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ABSTRACT

We present a discrete diffusion-based language model using Glauber dynamics from
statistical physics. Our main insight is that instead of trying to train a discrete state
space diffusion model using Glauber dynamics with a uniform transition kernel as
the forward process, one can setup an “energy function” based on pretrained causal/-
masked language models. When viewed as the stationary distribution, this energy
function allows us to significantly improve the quality of the generated text. Incor-
porating UL2 as the pretrained model into our diffusion pipeline, we outperform
prior diffusion based LMs and perform competitively with autoregressive models
of comparable model sizes. Furthermore, our models are competitive/outperform
prior diffusion models and GPT-2 style auto-regressive models on zero-shot com-
mon sense reasoning tasks as well as some planning/search tasks like Sudoku and
Zebra puzzles.

1 INTRODUCTION

The dominant paradigm for training language models has been autoregressive (AR), where given
the preceding context, models are trained to generate the next token in the sequence. However, AR
models face a number of challenges, especially in solving tasks involving global planning, complex
structural constraints, and self-correction (Lin et al., 2021; Bachmann and Nagarajan, 2024; Huang
et al., 2024). Diffusion language models are a promising alternative in addressing some of these
limitations and unlocking new capabilities (Ye et al., 2024; Zhang et al., 2023; Tae et al., 2025)
already having shown much success in continuous data domains such as audio, image, and video
generation (Nichol and Dhariwal, 2021; Kong et al., 2020; Tae et al., 2022; Shen et al., 2023; Ho et al.,
2022; Saharia et al., 2022; Ramesh et al., 2024). Continuous Space Diffusion models are trained
by solving a class of regression tasks called score matching (Song et al., 2021). They first define a
forward Markov process that gradually converges to the stationary distribution of the Markov process
(and is typically viewed as adding noise to samples), transforming them into an easy-to-sample-from
distribution (e.g. Gaussian distribution). The core idea is then to learn a time reversal of this process
that can transform the noise back into a clean data sample. This process is often described as an
iterative “denoising process”.

Directly applying diffusion models to discrete text is nontrivial. Prior work has explored various
approaches to either approximate text in a continuous domain with embedding or simplex spaces (Li
et al., 2022; Han et al., 2022; Richemond et al., 2022) or modified the underlying diffusion mechanism
to directly operate on discrete data (Lou et al., 2024a; Gong et al., 2024; Lou et al., 2024b). Existing
discrete diffusion approaches, however, often suffer from instability, slow training, weak theoretical
foundations, or inefficient sampling due to reliance on heuristic transition rules or approximations of
score functions (Varma et al., 2024). Furthermore, while the so-called masked diffusion language
models (MDLMs) have received significant recent attention with claims of faster inference while
almost matching generative quality of auto-regressive models, as well as improved performance
on downstream reasoning benchmarks, often with modifications to their training procedure Kim
et al. (2025), MDLMs ultimately are highly unlikely to outperform auto-regressive models on

generative modelling as rigorously demonstrated in work of (Zheng et al., 2025) (we expand on this
in Section 5). This necessitates a first-principles stochastic process-focused approach of understanding
the severe limitations of masked diffusion language models which stem from a fundamentally flawed
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forward Markov process (and noisy/stationary distribution) and hence devising forward Markov

processes for language modeling which can match/outperform generative and downstream

reasoning/planning capabilities of auto-regressive language models.

In this work, we propose building a discrete diffusion LM based on Glauber dynamics, a popular
Markov process used widely in theoretical computer science and statistical physics (Levin and Peres,
2017). Our main insights are that diffusion models are pathwise relative entropy minimizing (Follmer,
1985; Lehec, 2013) and, hence, their performance depends heavily on how far the “noisy distribution”
is from the data distribution as well as the behavior (theoretically measured using some notion of
curvature) of the underlying stochastic dynamics.

Glauber dynamics (Levin and Peres, 2017) is a natural way to address the latter (indeed it is sometimes
referred to as Glauber-Langevin dynamics being a discrete analogue of Langevin dynamics) since
it typically ends up being the dynamics of choice for sampling from many challenging discrete
state space distributions. Glauber dynamics provides a well-defined and easy-to-implement Markov
chain often with guaranteed convergence to a stationary distribution, offering a principled method
for generative modeling. We demonstrate that using Glauber dynamics to generate text essentially
resembles a (time-varying) masked language model. Furthermore, Glauber dynamics is typically
expected to shine in the presence of an “energy function”, i.e., sampling from p(x) → e

