoku puzzle setup, we are given a981

9 × 9 grid where each cell is to be occupied by a982

number in the range {1, 2, . . . , 9}. The constraints983

are that the numbers along each row and column984

should be unique. In addition, the numbers within985

each 3× 3 mini-grid should also be unique. Given986

a set of initially filled positions, the goal is to figure987

out the values that can occur in the unfilled cells.988

In standard Sudoku puzzles, there will always only989

exist a unique solution to the puzzle.990

Our models are trained by taking a random but991

fixed permutation upfront for each round (includ-992

ing the initial auto-regressive generation) whereas993

the auto-regressive baseline is trained both with994

and without correct ordering information and the995

masked diffusion language model baseline results996

are taken directly from (Kim et al., 2025) and we997

refer to that paper for more details. We stress that998

picking a random ordering upfront rather than the999

correct ordering information handicaps our model1000

relative to the AR baseline and we believe this to be1001

reasonable given that we’re allowed to do multiple1002

passes to correct our model outputs. We do how-1003

ever do not just mask-unmask one cell at a time1004

during the refinement process and instead at any1005

given time mask the 6 next cells in the permutation1006

and predict just one cell at a time. This is because1007

we observe much slower convergence when we1008

were only masking-unmasking one cell at a time1009

likely because it gets stuck in local stuck configu-1010

rations for the puzzles. We present our results in1011

Table 51012

Next, we present the Zebra or so-called Einstein1013

riddles. These are a more verbal style of a puzzle1014

where we need to fill in values in a grid again but1015

this time the type of possible constraints is much1016

richer. An example of such a riddle is as follows:1017

There are 3 people next to each other in a row.1018

Everyone has a different name: Ali, Rose, Randy.1019

Every one lives in a different colored house: gold,1020

silver, indigo. Everyone likes a different drink:1021

orange juice, beer, coffee. Match the people to the 1022

correct value for each of their characteristics using 1023

the clues. 1024

1. The person who likes orange juice is immedi- 1025

ately to the left of the person who likes coffee. 1026

2. The person who likes beer is somewhere to 1027

the left of the person who lives in the indigo 1028

house. 1029

3. The person at the 1st position is Rose. 1030

4. Randy is not the person who likes orange 1031

juice. 1032

5. Randy is the person who lives in the gold 1033

house. 1034

We present the accuracy results in Table 6. Order- 1035

ing for our models and baseline comparison setup 1036

is the same as in the Sudoku case however here we 1037

don’t need to keep 6 cells masked but rather just 1038

one at a time works fine. 1039

C Samples generated from our model 1040

In this section we give some unconditional and 1041

some prefix-conditioned examples from our larger 1042

model. 1043

C.1 Unconditional Samples 1044

Example Generation 1 1045

Urban gardening has emerged as a powerful move-
ment with deep historical roots and a promising future,
reshaping how people interact with their environments
and food systems. The practice of cultivating plants in
urban spaces is not a new phenomenon; it has existed
in various forms for centuries, serving as a vital source
of nutrition, community, and resilience. In ancient civ-
ilizations, city-dwellers often grew crops within or just
outside city walls to ensure a steady food supply dur-
ing times of siege or scarcity. The famous Hanging
Gardens of Babylon, whether myth or reality, symbol-
ize the enduring human desire to bring nature into
urban settings. Throughout history, urban gardens
have provided fresh produce, medicinal herbs, and a
sense of connection to the natural world. During the
Industrial Revolution, as cities expanded and popula-
tions grew, many people lost access to land and tra-
ditional farming, leading to increased food insecurity
and health problems. In response, urban gardening
initiatives began to take shape, particularly in Europe
and North America. Community gardens, allotments,
and school gardens became common, offering city res-
idents a way to grow their own food, improve their
diets, and build social bonds. In the early 20th century,
urban gardening gained momentum as a response to
economic hardship. The Victory Gardens of World
War I and II encouraged citizens to grow food to sup-
port the war effort and reduce pressure on national
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Model Params Accuracy
AR (w/o ordering) 42M 9.73%
AR (w/ ordering) 42M 87.18%
MDLM (vanilla) 6M 6.88%

