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ABSTRACT

We introduce the Glauber Generative Model (GGM), a new class of discrete diffu-
sion models, to obtain new samples from a distribution given samples from a dis-
crete space. GGM deploys a discrete Markov chain called the heat bath dynamics
(or the Glauber dynamics) to denoise a sequence of noisy tokens to a sample from
a joint distribution of discrete tokens. Our novel conceptual framework provides
an exact reduction of the task of learning the denoising Markov chain to solving
a class of binary classification tasks. More specifically, the model learns to clas-
sify a given token in a noisy sequence as signal or noise. In contrast, prior works
on discrete diffusion models either solve regression problems to learn importance
ratios, or minimize loss functions given by variational approximations. We apply
GGM to language modeling and image generation, where images are discretized
using image tokenizers like VQGANs. We show that it outperforms existing dis-
crete diffusion models in language generation, and demonstrates strong perfor-
mance for image generation without using dataset-specific image tokenizers. We
also show that our model is capable of performing well in zero-shot control set-
tings like text and image infilling.

1 INTRODUCTION

Diffusion Models (Sohl-Dickstein et al., 2015 |[Ho et al.| |2020; [Song et al., [2020) use continuous
time, continuous space diffusion processes to sample from a target distribution. These models start
with pure noise and learn to ‘denoise’ until a meaningful sample is produced and are very successful
in generative modeling of images (Rombach et al., 2021} [Patil et al., 2022 Saharia et al.| 2022
Ramesh et al.| [2021)). These models are trained by solving a class of regression tasks called score
matching (Hyvirinen & Dayan| 2005)). Another popular choice is the class of auto-regressive models
based on the transformer architecture, which are state-of-the-art in generative modeling of languages
(Vaswani et al., 2017;[Kenton & Toutanova, [2019; Brown et al.,|2020; Team et al., 2023} [Esser et al.}
2021;|Yu et al.| [2022). These models work with a discrete set (the set of ‘tokens’), where sequences
of tokens make up meaningful text. They learn to generate tokens autoregressively by solving a
multi-class classification problem.

Our work considers discrete diffusion models, where the model learns to denoise a sequence of to-
kens to produce a sample from a given distribution over token sequences. In language generation,
this can mean starting from gibberish and denoising it to obtain a meaningful sentence. Such models
have been studied in the literature to try and combine the successes of Diffusion models and Autore-
gressive models. We propose a new class of discrete diffusion models called the Glauber Generative
Model (GGM) where the the denoiser is a discrete time Markov chain over token sequences, called
the Glauber dynamics (also known as heat bath dynamics and Gibbs sampling). This is a central
object of study in Statistical Physics of spin systems, Probability Theory and Bayesian inference
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(Martinelli, [1999; Martinelli & Olivieril (1994} |[Levin & Peres| 2017} |[Gelfand & Smithl [1990; |Ge-
man & Geman, |1984; He et al.l [2016)) and is a discrete analogue of Langevin Dynamics. GGM is
trained by solving a well defined class of binary-classification problems — one of the simplest ma-
chine learning tasks — to classify if a specific token in a sequence of noisy tokens is ‘signal’ or
‘noise’. In the context of language modeling, this roughly means figuring out whether a word is
out-of-place in a sentence. We show an exact reduction from such a classifier to a denoising Glauber
dynamics based sampler in Section 3]

1.1 RELATED WORK

Recent works have explored diffusion models for discrete data. Approaches for diffusion on discrete
data can be broadly classified into two kinds: (i) discrete diffusion in the token space where a discrete
time Markov chain is the denoiser, (ii) continuous diffusion in an embedding space of the discrete
data. We briefly discuss these approaches and their applications in this section.