→f(x) for
some f operating on our discrete domain of interest. We propose to use pretrained LMs (such as
autoregressive or masked LMs) as our energy function, treating them as our “noisy distribution”
allowing us to leverage a significant amount of compute effort spent on training them and speed up
the training process for our diffusion model. This choice also addresses the bottleneck of sample
inefficiency of training diffusion LMs and poorer performance compared to autoregressive LMs as we
would typically expect the sampling distribution of an autoregressive model to be closer to the data
distribution as opposed to a uniform or unigram distribution as used in prior works (Lou et al., 2024b;
Varma et al., 2024). While we sketch how to use GPT-style models as energy functions, we opt to use
UL2 style models (Tay et al., 2022) as our energy functions, which are trained to span multiple tasks,
including causal generation as well as mask infilling, as this provides a unifying framework under
which our Glauber dynamics-based diffusion pipeline can be easily understood and implemented.

Starting with UL2 weights as initialization and adding additional variables for incorporating the
temporal aspect of diffusion models, we train our model on the score-entropy loss function (Lou et al.,
2024b; Benton et al., 2022) adapted to the forward Markov process defined by Glauber dynamics with
an energy function. We obtain significantly better (unconditional) generative perplexities, as measured
by a larger AR LM than all prior discrete diffusion based language models and are competitive with
the generative and zero-shot perplexities of AR models. Our also report improved performance
on MAUVE scores (Pillutla et al., 2021) as well as on some common-sense reasoning tasks like
Winogrande (ai2, 2019), PIQA (Bisk et al., 2020), SIQA (Sap et al., 2019) and HellaSwag (Zellers
et al., 2019). Very recent work also shows that if masked diffusion language models are trained
robustly account for token orderings, then they can outperform Autoregressive models of 7 times
the parameter count on logic puzzles like Sudoku and Zebra puzzles (Kim et al., 2025). We show
that without any changes to our training procedure to robustly account for token orderings, our
UL2 Glauber dynamics can outperform masked diffusion language models and hence autoregressive
models on the same Sudoku and Zebra puzzles tasks.

2 PRELIMINARIES

2.1 DISCRETE DIFFUSION MODELS

Our goal is to model a probability distribution over sequences of length L and hence our state space is
! = ”L where ” is a finite vocabulary. A discrete diffusion process describes (time-varying) Markov
chains Qt with probability distributions pt ↑ R! evolving according to a discrete heat equation:

dpt

dt
= Qtpt p0 ↓ pD

where Qt ↑ R!↑! are the generators of the Markov process with non-negative off-diagonal entries
and columns summing to zero and pD is our data distribution. Furthermore, the process is assumed to
be ergodic (and ideally fast-mixing) with a limiting distribution pbase as t ↔ ↗. The process can be
simulated by either taking small #t sized Euler steps and randomly sampling the resulting transitions
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or by running #t scaled Poisson clocks (meant to simulate the continous time discrete space Markov
chain) corresponding to each transition (Campbell et al., 2022). While for any starting distribution,
an ergodic Markov chain converges to the same limiting distribution, diffusion processes admit many
different interpretations including one based on time-reversal of Markov processes (Anderson, 1982)
where we again set up a (necessarily time-varying) Markov process Qt:

dpT→t

dt
= QtpT→t Qt(y, x) = e

log pt(y)→log pt(x)Qt(x, y) Qt(x, x) = ↘
∑

y ↓=x

Qt(y, x)

where the multiplicative factors e
log pt(y)→log pt(x) = pt(y)

Pt(x)
are probability ratios which are the

analogues of the score function in continous space diffusion and are essentially the parameters to be
learned. To train our model for reversing the process, we will use the score entropy loss framework
of (Lou et al., 2024b), where the score entropy loss is defined as:
Definition 1. The score entropy LSE for a distribution p, weights wxy ≃ 0 and a score network
sω(x)y is:

LSE = Ex↔p

[
∑

y↔x

wxy

(
sω(x)y ↘

p(y)

p(x)
log sω(x)y +K

(
p(y)

p(x)

))]

where K(a) = a(log a↘ 1) is a normalizing constant function to ensure that LSE ≃ 0 and sω(x)y is
our score network that’s meant to be close to p(y)/p(x) for all x ↑ ! and all y ⇐ x,i.e. all neighbors
y ↑ ! of x .