MDLM (Top-K Prob.) 6M 18.51%
MDLM (Top-K Margin) 6M 89.49%

Glauber-UL2 (N=1) 7M 42.26%
Glauber-UL2 (N=3) 7M 91.82%

Table 5: Performance on Sudoku tasks

Model Params Accuracy
AR (w/o ordering) 42M 80.3%
AR (w/ ordering) 42M 91.2%
MDLM (vanilla) 19M 76.9%

MDLM (Top-K Prob.) 19M 98.5%
MDLM (Top-K Margin) 19M 98.3%

Glauber-UL2 (N=1) 21M 94.1%
Glauber-UL2 (N=3) 21M 98.7%

Table 6: Performance on Zebra riddles

food supplies. These gardens not only contributed to
food security but also fostered a sense of patriotism
and community spirit. In the decades that followed,
urban gardening experienced periods of decline and
resurgence, influenced by social, economic, and envi-
ronmental factors. By the late 20th century, concerns
about industrial agriculture, food safety, and environ-
mental degradation led to a renewed interest in urban
gardening. The rise of the environmental movement
and increased awareness of climate change further
fueled the popularity of urban agriculture. Today, ur-
ban gardening takes many forms, from rooftop gardens
and balcony planters to community gardens and urban
farms. These spaces provide fresh, locally grown food,
reduce the environmental impact of food transporta-
tion, and help mitigate the urban heat island effect.
Urban gardens also serve as important educational
tools, teaching children and adults about the origins of
food, the importance of biodiversity, and the benefits
of sustainable living. In many cities, urban garden-
ing has become a tool for social change, empowering
marginalized communities to take control of their food
supply and create green spaces in underserved neigh-
borhoods. Community gardens often become hubs for
cultural exchange, bringing together people from di-
verse backgrounds to share knowledge, traditions, and
harvests. The future of urban gardening looks bright,
as advances in technology and design make it easier
and more efficient to grow food in cities. Innovations
such as vertical farming, hydroponics, and aquapon-
ics allow for year-round cultivation, even in small or
unconventional spaces. Smart irrigation systems, auto-
mated lighting, and soil sensors help urban gardeners
optimize plant growth and conserve resources. Urban
gardening is also being integrated into urban planning
and policy, with cities around the world implementing
green infrastructure initiatives and supporting urban
agriculture projects. These efforts not only enhance
food security but also contribute to climate resilience,
biodiversity conservation, and public health. As cities
continue to grow and face challenges such as climate
change, population growth, and resource scarcity, ur-
ban gardening will play an increasingly important role
in creating sustainable, livable, and resilient urban en-
vironments. The movement is supported by a growing
network of organizations, activists, and policymakers
who recognize the multiple benefits of urban agricul-
ture. Educational programs, workshops, and online
resources make it easier than ever for people to get in-
volved and start their own gardens. The rise of social
media has also helped to spread ideas, share success
stories, and connect urban gardeners across the globe.
Looking ahead, urban gardening has the potential to
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transform cities into greener, healthier, and more equi-
table places. By reimagining unused spaces, fostering
community engagement, and embracing innovation,
urban gardening can help address some of the most
pressing challenges of our time. Whether on a balcony,
rooftop, or vacant lot, every garden contributes to a
larger vision of sustainable urban living. The history
and future of urban gardening remind us of the power
of small actions to create meaningful change, and the
importance of nurturing our connection to the earth,
even in the heart of the city. As more people embrace
urban gardening, the movement will continue to grow,
inspiring new generations to cultivate not only plants
but also hope, resilience, and a sense of belonging in
an ever-changing world.
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There’s something truly special about rainy days, some-
thing that just makes you want to stay inside and watch
the drops fall against the window. Rainy days are cozy,
they’re comforting, and they make you appreciate the
little things in life, like a warm cup of tea or coffee,
maybe a good book or a favorite movie. The sound of
rain on the roof is soothing, almost hypnotic, and it
can make you feel like you’re wrapped in a blanket of
calm, even if you’re just sitting at your desk or lying
on the couch. Rainy days slow things down, they make
the world outside seem a little quieter, a little softer,
and that’s a feeling you don’t get on sunny days. When
it rains, people tend to stay indoors, and that can make
the city feel different, more relaxed, less rushed. You
might notice that everyone moves a little slower, talks
a little softer, and seems to take their time. There’s a
sense of unity on rainy days, as if everyone is sharing
the same experience, the same rhythm of the weather.
Rainy days are also great for creativity, or at least
that’s what a lot of people say. Maybe it’s because
there are fewer distractions, or maybe it’s because the
rain itself inspires a certain mood, but rainy days seem
to be perfect for writing, painting, or just thinking
deeply about things. Sometimes, when it rains, you
might find yourself daydreaming more, letting your
mind wander to places you haven’t thought about in
a while. Rainy days can be nostalgic, too, bringing
back memories of childhood, like splashing in puddles
or watching cartoons on a lazy afternoon. For some
people, rainy days are a time for reflection, a chance to
pause and take stock of life, to think about where you
are and where you want to go. Rainy days can also be
a little sad, but in a good way, like the kind of sadness
that feels cleansing, that helps you let go of things
you’ve been holding onto. The rain washes away the
dust and the dirt, and sometimes it feels like it washes
away your worries, too. Of course, not everyone loves
rainy days. Some people find them depressing, or bor-
ing, or just inconvenient, especially if they have to go
outside and get wet. But for those who do enjoy them,
rainy days are a gift, a chance to slow down and ap-
preciate the world in a different way. Rainy days are
also great for naps, because the sound of the rain is