Discrete diffusion via Discrete Markov Chains: Diffusion models over discrete spaces, analo-
gous to continuous space diffusion, were introduced in (Sohl-Dickstein et al.| 2015)) for generative
modeling. Argmax flows (Hoogeboom et al.| 2021) and D3PM (Austin et al., |2021)) (and refine-
ments such as (Zheng et al.| |2023)) solidified these ideas — by considering the noising process to
be a discrete time, discrete space Markov chain. They propose a variational loss function to teach
a neural network to reverse this Markov chain. More specifically, D3PM considers character-level
language modeling, token-level language modeling on short sequences (128) with relatively small
vocabularies (8192), and low-resolution (e.g., 32 32) image generation tasks with small models
(e.g., 36M)). On language modeling tasks these models still perform worse than an autoregressive
transformer-based model with comparable parameters. Scaling these models to larger vocabularies
is an active area of research. MDLM (Sahoo et al. [2024) simplifies and improves upon D3PM by
making different engineering choices and considering a simplified training objective for a specific
noising process. Using image tokenizers like VQGANS (Esser et al., 2021), VQ-DDM (Hu et al.,
2021) and VQ-Diffusion (Gu et al. [2021) are able to apply models similar to Argmax flows and
D3PM to generate images with larger resolutions. Within this framework, DiffusER (Reid et al.,
2022) considers the noising Markov Chain to be Levenshtein edit operations over text for language
modeling and evaluates its performance for downstream tasks such as translation and textual style
transfer.

While continuous diffusion models are learnt by solving the regression task of score matching,
another line of work (Lou et al., 2023; Meng et al., |2022) considers its discrete analogue called
ratio matching (Hyvérinen| 2007; Sun et al., |2022). These works that argue that Argmax flow and
D3PM in fact learn these importance ratios of probability distributions indirectly, and propose to
learn these directly by solving a class of regression tasks. While (Meng et al., 2022) considers least
squares regression in this setting, (Lou et al.l 2023) uses a tailored loss function. Directly learning
these ratios improves the learning performance as observed in SEDD (Lou et al.,|2023), achieving
competitive performance to autoregressive models for language modeling via discrete diffusion.

Discrete Diffusion via Continuous Diffusion over Embeddings: This line of work, introduced by
(L1 et al.| [2022)) and further explored in (Gulrajani & Hashimoto}|2023;|Strudel et al., 2022} [Ye et al.}
2023; He et al.l 2022; |Yuan et al., 2022) considers embedding the discrete space in a continuous
space and applies continuous diffusion models. Most notably, Plaid (Gulrajani & Hashimoto, 2023)
(1:3B parameters) outperforms a 124M GPT2 model in likelihood on several language modeling
benchmarks. However, GPT2-medium with 345M parameters (3:8 less parameters than Plaid)
still outperforms Plaid on all of the benchmarks used in the evaluation — indicating a need for further
improvement. Approaches like SSD-LM (Han et al.,|2022) and TESS (Mahabadi et al., 2023)) apply
continuous diffusion in a logit space constructed over the vocabulary and evaluate on downstream
tasks such as question generation and summarization.

Applications: Diffusion-based approaches for modeling discrete data have also been utilized in
several recent applications. DiMA (Meshchaninov et al., |2024) uses continuous diffusion in the
embedding space of a protein language model and outperforms autoregressive language models at
unconditional protein sequence generation. DFMs (Campbell et al., [2024) propose a class of flow-
based models designed for discrete data that achieve state-of-the-art results for protein co-design.
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Glauber Dynamics: (also known as Gibbs Sampling) has been studied extensively in the statis-
tical physics literature to understand spin systems (Martinelli & Olivieri, 1994; Martinelli,|1999).
The study of its mixing properties for various spin systems is an important sub- eld of probability
theory (Levin & Peres, 2017; Benjamini et al., 2005; Diaconis & Ram, 2000; Mossel & Sly, 2010;
Gheissari & Sinclair, 2022; Guo & Jerrum, 2017). Gibbs sampling has found numerous applica-
tions in Statistics and Bayesian Machine Learning for sampling from discrete posterior distributions
(Gelfand & Smith, 1990; Geman & Geman, 1984; Zhang et al., 2001; Zhu et al., 1998).