The tractable “denoising” version of this loss applied in the context of discrete diffusion models,
called diffusion weighted denoising score entropy loss LDWDSE is defined as:
Definition 2. (Diffusion Weighted Denoising Score Entropy)

E
x0→pD

[∫ T

0

E
xt→pt|0(·|x0)

∑

y→xt

Qt(xt, y)

(
sω(xt, t)y →

pt|0(y|x0)

pt|0(xt|x0)
log sω(x, t)y +K

(
pt|0(y|x0)

pt|0(xt|x0)

))
dt

]

(1)

The advantage of this setup is that it is generic enough that once we fix the Markov chain and the
corresponding stationary distribution, we can directly plug it into the loss for training our diffusion
model. Hence, we can focus our efforts on understanding what makes for good/bad Markov chains in
discrete state spaces, and especially focus our efforts when our task is that of language modelling.
As we discuss in Section 5, it is unlikely that the dominant discrete text diffusion models, which are
so-called masked diffusion models with the absorbing Markov chain, can be a promising alternative
to autoregressive language models, and hence one needs to think through and design better Markov
chains for the forward process to be used for diffusion models.

Instead of viewing diffusion models as a time reversal of a forward Markov process, we instead
take the stochastic optimal control viewpoint of this process which is well-known to be the pathwise
relative entropy minimizing stochastic process with end-point marginals corresponding to the data
distribution and the stationary distribution of the corresponding Markov process (Follmer, 1985;
Lehec, 2013). Given this insight, one desires that the stationary distribution is easy to sample from
and it is efficient to make updates to a data point according to the (time-varying) Markov chains and
the forward Markov chain. Furthermore, we desire that the data distribution is close in some sense to
the stationary distribution (this ensures that one can converge in fewer steps to the data distribution
starting from the stationary distribution). Another desirable property of the stochastic process, at
least in the continuous diffusion case, is that some notion of curvature (usually Bakry-Emery) of the
underlying stochastic process is sufficiently good (Conforti et al., 2025) which typically manifests
as the stochastic process having fast decay of entropy or it’s higher derivatives along the stochastic
process trajectories.

To account for the ask of the stationary distribution to be close to the data distribution, we first
observe that a natural distribution which certainly should be closer to the data distribution than
uniform/unigram distributions are that of pretrained language models. There are actually significant
advantages of trying to use pretrained language models for diffusion models if possible. Along with
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the significant amounts of effort and compute spent already to train such models, another advantage
of autoregressive models that is usually not present in diffusion models for text is that during training,
autoregressive models trained using the so-called teacher forcing loss naturally get L gradient signals
(one corresponding to predicting the next token for each prefix) at each step rather than diffusion
models which typically get one or a few token gradient signals hence making them much slower or
harder to train and consequently this might be one reason why AR models perform so much better at
learning the structure of language compared to diffusion models.

To address the issue of natural Markov chains, which likely have good underlying entropic decay,
a natural suggestion is that of Glauber dynamics, which has been used widely in sampling from
challenging distributions coming from theoretical computer science, statistical physics, and Bayesian
inference. We essentially notice that the way Glauber dynamics samples at each step corresponds in
some sense to masked language models and furthermore, we can use pretrained language models as
energy functions or equivalently, conditional samples which will directly fit in quite naturally into the
design of the forward process for Glauber dynamics.

It is important to remark at this point that most prior discrete diffusion approaches like Lou et al.
(2024b) use Markov chains which let them sample many tokens in each iteration and hence their
sampling is very fast, typically much faster than auto-regressive models which necessarily take L

model invocations to generate text. In our discrete diffusion model based on Glauber dynamics,
generation will typically be slower than AR models (in our experiments it’s 2L and 4L model
invocations) which we acknowledge as an acceptable limitation especially because our focus is on
generating much better quality text, which these prior masked diffusion language models struggle
to do (Zheng et al., 2025) and furthermore, for tasks which require search or planning, Glauber
dynamics inherently seems better suited than either AR models or masked diffusion language models
as the concept of natural back-tracking to edit incorrect tokens is naturally baked into the process.

We remark that while our inference time is necessarily slower than auto-regressive and masked
diffusion language models, there are ways to improve our inference time that might also lead to a
reduction in our training time. In particular, there is work on parallelizing Glauber dynamics (Lee,
2024) that can be leveraged here leading to improved sampling complexity, similar to work of (Shih
et al., 2023) for continous diffusion models for image generation.