like nature’s lullaby, and it’s easy to drift off to sleep
with that gentle patter in the background. Sometimes,
when it rains, you might notice the smell of the earth,
that fresh, earthy scent that comes after a good down-
pour. It’s called petrichor, and it’s one of those little
details that make rainy days special. Rainy days are
also a good excuse to stay in your pajamas all day, or
to wear your favorite sweater, or to make soup or bake
cookies. There’s something about the combination of
rain and comfort food that just feels right, like the uni-
verse is giving you permission to take it easy. Rainy
days can also be romantic, especially if you’re sharing
them with someone you love. There’s nothing quite
like cuddling up with someone while the rain falls out-
side, or watching a movie together under a blanket, or
just talking for hours without any distractions. Rainy
days are a reminder that it’s okay to slow down, to
take a break, to let yourself relax and recharge. In a
world that’s always rushing, always demanding more,
rainy days are a chance to pause, to breathe, to just
be. Sometimes, when it rains, you might feel a little
more introspective, a little more thoughtful, and that’s
not a bad thing. Rainy days can help you reconnect
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with yourself, with your thoughts and feelings, and
with the people around you. They can also be a time
for new beginnings, because the rain brings new life,
new growth, and new possibilities. After the rain, the
world looks different, brighter, fresher, as if it’s been
renewed. That’s one of the things I love most about
rainy days—the way they make everything feel new
again. Rainy days are also a great time for writing
letters, or sending messages to friends, or just reach-
ing out to someone you haven’t talked to in a while.
There’s something about the rain that makes you want
to connect, to share your thoughts and feelings, to let
someone know you’re thinking of them. Rainy days
can be a little lonely, too, but
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sometimes I just forget things. Like, I’ll walk into a
room and forget why I went in there. It happens all
the time, almost every day, and it’s kind of funny but
also a little annoying. I think everyone forgets things
sometimes, like where they put their keys or what they
were supposed to buy at the store. It’s just part of
being human, I guess. Forgetting things can be frus-
trating, especially when you really need to remember
something important, but it’s also kind of normal. I
remember one time I forgot my friend’s birthday, and
I felt really bad, but they said it was okay, and we
laughed about it. Forgetting things is just something
that happens, and it’s not always a big deal. Some-
times, when I forget something, I try to retrace my steps
in my mind, like thinking about where I was or what I
was doing before I forgot. That sometimes helps, but
not always. Sometimes, I just have to accept that I
forgot and move on. Forgetting things can be a little
embarrassing, especially if it happens in front of other
people, but most people understand because it hap-
pens to them too. I think forgetting things is just part
of life, and it’s not something to worry about too much.
Of course, if you forget things all the time, like really
important things, then maybe it’s a good idea to talk
to someone about it. But for the most part, forgetting
things is just a normal part of being alive. Sometimes,
I wonder why we forget things. Maybe it’s because
our brains are too full, or maybe it’s because we’re
distracted, or maybe it’s just because we’re tired. I
think being tired makes you forget things more easily,
at least that’s what I’ve noticed. When I don’t get
enough sleep, I forget things more often, like where I
put my phone or what I was supposed to do that day.
Forgetting things can be frustrating, but it’s also kind
of funny when you think about it. Like, how can you
forget something you were just thinking about a minute
ago? It’s weird, but it happens. Sometimes, I forget
things because I’m thinking about something else, or
because I’m in a hurry, or because I’m just not paying
attention. I think paying attention is really important
if you want to remember things, but it’s hard to pay
attention all the time. Life is busy, and there’s always
something going on, so it’s easy to forget things. For-
getting things is just part of being human, and it’s
not something to be ashamed of. I think most people
forget things sometimes, even if they don’t admit it.
Sometimes, I forget things and then remember them
later, like in the middle of the night or when I’m doing
something completely unrelated. It’s funny how that
works. The other day, I forgot where I put my glasses,
and I looked everywhere for them, and then I found
them on my head. That was pretty funny, and I laughed
about it. Forgetting things can be annoying, but it
can also be kind of funny, especially when you realize
how silly it is. Sometimes, I forget things because I’m
stressed or worried about something else, and my mind
is just somewhere else. I think stress makes you forget
things more easily, at least that’s what I’ve noticed.
When I’m stressed, I forget things all the time, like
appointments or deadlines or what I was supposed to
do. It’s frustrating, but it’s also kind of normal. I think
forgetting things is just part of being alive, and it’s
not something to worry about too much. Of course,
if you forget things all the time, like really important
things, then maybe it’s a good idea to talk to someone
about it. But for the most part, forgetting things is just
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a normal part of being human. Sometimes, I forget
things and then remember them later, like in the middle
of the night or when I’m doing something completely
unrelated. It’s funny how that works. The other day, I
forgot where I put my keys, and I looked everywhere
for them, and then I found them in my pocket. That
was pretty funny, and I laughed about it. Forgetting
things can be annoying, but it can also be kind of funny,
especially when you realize how silly it is. Sometimes,
I forget things because I’m distracted or because I’m
thinking about something else, or because I’m just not
paying attention. I think paying attention is really im-
portant if you want to remember things, but it’s hard
to pay
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C.2 Prefix Conditioned Samples1055