1.2 OUR CONTRIBUTIONS

We introduce a novel theoretical framework for training discrete diffusion models, called GGM,
based on an exact reduction to solving a clas®©¢f jXj) binary classi cation problems where

X is the set of tokens and@l is the number denoising steps. Prior works based on D3PM incur a
complexity of O(jXj2T) in general to learn the denoising Markov chain directly (see Remark 1).
Moreover, the denoising process of GGM is a time dependent Markov chain which ips one token
at a time, in contrast with prior works which ip multiple tokens simultaneously. Our empirical
evaluation shows that GGM obtains a strong performance in the case of language generation, where
it outperforms existing discrete diffusion models (Table 1). We show that time-independent Glauber
dynamics implemented with masked language models like BERT cannot attain such a performance
even with32 more steps (Figure 2a). We also demonstrate GGM's ability to generate high quality
images orP56 256 CelebA-HQ and FFHQ datasets, where its performance rivals several popular
diffusion models and GANs, without using a dataset-speci c image tokenizer. We then demonstrate
that our model can perform zero-shot image and text in lling with a variety of different masks.
For the task of image generation, all the state-of-the-art methods use dataset-speci ¢ tokenizers and
additional optimizations. We believe such techniques can further boost our model's performance
and bridge the gap between our models and the state-of-the-art. Thus, we believe our framework is
conceptually elegant, scalable, empirically competitive, and has the potential to be widely used for
generative modeling.

2 PROBLEM SETUP

2.1 NOTATION
By X we denote a discrete set and call its elements as “tokens'. G, we letX - denoteX

sequence of length 1 obtained formx when thei-th position is removedx; 2 X denotes the
i-th position ofx. Given a nite setA, we letUnif(A) denote the uniform probability distribution
over the elements d&. For a probability distributior over a nite spacey, withA Y , Q(jA)
denotes its conditional distribution ovAr

2.2 GLAUBER DYNAMICS

Let X be a nite set (such as all possible tokens in a language model or in a VQGAN). Glauber
dynamics is a Markov chain to sample a joint distribution over the siacey ipping one token
at a time. Given a probability distributid® overX -, andX 2 X -, Glauber dynamics obtains the

1. Sampld; Unif(f0;1;:::;n 1g) independent oK.
2. Xt+1 i Xt;i ifi 6 It-
3. X PXGJX =Xy ) ifi =1y

Glauber dynamics haB as its unique stationary distribution under mild conditions d¥erEven
with exact knowledge oP (X;jX ; = X i), the iterates of Glauber dynamics can be very slow
to converge to the distributioR, often requiring time exponential in. In this work we consider
Glauber dynamics with two differences:

1. I is chosen from a xed permutation in a round robin fashion (as in (He et al., 2016)).
2. The dynamics is time dependent. That B(XijX i = X ;) is replaced by
Pi(XijX = X j)fort=0;1;:::;T 1for some carefully designef .
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Figure 1: Example of Glauber dynamics in a discrete token space, where the tokens are characters.

In this framework, we obtain an exact sample frémat timeT = O(L)'. We show case this
difference by implementing time-independent Glauber dynamics via a bi-directional transformer
based masked language models. We describe this procedure based on (Wang & Cho, 2019) in
Appendix F. Our experiments (see Table 1, BERT-large w/ Gibbs sampling) show that even with
a large number of steps, the quality of generation with this method is much worse than GGM (see
Figure 2a).

3 GLAUBER GENERATIVE MODEL (GGM)

Diffusion models in the continuous domain contain 3 crucial steps: (i) forward process: where a
sample from the target distribution is gradually noised to obtain a sample from the standard Gaussian
distribution over many iterations, (ii) reverse process: which time reverses the forward process —
i.e., it denoises a Gaussian random vector into a sample from the target distribution, and (iii) model
training: where the reverse process is learned with data from the forward process. We follow the
same recipe to describe GGM below. Consider a niteXsetndL 2 N. Supposé® is the target
overX'‘ (i.e., sequences of lengthfrom X).

3.1 FORWARD PROCESS

Fix an element 62 X Attimet 2 f0;:::;T 1g, let ; denote a distribution oveX [f g.
We think of ; as the noise distribution. Lég;:::;it 1 2 f0;:::;L 19 be xed. We pick

t, the coordinata, of X, is noised using ; in order to obtainX+; : Draw a tokenZ; t
independent oK ;. Set:

8 o
<Xy ifj 6 iy

Xis1 o= Xt;j Ifj = it andZt = (1)
' Z¢ |fj = it andZt 2 X

That is,X+1 = X with probability :( ) andXi+1 ., is sampled from ( jX) with probability
1 t( ). Itis easy to obtairX; X(+1 directly from X as described in Appendix H. We denote
the distribution ofX; by P;.