2.2 UL2 MODELS

UL2 models form the backbone of our proposed Glauber diffusion models. Proposed to overcome
the limitations inherent in single-objective pretraining, UL2 (Unified Language Learning) model (Tay
et al., 2022) aims to consolidate the strengths of various pre-training strategies into a single, versatile
model. Based on an encoder-decoder transformer architecture, UL2 is pretrained using a varied set of
denoising tasks, where the model learns to reconstruct original text from corrupted versions. These
tasks include R-denoising (regular span corruption, for general knowledge acquisition), S-denoising
(sequential PrefixLM or sequence-to-sequence, for causal generation capabilities), and X-denoising
(extreme span corruption, for recovering large missing portions of text). This diverse training regimen
allows the model to internalize different inductive biases and skills necessary for a wide array of
NLP applications. We remark that while one could use AR models as energy functions in Glauber
dynamics and we sketch one such way to do so, the flexibility of UL2 models to do both causal
generation and mask infilling in a unified framework is instrumental to an efficient implementation of
the diffusion transformer backbone in our Glauber dynamics based diffusion model.

3 DISCRETE DIFFUSION USING GLAUBER DYNAMICS

In this section, we describe the training and inference procedure for our discrete diffusion model
based on Glauber dynamics. We first describe the Glauber dynamics Markov chain to sample from a
distribution on sequences of length L with each index taking values in a discrete set ”, where we are
interested in sampling from a probability distribution p : ”L ↔ [0, 1].

The sampling is broken up into n different rounds where in each round, we apriori pick a permutation
of {1, . . . , L} denoted by ωi for i = 1, . . . , n and sequentially update all L tokens by updating just
the k = ωi(j)th index in the jth iteration in the ith round according to the distribution p(xk = · |x\k),
i.e., we sample xk from the stationary distribution conditioned on all but xk (denoted as x\k indices
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being fixed. If p(x) = e
→f(x) for some energy function f , the conditional distribution, with a

Metropolis filter, can be written as p(xk = ε |x\k) = min
{
1, e→f(x\k,ε)+f(x)

}
, possibly with some

self-loops to ensure lazy chains. Even if the stationary distribution is not specified upfront and we
just have the conditonal distributions, one can show that under some mild conditions, there is a
stationary distribution and the Glauber dynamics, which just needs these conditonal distributions to
run the sampler converges to this distribution. We remark that Glauber dynamics is often described
as picking a random index to update, in each iteration, conditioned on the remaining indices being
unchanged.However, in our setup, we will fix the permutations for each round upfront and for each
data point, in the t

th timestep, the same index is updated. Furthermore, as the time reversed Markov
chain at each time-step has the same edge structure (upto reversal of edges) as the forward Markov
chain at that time-step, in the reverse process during sampling, we will update the same index.

We first briefly describe a procedure to use GPT-style causal models as a way to devise an energy
function for the forward Glauber dynamics which can then be reversed. However, our focus will be
on a second kind of setup using encoder-decoder UL2 models that we describe later which is more
efficient and forms a more coherent picture.

3.1 GPT-STYLE ENERGY FUNCTIONS

Given a GPT-style causal generative model with parameters ϑ, we consider the generative perplexity

of this model, i.e., PPLω(x) = 1
L

L→1∑
i=1

log pω(xi+1|x1:i) as our energy function. In any iteration

then, our forward process essentially has to take some index, say i and update xi to some other token
y with probability p(xi = yi |x\i) = min

{
1, e→PPLω(x\i,yi)+PPLω(x)

}
for yi ↑ ” (possibly with

some self-loops for lazy chains). This ensures that the stationary distribution of the Markov chain
is the distribution of the GPT-style causal generative model itself. Given this setup, we can then
reverse our Markov process by learning (time-varying) jump probabilities using this transition kernel
and stationary distribution and feeding it into a denoising score entropy loss function (1). However,
we will have to keep a set of parameters for this GPT-style model for our energy function and
need additional parameters for the score network required in the reverse process. From a statistical
viewpoint, it would then only be fair to compare such models with say GPT-style models with
parameter count equaling the parameter count of the GPT-model used for energy PLUS the one used
for the denoising score network. Furthermore, we would have to train the denoising score network
from scratch which can be costly.

As we will show in our second approach based on UL2 style models, we can devise a strategy where
essentially the number of model parameters are roughly unchanged and the training can also be setup
to mostly look like fine-tuning a model on a score entropy loss function. It is also important at this
point to remark that to execute each forward transition in the GPT-style Energy Function Glauber
Dynamics, we would need to compute |”| many perplexity evalulations, one for each yi which can
be quite costly but note that all these perplexity calculations can be evaluated in parallel. However,
the computational time overhead can still be significant. It is still worth considering this approach to
compare against other methods provided one has enough computational resources and we leave this
comparison for future work.