Example Generation 11056

The history of artificial intelligence is a fascinating
journey that spans multiple decades, encompassing
a series of breakthroughs, setbacks, and paradigm
shifts. In the mid-twentieth century, the groundwork
for AI was laid by visionary thinkers who dreamed of
machines that could mimic human intelligence. Alan
Turing, often regarded as the father of theoretical com-
puter science, proposed the idea of a machine that
could think and introduced the Turing test as a mea-
sure of intelligence. Early AI research was charac-
terized by optimism and bold predictions. Scientists
and mathematicians believed that within a few years,
computers would be capable of complex reasoning,
natural language understanding, and even creative
thought. The initial wave of AI, known as symbolic AI,
relied on rule-based systems and logic. Researchers
painstakingly encoded human knowledge into com-
puter programs, hoping to create systems that could
solve problems, play games, and answer questions.
The field experienced its first wave of enthusiasm in
the 1950s and 1960s, with projects such as the General
Problem Solver and the development of the first expert
systems. However, as researchers soon discovered,
human intelligence is far more complex than initially
imagined. The limitations of symbolic AI became ap-
parent as systems struggled to handle ambiguity, con-
text, and real-world variability. The field entered a
period known as the "AI winter," where funding and
interest declined due to unmet expectations. Despite
these setbacks, research continued behind the scenes,
and new approaches began to emerge. The advent of
machine learning in the 1980s and 1990s marked a
significant turning point. Instead of relying on hand-
coded rules, researchers began to develop algorithms
that could learn from data. Early machine learning
techniques, such as decision trees and neural networks,
showed promise but were limited by the available com-
putational power and data. The rise of the internet
and the digital revolution in the late 1990s and early
2000s provided the necessary infrastructure and data
for machine learning to flourish. With the explosion
of online information, researchers had access to vast
amounts of data that could be used to train more so-
phisticated models. The development of deep learning
in the 2010s further accelerated progress in AI. Deep
neural networks, inspired by the structure of the hu-
man brain, demonstrated remarkable capabilities in
image and speech recognition, natural language pro-
cessing, and even game playing. Breakthroughs such
as AlphaGo, which defeated world champions in the
ancient game of Go, captured the public imagination
and demonstrated the potential of AI to surpass hu-
man performance in specific domains. Today, artificial
intelligence is deeply integrated into many aspects
of daily life, from virtual assistants and recommen-
dation systems to autonomous vehicles and medical
diagnostics. AI technologies are transforming indus-
tries, enabling new forms of creativity, and raising
important ethical and societal questions. As AI contin-
ues to evolve, researchers are exploring new frontiers,
such as explainable AI, which aims to make machine
learning models more transparent and interpretable.
The future of artificial intelligence holds both promise
and challenges. On one hand, AI has the potential to
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solve some of the world’s most pressing problems, from
climate change to healthcare. On the other hand, con-
cerns about job displacement, privacy, and the misuse
of AI remain significant. The ongoing development of
artificial intelligence will require collaboration across
disciplines, thoughtful regulation, and a commitment
to ethical principles. As we look ahead, it is clear that
AI will play an increasingly central role in shaping the
future of humanity, driving innovation and transform-
ing the way we live, work, and interact with technology.
The next decades will undoubtedly bring new break-
throughs, challenges, and opportunities, as artificial
intelligence continues to push the boundaries of what
is possible. The journey of AI is far from over, and
the story of its evolution is still being written. Every
day, researchers around the world are working to un-
lock new capabilities, address limitations, and ensure
that artificial intelligence is developed and deployed in
ways that benefit society as a whole. From its humble