Lemma 1. Suppose that ;(jX) = ( jX) is the same for everyy Suppose {( ) 1 for
some > 0. AsT !'1 , the distribution ofX 1 converges to{ jX) " in total variation distance.
Speci cally, we have:

TV(Law(X1); ( jX) 5) L@ )°Te
The proof of this lemma is given in Appendix A. Under the choigé¢ jX ) = Unif(X)and ( )=

%. In this case, Lemma 1 shows that the forward process converdgésfiX )t —i.e., each token
is chosen i.i.d uniformly at random froix.

In the rest of the paper, our Glauber dynamics goes reverse in ¥me;; P:(X(jXt i) asis the
convention in the diffusion model literature.



Published as a conference paper at ICLR 2025

3.2 REVERSEPROCESS VIAGLAUBER DYNAMICS

ConsiderP; as given in the forward process. Suppose we Have Pi+1. Then, the reverse

process seeks to obtain a sam@le  P;. We call the following time dependent Glauber dynamics
update to samplX as the reverse Glauber dynamics:

1. Xy = Xieay forallj 6 i
2. SampleX;, from the probability distributio®(X i, = jXs1: i, = Xt 1)

Lemma 2. Suppos&t  Pr. Suppos& is obtained by applying the reverse Glauber Dynamics
T times as de ned above. Thek, P .

thatforanyt 21 0;:::; T 1g, Xis1  Preg impIies)’(\t P;. Indeed, for ank 2 X -, consider:

P(X; = x) = P(Xt41:
= P(Xt+1; i

=X it)P(Xt;it = XithH.l; i =X it)
=x )= PXe=x)=P(x) (2

it

= X it)P(Xt;it = Xitjx“'l; it

The rst step follows from the de nition of the reverse Glauber Dynamics. The second step follows
from the induction hypothesis. Thus we conclude the result. O

Remark 1. The forward process introduced in D3PM (Austin et al., 2021) noises all tokens at
once and considers a general class of noising processes. We consider a speci ¢ class of noising
processes, and apply it to one token at a time. As we show below, this allows us to implement the
reverse process by predicting single tokens instead of predicting for all tokens like in (Austin et al.,
2021; Gu et al., 2021). Moreover, this approach results in an exact reduction to binary classi cation.
Prior approaches to Discrete Diffusion Models had to learn the transition probability of token value

a 2 X to token valueb 2 X at positioni, scaling quadratically withjXj sized transition matrix
resulting in suboptimal performance (Hu et al., 2021). Our training approach described below
learns the probability that tokea 2 X appearing at positiom in X;+; was present in positionof

Xt or not, which scales linearly ijXj.

3.3 MODEL TRAINING

We now describe how to train a neural network with data from the forward process (Section 3.1) in
order to implement the reverse Glauber dynamics (Section 3.2). The following lemma is the key to
our learning algorithm. We refer to Appendix B for its proof.

Lemma 3. Suppos 2 X ". Suppose thatX()i=o .1 1 denotes the forward process. Then, for
anya2 X:

. P(Z:=
P(Xt;it = aJX'[+1; ip — X i[): pEz::a; P(Zi=ajX 1+1 i‘ix i X141, =a) 1 (3)
Therefore, we can estimat®(Xi, = ajXw1; i, = X j,) using an estimate foP(Z; =

Xi jXt+1 = X). The latter is equivalent to learnif(Z; = ajXi+1: i
foreverya2 X.