3.2 UL2 BASED GLAUBER DYNAMICS

We now describe our UL2 based forward process for Glauber dynamics. As described above, UL2
is a language model which is trained on both causal generation tasks as well as mask infilling tasks
while sharing the same set of parameters. The first insight is that at each step of Glauber dynamics,
we are essentially asking the model to take a specific index and conditioned on all other indices,
asking it to give a probability distribution for what to fill this token with. So it is rather easy to see
that this is essentially a mask infilling task! Furthermore, to understand the stationary distribution,
it would essentially correspond to running our masked language model iteratively over each token
multiple times. However this can be rather slow but given that in UL2, the masked language model
shares the same weights for the causal generation task, it’s a reasonable idea to just consider a causal
generation from the UL2 model as an (approximate) sample from the stationary distribution which is
what we will do during inference from the model.
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Before describing training, we first describe our model architecture, especially in light of wanting
to reuse pretrained model weights. However, the default UL2 model doesn’t really have any time-
varying aspect baked into it which is required for diffusion models. Hence, what we do is convert a
UL2 model into a diffusion transformer model (Peebles and Xie, 2023) by taking a pretrained UL2
model ϑ and then adding additional time embedding parameters ϖ which are initialized such that time
= T corresponds to these time embeddings outputting values of zero initially but this will of course
change as we train the diffusion transformer.

During training, we will consider the UL2 model conditioned at time T = N ⇒ L and create a
copy of these parameters because they are meant to serve as the Markov transition kernel as well
as corresponding to the noisy distribution and not to be backpropagated on in our diffusion score
entropy loss. This Markov transition kernel is then used to noise our data points up to time t picked
randomly and then fed into the Diffusion Score Entropy loss. The important thing to note is that
our UL2 model already outputs a probability distribution that predicts filling a masked token with
whereas in the score entropy loss function we are trying to learn the multiplicative changes in the
transition probabilities sω(x ↔ (y = (x\i, yi), t) corresponding to pt(y)/pt(x) but notice that given
the Markov transition kernel of the forward process, which is just the frozen copy of the UL2 model
with time fixed to be T , we can just get the ratios by dividing this from the probabilities of the UL2
model at time t. After one finishes a single epoch of training (we actually do this multiple times
within an epoch to expedite training), one then discards the frozen copy of the UL2 model at time T

and considers the new updated model for creating the frozen copy.

Our entire training algorithm is described in Algorithm 2 with some specific details about the forward
process as well as how the SEDD loss can be computing just by the mask infilling probability
distribution at time T as well as at t deferred to Appendix A. It is however important to note that
because the model weights are shared for the causal generation and mask infilling task as well as across
time, the frozen copy of weights that we’re using to noise our data points is also changing. Hence
the distribution for causal generation as well as mask infilling at the time endpoint of T = N ⇒ L is
going to change over the course of the training.

Algorithm 1 UL2 Based Glauber Dynamics Diffusion Transformer Training
procedure TRAINING(D dataset, N number of diffusion rounds)

DiT UL2 model (ϑ, ϖ) initialized with pretrained weights for ϑ
for Epoch k ⇑ 1 to K do

Deep Copy (ϑk, ϖk)(·, 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, ϖk) and Tk on x and xt (Details in Appendix A)
Update (ϑk, ϖk)

end for

end for

return (ϑK , ϖK)
end procedure

Next, we describe the unconditional inference algorithm. Specifically, we take our trained UL2 based
diffusion transformer model and given the N permutations that were used during training, we first
generate our L tokens by invoking the CAUSAL-GEN mode from our model at time T = N ⇒ L.
Following that, for N rounds in reverse, we update the tokens in reverse order of the corresponding
permutation by repeatedly calling our UL2 diffusion transformer in MASK-INFILL model, at
different values of time corresponding to which token is to be updated at that time step.

6
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Algorithm 2 UL2 Glauber Dynamics Inference
procedure INFERENCE

DiT UL2 model (ϑ, ϖ), N number of diffusion rounds, permutations ω1, . . . ,ωN

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

for n ⇑ N to 1 do

for i ⇑ L to 1 do

j ⇑ ωn(i)

Update xj via [MASK-INFILL] using (ϑ, ϖ) at time t = n ⇒ i on (x1:j→1 [MASK]
xj+1:L)

end for

end for

return x

end procedure

We remark that the above algorithm describes unconditional generation. If a prefix is conditioned
to be some string PFX , then we just freeze those indices and do causal generation on the tokens
following the prefix and then during the Glauber dynamics Mask-Infilling steps, skip the token indices
corresponding to the prefix.