beginnings to its current state of rapid advancement,
artificial intelligence represents one of the most excit-
ing and transformative fields in science and technology.
Whether AI will ever achieve true general intelligence
or consciousness remains an open question, but the
progress made so far is a testament to human ingenu-
ity and the power of collaboration. As we continue to
explore the possibilities of artificial intelligence, we
must remain mindful of the ethical implications and
strive to create a future where AI serves the greater
good. The evolution of artificial intelligence is not just
a story of technology, but also a story of human ambi-
tion, creativity, and the endless pursuit of knowledge.
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Today the cold war ended. Or at least, that’s what
they say. I’m not sure if it really ended, or if it just
changed, or maybe it’s still going on in some way. I
think the Cold War was about the United States and
the Soviet Union, and they were always arguing or
threatening each other, but they never actually fought
a big war. Or maybe they did, but not the kind of
war with soldiers and tanks, more like a war of words
and spies and maybe space. I remember something
about the space race, where they tried to see who
could get to the moon first. Or was it Mars? Maybe
it was the moon. I think the United States got to the
moon first, but I’m not sure. Anyway, today the Cold
War ended, or at least that’s what the news said. I
don’t know if it’s true, because sometimes the news
gets things wrong, or maybe they just want people to
feel better. I think the Cold War was about nuclear
weapons, too, and everyone was scared that someone
would push the button and start a big explosion. I
remember hearing about bomb shelters and people
practicing hiding under their desks, which seems silly
now, but maybe it made sense back then. I’m not sure.
Today, the Cold War ended, but I don’t know what that
means for the world. Maybe things will be better now,
or maybe they’ll just be different. I think the Cold War
lasted a long time, like maybe forty years, or maybe
more. I’m not good with dates, so I might be wrong. I
think it started after World War II, but I’m not sure. I
remember something about the Berlin Wall, and how it
fell, and people were happy, but I’m not sure if that was
the end of the Cold War or just a part of it. Today, the
Cold War ended, but I don’t know if anyone will notice.
I think most people are busy with other things, like
work or school or watching TV. Maybe the Cold War
ending is a big deal, but maybe it’s not. I’m not sure. I
think the Cold War was about politics and power, and
maybe about who could control the world, or at least
parts of it. I remember something about communism
and capitalism, and how they were fighting over which
one was better. I’m not sure which one is better, but
I think most people like capitalism, at least where I
live. I think the Cold War was also about movies and
music, and how each side tried to show that their way
of life was better. I remember something about jazz
and rock and roll, and how the Soviet Union didn’t like
it, but I’m not sure if that’s true. Today, the Cold War
ended, but I don’t know what will happen next. Maybe
there will be more peace, or maybe there will be new
problems. I think the world is always changing, and
it’s hard to keep up. I think the Cold War was a big part
of history, and maybe it will be in the history books,
but I’m not sure if kids will care. I think most people
just want to live their lives and not worry about big
things like wars or politics. Today, the Cold War ended,
but I’m not sure if it really matters. I think it’s good to
have peace, but I don’t know if that’s what will happen.
Maybe there will be new wars, or maybe things will
stay the same. I’m not sure. I think the Cold War
was about fear, and about people being scared of each
other, and maybe that’s still happening, even if the
Cold War is over. I think fear is a big part of life, and
maybe it will always be there, no matter what happens.
Today, the Cold War ended, but I don’t know if that
will change anything. I think the world is complicated,
and it’s hard to understand everything. I think the
Cold War was about more than just two countries, but
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I’m not sure what else it was about. Maybe it was
about ideas, or about the future, or about who gets to
decide what happens next. I’m not sure. Today, the
Cold War ended, but I don’t know if that’s true, or if