. T X i X, = @)

Reduction to Binary Classi cation: Givena 2 X and timet, we consider the distributioD., =
Lawm(Xt+1: i,51z,=ajXt+1:, = @). Given asampl&, P , we can obtairKo; X;Z¢; Xt+1
according to the forward process, allowing us to sample fiam. Consider the following binary
classi cation problem (denoted (P ; ;a)) corresponding to the data distributibn, :
Predictlz, - 5 givenXi41: |

t

That is, we try to predict iX(+1 ; = a because of pure noise (i.&; = a) or if it is because
Xt = a(signal). This can be solved by minimizing the cross entropy loss over a model class with
inputXi+1: i,. Such a model learns to predR{Z: = ajXi+1: i, = X i,; Xt+1:i, = ).

Training Neural Network: Consider a mask tokeh 62 X and parameterize a neural network
f (X[f!g" f O:::;T 1g! [0;1] to solve the sequence of binary classi cation problems
Bi(P ; ;a)fort 2 f0;:::;T 1g;a 2 X. The neural network input igx%t) wherex® 2
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(X[f g, xPy; 2X forallj 6 iy andx? = ! . The output logit corresponding &2 X solves
Bi(P ; ;a). Thatis,f outputsy = f (x%t) 2 [0;1]* where9, modelsP(Z; = ajXis1: i, =
x© i, Xt+1:i, = @). Note that using a special token likeallows us to computg, for alla 2 X in

parallel in a single forward pass using the standard transformer architecture. The loss function and

the training algorithm is given in Algorithm 1.

Algorithm 1: Training a Glauber Generative Model (GGM)

Input: DataseD, timestepsT, optimizeropt , modelf , positionsfi;gl-; ,f g/,
Result: Trained parameters

Initialize , initialize the optimizer statept.initialize ()
for each iterationdo
SampleX, D ,t Unif(f0;:::; T 29);
GetX;Zy;X+1  forward _process (Xo;t;fisgiz,;f s0iz;)// more
details about the forward process are given in Appendix H
SetXl;; Xy forallj 6 i, X%, ! /I 1 is the mask token
Compute loss
L(;ZXE1)= 1z log f (X1 iOxe,,  1ze= log 1 f (X&qiOxeny,
optupdate (;r L( ;Z¢;X41)); /I any optimizer like AdamW,
etc.
end
return ;

Implementing the Reverse Process:We now use the trained neural network to approximate
the reverse Glauber dynamics. By Lemma 1, whendves large Pt ( X)t. We sam-
ple Xt ( jX)-, the pure noise distribution. Note that it is now sufcient to estimate
P(Xi, = ajX: i,). GivenX, let X%, be its masked version in the positibn Let
¢ = f (X%, ;t). By Lemma 3, we can estima®(X i, = ajXw1. i, = Xt i,) in step 2 of

1

the reverse processwitl'??(xt;it = aXte1: i) = :Eag 7 1.

t

Algorithm 2: Inference from a Glauber Generative Model (GGM)

Input: TimestepsT, trained parameters modelf , noise distribution§ g/_,

Result: SampleX o from the target distribution

Initialize X+ T (X)L;

fort T 1toOdo

SetX%;; Xy forallj 6 i, X% ! /I ! is the mask token
Gety = f (X2 ;1);

Computeﬁ’(xt;i‘ = aXts1: i) = @ 11 foralla

t() Ya
SetXy Xy forallj 6 i;

SampleXyi,  P(jX1: i) /I can do top- p sampling, etc. here
end

return Xo;

3.4 CONVERGENCE OFGGM

We provide a bound on the total variation distance (TV) between the output distritiRiiohAl-
gorithm 2 and the target distributidh in Theorem 1. We provide the proof in Appendix C.

Theorem 1. Suppose that; = foreverytand ( ) =1 pforsomep 2 (0;1). Suppose
that our model learn®(Z; = ajX+1: i = X ;X1 = a) perfectly from Algorithm 1. If
T L % then the output distributio®, of Algorithm 2 satisifes:

TV(Po;P ) 4)
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3.5 CONDITIONAL INFERENCE

While Algorithm 2 gives unconditional generations from a target distribuionwe now describe
a simple modi cation to obtain conditional generation without any additional training. Suppose the

)@T;i T(jX) fori 623 and)@T;j , = ¢ forallk =1;:::;K. We run Algorithm 2 as before,

but do not update the tokens in the positions gived bising this, our models can generate tokens
under a variety of different zero-shot control settings, like pre x/suf x completion, arbitrary in Il-

ing, and arbitrary lexical constraints. For example, we provide examples of conditional generations
for language in Appendix L.1, where our models in Il the mid@#&2tokens given the rst and last
256tokens. Figure 4b shows examples of conditional generations from our model on CelebA-HQ
where our model is able to in Il a variety of different pixel-space masks. We provide more details
regarding obtaining the prompt tokens and positions from the pixel masks in Appendix D.