We also remark that, like Lou et al. (2024b); Varma et al. (2024), our Diffusion Transformer model
architecture uses best practices like AdaLN-Zero for the time embeddings and RoPE positional
embeddings. In many ways our entire pipeline can basically be understood as first following the UL2
training pipeline from Tay et al. (2022) and then adding time variables to the trained model followed
by continued training with the diffusion score entropy loss.

4 EXPERIMENTS

4.1 SETUP

Datasets and Models To enable a fair comparison with Varma et al. (2024) without retraining
their setup, we train our models on OpenWebText (Gokaslan and Cohen, 2019) and consider model
architectures of similar size as GPT-2 Medium (350M) and GPT-2 Large (745M). Our UL2 models
are trained following the procedure described in (Tay et al., 2022) which uses Flan-T5 architecture
and instruction following procedure (Chung et al., 2024) and then trained on the mixture-of-denoisers
objective, following which we add approximately 15% more parameters for the time variables. We
would ideally have wanted to use a pre-trained UL2 model however the released model checkpoint
was only of 20 billion parameters and we could not find a checkpoint for a smaller model size. Instead,
for our larger model, we simply take the FLAN-T5-LARGE model from HuggingFace and then train
it on the mixture of denoisers objective to get the corresponding UL2 model we denote as UL2-large.
For our medium sized model however, the released model checkpoint labelled as FLAN-T5-BASE
has about 247 million parameters which is about 100 million parameters less than GPT-2-medium.
Hence, we instead define our own T5 model setup with 16 encoder and 16 decoder layers (instead of
12 in FLAN-T5-BASE), dmodel being 1024, dff , the dimension of the feed forward network in the
transformer layers being 2048 and train the model on the mixture of denoisers objective to get the
corresponding UL2 model we denote as UL2-medium.

We will use these model checkpoints as a baseline by doing causal generation before we attach
any time variables and train on a score entropy loss referred to as UL2 pre-SEDD CAUSAL-GEN.
After we attach the time variables and train these UL2 models according to the score entropy loss
in Glauber dynamics, since the parameters are shared for mask infilling and causal generation, the
probability distribution for causal generation corresponding to the end-point time of N ⇒ L (the
noisy distribution) would have changed compared to pre-SEDD (Here, N is the number of rounds in
Glauber dynamics, i.e., the number of times each token is touched after doing a causal generation).
Hence, we also add causal generation from this model as an additional baseline denoted as UL2
post-SEDD CAUSAL-GEN at time N ⇒ L for N = 3. Finally, we have our Glauber dynamics based
UL2 models trained on the score entropy loss and we report results for the two model sizes for N = 1

7
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and N = 3 denoted as Glauber-UL2 post-SEDD and the total number of time-steps/end-point time,
which is N ⇒ L.

Our other baselines include GPT-2-medium/large/xl, as well as a continous diffusion model for text
(Gulrajani and Hashimoto, 2023) as well as the masked diffusion language models MDLM (Sahoo
et al., 2024) and SEDD Absorb (Lou et al., 2024b) as well as the prior Glauber dynamics based
generative model (Varma et al., 2024).

Hyperparameters We consider L = 1024, the number of tokens in the generation and N , the
number of Glauber dynamics rounds to be 1 and 3 bringing our inference steps (number of model
invocations) to be 2048 and 4096 (coming from the 1024 causal generation steps followed by
1024 ⇒ N mask infilling steps). Again to maintain a fair comparison to GGM, we evaluate the
perplexity of our 1024 samples using large GPT models (GPT2 Large, XL, Neo). We describe our
training hyperparameters, optimizer, compute setup and other details in Appendix D.

4.2 PERPLEXITY RESULTS

We summarize our main results for generative perplexities in Table 1. We achieve significantly better
generative perplexity results than all prior diffusion based text generative models and furthermore
match GPT-2-medium and are very close to matching that of GPT-2-large. We furthermore compare
how causal generation from UL2 prior to fine-tuning on the SEDD loss as well as the UL2 model at
time T after fine-tuning the GGM on the SEDD loss and see that both those models lag in perplexity
compared to the corresponding GPT-2 models illustrating the importance of running the reverse
Glauber dynamics procedure to obtain our improved results. It is however interesting to see that
the model perplexities for causal generation from UL2 models post SEDD improve relative to pre
SEDD suggesting that training on score entropy via Glauber dynamics does improve the langugage
understanding and generative capabilities of the UL2 model even if used as a causal generative model.
Furthermore, as can be seen, while doing one round of reverse Glauber improves the performance
slightly, it improves significantly after 3 rounds of Glauber dynamics and we believe it is possible for
performance to improve and surpass GPT-2 with more rounds of Glauber dynamics.