it’s just something people are saying. I think the world
is always changing, and it’s hard to keep up. I think
the Cold War was a big part of history, and maybe it
will be in the history books, but I’m
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Jazz music is really something special. Or at least
that’s what I think. I’m not sure where jazz started,
but I think it was in America, maybe in New Orleans,
or maybe somewhere else. I remember hearing some-
thing about jazz being a mix of different kinds of music,
like blues and ragtime and maybe even classical, but
I’m not sure. Jazz is kind of hard to explain, but it’s
all about improvising, or making things up as you go
along. Sometimes jazz musicians just start playing and
see where the music takes them, and that’s really cool.
I think jazz is about freedom, and about expressing
yourself, and about not following all the rules. I’m
not sure if that’s true, but it seems like jazz is always
changing, always moving, always trying new things.
I remember hearing jazz on the radio when I was a
kid, and it always made me feel happy, or maybe a
little sad, depending on the song. I think jazz can make
you feel all kinds of things, and that’s part of what
makes it special. Jazz is also about the instruments,
like the saxophone and the trumpet and the piano, and
sometimes the drums and the bass. I remember see-
ing a jazz band once, and the saxophone player was
amazing, just playing all these crazy notes and making
the music come alive. Sometimes jazz musicians play
solos, where one person gets to shine, and everyone
else supports them, and that’s really nice. I think jazz
is about community, and about sharing something spe-
cial with other people. I’m not sure if that’s true, but
it seems like jazz brings people together, even if they
don’t know each other. I just know that jazz is always
evolving, always trying new things, and that’s part of
what makes it exciting. I think jazz is about taking
risks, and about not being afraid to make mistakes, be-
cause sometimes the best music comes from mistakes.
I remember hearing a jazz musician say that, and it
made sense to me. I think that’s why jazz is so power-
ful, because it comes from the inside, from the soul, or
at least that’s what people say. I’m not sure if that’s
true, but it sounds nice. Jazz is also about rhythm,
and about the beat, and about making people want to
move. I think jazz can make you dance, or at least tap
your foot, and that’s always fun. I remember hearing
jazz at a party once, and everyone was dancing and
having a good time, and it was really cool. Jazz is
also about the night, and about staying up late and
listening to music, and about feeling alive. I think jazz
is best at night, when everything is quiet and you can
really listen. I’m not sure if that’s true, but it seems
like jazz is made for the night. Jazz is also about the
past, and about remembering all the great musicians
who played before, like Louis Armstrong and Miles
Davis and Duke Ellington, but I’m not sure if I got all
the names right. I think jazz is about tradition, but
also about breaking the rules and trying new things.
I’m not sure if that makes sense, but it seems like jazz
is always changing, always moving, always trying to
find new ways to express itself. I think jazz will always
be around, because it’s so flexible and so open to new
ideas. I’m not sure if that’s true, but I hope it is. Jazz is
also about listening, and about paying attention, and
about really hearing the music. I think jazz is best
when you listen closely, and when you let yourself get
lost in the sound. I remember hearing jazz on the radio,
and sometimes I would just close my eyes and listen,
and it felt like the music was taking me somewhere
else. Jazz is also about mistakes, and about not being
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perfect, and about being okay with that. I think jazz is
about taking chances, and about not being afraid to try
something new, even if it doesn’t work out. I remember
hearing a jazz musician say that, and it made sense
to me. Jazz is also about feeling, and about putting
your heart into the music, and about letting go and just
playing. I think that’s why jazz is so powerful, because
it comes from the soul. I’m not sure if that’s true, but
it sounds nice. Jazz is also about rhythm, and about
the beat, and about making people want to move. I
think jazz can make you dance, and that’s always fun.
I remember hearing