Furthermore, we also report zero-shot perplexities of our models and some baselines using some of
the datasets from the GPT-2 paper as is standard (Radford et al., 2019). These results are provided in
Table 2

We also report MAUVE scores (Pillutla et al., 2021), performance on Common Sense Reasoning
tasks like Winogrande (ai2, 2019), PIQA (Bisk et al., 2020), SIQA (Sap et al., 2019) and HellaSwag
(Zellers et al., 2019) as well as performance of solving Sudoku and Zebra/Einstein puzzles for our
models and some of the baselines in Appendix B and present examples of generated unconditional
and prefix-conditioned text from our Glauber dynamics based generative model in Appendix C.

5 RELATED WORK

Continuous Diffusion for Text Generation Since text is discrete, diffusion models designed for
images, audio, or video cannot be directly applied to them. Early attempts to resolve this issue
thus focussed on continuous approximations. One of line of work (Li et al., 2022; Gulrajani and
Hashimoto, 2023) first embeds the text into some continuous latent embedding space and runs
continuous (Gaussian) diffusion in that space after which discrete text is recovered. Another line of
work focuses on continuous diffusion in the probability simplex of vocabulary (Han et al., 2022; 2023;
Tae et al., 2025). Most work in this direction underperforms autoregressive models. The ones that do
match or outperform them rely on heavy annealing and empirical alterations (Han et al., 2022).

Discrete Space Markov Chain Based Text Diffusion This line of work considers the space to be
fixed length sequences in the discrete space corresponding to the text vocabulary (or 256 different
pixel values in the context of discrete diffusion for images) and designs forward Markov chains
directly in this space (Sohl-Dickstein et al., 2015). In the context of text diffusion, most papers
consider discrete time, discrete space Markov chains with transitions corresponding to each token
index being treated independently and for each index, each token is uniformly transitioning to any
other token (Ho et al., 2020; Nichol and Dhariwal, 2021; Austin et al., 2021) . The reverse Markov
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Table 1: 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-small).

Evaluation Model
GPT2-large

(774M)

GPT2-xl

(1.6B)

GPT-neo

(2.7B)

Evaluated

Model

Sampling

Algorithm

Total

Params

Gen.

PPL (⇓)

Gen.

PPL (⇓)

Gen.

PPL (⇓)

Autoregressive Models

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

GPT2-large (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) ϱ = 0.9 as per (Gulrajani and Hashimoto, 2023)
L = 1024, T = 4096 1.3B 19.7 19.7 17.9

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

MDLM (Sahoo et al., 2024) default as per (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-medium (pre-SEDD CAUSAL-GEN) L = 1024 368M 21.7 21.3 20.4

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

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

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

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

UL2-large (post-SEDD, T=3⇒ L CAUSAL-GEN) L = 1024 898M ↘ 11.4 11.5

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

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

Table 2: Zero-Shot Validation Perplexities of baseline models compared to our models

Model LAMBADA WikiText2 WikiText103 1BW

GPT-2-medium 15.60 22.76 26.37 55.72
SEDD-medium ⇔ 42.77 ⇔ 31.04 ⇔ 29.98 ⇔ 61.19

Glauber-UL2-medium (N=1) ⇔ 17.89 ⇔ 23.95 ⇔ 30.21 ⇔ 56.12
Glauber-UL2-medium (N=3) ⇔ 17.14 ⇔ 20.98 ⇔ 25.47 ⇔ 52.18

GPT-2-large 10.87 19.93 22.05 44.58

Glauber-UL2-large (N=1) ⇔ 11.25 ⇔ 21.54 ⇔ 24.71 ⇔ 47.62
Glauber-UL2-large (N=3) ⇔ 10.14 ⇔ 20.35 ⇔ 20.83 ⇔ 45.04

process is then a series of time-varying Markov chains. However, their text diffusion results still
underperform significantly compared to autoregressive models.

Some recent work has also attempted to devise a framework for score matching in the discrete space
akin to continuous diffusion (Song et al., 2021) with the denoising score entropy framework (Lou
et al., 2024b; Benton et al., 2022) emerging as a promising approach especially in the context of text
diffusion models with a 150M parameter model matching the generative perplexities of a similar
parameter size GPT-2 model. Also, MDLM (Sahoo et al., 2024) simplifies the D3PM setup with a
simpler training objective designed for the specific masked diffusion model Markov chain and obtain
seemingly better results. However, almost all prior work on discrete diffusion for text has focused
on using forward transition kernels which treat each token index independently. The problem with
treating every token independently in the forward process is that when sampling from the reverse
process, the token indices touched at different time steps do not correspond to the same token indices
during training making it unclear how the time varying nature of the diffusion process helps here
in generating good quality samples. Indeed (Zheng et al., 2025) formally show that for the masked
diffusion model, the optimum model of the loss function in this context is actually equivalent to a
(time-invariant) masked language model thus making it hard to justify masked diffusion models as
a compelling alternative to autoregressive language models. Furthermore, they show that at lower
floating point accuracy, these masked diffusion language models can do a kind of temperature hacking
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which makes their perplexities look better than they really are and these values degrade significantly
once these models are evaluated at 64 bit floating point precision. We do remark that recent work
of Gong et al. (2025) also motivated by trying to take AR models and devising diffusion language
models from them. They however still follow the masked diffusion language model paradigm and are
more focused on a continual pre-training from an AR model, via attention-mask annealing, to train it
on a loss function which is effectively the same as the MDLM loss function and hence should suffer
from the same problems as outlined by Zheng et al. (2025). Furthermore, their generative perplexity,
when measured using GPT-2-large, results are worse than PLAID Gulrajani and Hashimoto (2023)
(Figure 3 in their paper) which our model outperforms and hence we do not compare it for it’s
generative quality. We do however keep that as a baseline for our Common Sense Reasoning tasks in
the appendix.

An exception to this line of MDLM (and modifications) however, which is also relevant to our work,
is concurrent work of (Varma et al., 2024) where they also propose a discrete diffusion model based
on Glauber dynamics. Their setup considers the noisy distribution as the unigram distribution of
the data corpus and their training and inference pipeline is modeled by considering a token at each
timestep and considering whether that token is a prediction due to noise or an actual signal. With this
setup, they then setup a training objective which essentially constitutes T many binary classification
problems where T = O(L) is the number of diffusion steps and obtain better generative perplexity
results than SEDD in the 350M parameter model size, however in this parameter size, they still lag
behind GPT-2 models of a similar size. We emphasize that one of the reasons that they consider
this binary classification framework is to ensure that they only have to learn T |”| many outputs as
opposed to T |”|2 that might be required if at each time step, we needed to understand transitions
from each token to every other token in the vocabulary. Our Glauber dynamics setup, while rather
different than theirs, besides a similar underlying Markov chain graph structure, when executed using
our UL2 style setup will also just need to learn T |”| outputs rather than scale quadratically in |”|.

6 CONCLUSION AND LIMITATIONS

In this work, we presented a Glauber Dynamics based diffusion generative model for text. Our
innovations come from observing that Glauber dynamics can be written as a mask infilling model
as well as the fact that designing an Glauber dynamics using pretrained language model as an
energy function allows us to create significantly better diffusion models and for the first time match
GPT-2-medium and GPT-2-large autoregressive models in language modelling tasks.

While our diffusion models performance is better than prior discrete diffusion models which have
extremely fast sampling speed whereas our models are necessarily much slower than even auto-
regressive generative models of similar size, we believe this limitation is reasonable given that we
nearly match the performance of GPT-style autoregressive models and also outperform them (as well
as MDLMs) on planning/search tasks like the Sudoku and Zebra puzzles.

Another limitation of our work is the slow training time and need for significant computation resources.
As we outline in an appendix, we needed 32 H100 GPUs running for a little over 7 days to train
our larger model which is a significant time (however the GGM paper (Varma et al., 2024) report
taking 8 days on TPU compute that roughly corresponds to 24 H100s on a iso-TFLOPs comparison
on a GPT-2-medium model size as opposed to our training time on GPT-2-large model size). While
we do believe that this can be improved using many engineering optimizations that we did not
pursue as well as the possibility of using kronecker factorization based second order optimizers like
Shampoo(Morwani et al., 2025), SOAP (Vyas et al., 2025) and Muon (Liu et al., 2025) which have
showed significant improvements over AdamW for training AR LLMs as well as diffusion models,
we also mention that it might be possible to use flow matching versions of our energy based Glauber
dynamics model which may be easier to train and perform better as their training seems to be more
stable in the case of continous space diffusion as well as for masked text language models (Lipman
et al., 2023; Gat et al., 2024; Holderrieth et al., 2024) and we leave this investigation for future work.
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