1064

D GPT-style Energy Functions 1065

Given a GPT-style causal generative model 1066

with parameters θ, we consider the generative 1067

perplexity of this model, i.e., PPLθ(x) = 1068

1
L

L−1∑
i=1

log pθ(xi+1|x1:i) as our energy function. In 1069

any iteration then, our forward process essentially 1070

has to take some index, say i and update xi to some 1071

other token y with probability p(xi = yi |x\i) = 1072

min
{
1, e−PPLθ(x\i,yi)+PPLθ(x)

}
for yi ∈ Σ (pos- 1073

sibly with some self-loops for lazy chains). This en- 1074

sures that the stationary distribution of the Markov 1075

chain is the distribution of the GPT-style causal 1076

generative model itself. Given this setup, we can 1077

then reverse our Markov process by learning (time- 1078

varying) jump probabilities using this transition 1079

kernel and stationary distribution and feeding it 1080

into a denoising score entropy loss function (2.1). 1081

However, we will have to keep a set of parame- 1082

ters for this GPT-style model for our energy func- 1083

tion and need additional parameters for the score 1084

network required in the reverse process. From a 1085

statistical viewpoint, it would then only be fair to 1086

compare such models with say GPT-style models 1087

with parameter count equaling the parameter count 1088

of the GPT-model used for energy PLUS the one 1089

used for the denoising score network. Furthermore, 1090

we would have to train the denoising score network 1091

from scratch which can be costly. 1092

As we will show in our second approach based 1093

on UL2 style models, we can devise a strategy 1094

where essentially the number of model parameters 1095

are roughly unchanged and the training can also 1096

be setup to mostly look like fine-tuning a model 1097

on a score entropy loss function. It is also impor- 1098

tant at this point to remark that to execute each 1099

forward transition in the GPT-style Energy Func- 1100

tion Glauber Dynamics, we would need to compute 1101

|Σ| many perplexity evalulations, one for each yi 1102

which can be quite costly but note that all these 1103
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perplexity calculations can be evaluated in parallel.1104

However, the computational time overhead can still1105

be significant. It is still worth considering this ap-1106

proach to compare against other methods provided1107

one has enough computational resources and we1108

leave this comparison for future work.1109

E Training Hyperparameters1110

We use the T5 tokenizer which has a vocabulary1111

of 32100 and we train on sequences of length1112

1024. We use the AdamW optimizer (with β1 =1113

0.9, β2 = 0.999, ε = 10−8 and 0.9999 EMA, no1114

weight decay and a linear warmup schedule for1115

the first 9000 steps to 3 × 10−4 and then decay1116

to 10−6 using a cosine delay schedule over the re-1117

maining steps and we use a gradient accumulation1118

of 4. We train our models using 32 H100s for 21119

epochs which takes approx 6 days to finish train-1120

ing for our larger model (we highlight that based1121

on the reported training time of the GGM paper1122

(Varma et al., 2024), their training takes about 81123

days to train a model one size smaller than ours1124

using TPU compute which on a TFLOP basis is1125

roughly equivalent to 24 H100s). We use 128 ex-1126

amples in each batch with 32 different time-steps1127

bringing our batch size to 4096 effectively1128
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