3.6 ARCHITECTURE

Following (Lou et al., 2023) closely, we desidn to be a transformer model, based on the DIT
model family (Peebles & Xie, 2022). We nd that encoding time usingatiaLN-Zero approach

used in (Peebles & Xie, 2022) improves the convergence time of our models signi cantly. Like (Lou
et al., 2023) and (Gulrajani & Hashimoto, 2023), we too use rotary embeddings (Su et al., 2021) to
encode position. When thd' token to the model is masked (usihg, we pass the nal layer
representation for thié" token to the classi er that returngs2 [0; 1JX1 after applying the sigmoid
activation on the logits. We provide hyperparameters and more architectural details in Appendix I.

4 RESULTS

4.1 LANGUAGE GENERATION

We train our models on the OpenWebText dataset (Gokaslan & Cohen, 2019) and evaluate on lan-
guage generation. We compare with recent diffusion-based models for language (Plaid (Gulrajani
& Hashimoto, 2023), SEDD-medium (Lou et al., 2023), and MDLM (Sahoo et al., 2024)) and
GPT2 models of different sizes in Table 1. Following (Lou et al., 2023; Han et al., 2022; Dieleman

et al., 2022), we evaluate unconditional generations of leh@Bftokens using generative perplex-

ity (Gen. PPL) measured by a different, larger, autoregressive model like GPT-Neo-2.7B (Black
et al., 2021). Our model, witB87M parameters, outperforms SEDD-mediu#24M parameters)

and MDLM, the previous state-of-the-art discrete diffusion models. Our model performs competi-
tively with Plaid (1:3B parameters) witl3:4 less parameters and after being trained on a smaller
dataset (OpenWebText instead of OpenWebText2 (Gao et al., 2020)). However, all diffusion-based
approaches lie signi cantly behind GPT2 models of comparable sizes. Following (Wang & Cho,
2019), we include a MLM-based baseline which implements time independent Glauber dynamics as
described in Section 2.2 to compare to time dependent Glauber dynamics of GGM. We begin with

a noisy sequence of tokens, and take multiple token-by-token passes at the token sequence. At each
position, we mask the corresponding token and pass the resulting sequence to a cased BERT-large
model 834M parameters) (Devlin et al., 2019) to re-sample token value in this position. We gen-
erate and evaluate sequences of lerigjth for BERT (maximum length that BERT allows). This
approach is able to generate short phrases but is unable to generate text that remains coherent over
512tokens and gets poor perplexity. We provide the exact sampling algorithm in Appendix F. When
sampling from GPT2 models, we force the models to generate text of 1&0gdhby setting the
probability of the end-of-text token t0. For Plaid, SEDD-medium, and MDLM, we use the de-

fault sampling algorithms as used by the authors in (Gulrajani & Hashimoto, 2023), (Lou et al.,
2023), and (Sahoo et al., 2024) respectively. We include example generations from our model in
Appendix L. Hyperparameters and other training details are provided in Appendix .

Remark 2. During sampling, we use topsampling, whereas SEDD and MDLM do not. However,
recent work (Zheng et al., 2024, Section 5) shows that when using the Gumbel-max trick for sampling
from a categorical distribution (as used by SEDD and MDLM, but not by our method), using FP32
precision instead of FP64 behaves equivalently to lowering the temperature during sampling, as a
result of truncation. When this is xed using FP64 precision, the default samplers for SEDD and
MDLM result in a generative perplexity of abol®0(more than3 the reported values).
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Table 1: Generative Perplexities evaluated d@24unconditional generations. We do not evaluate
a larger model (e.g., GPT2-xlI) with a smaller model (e.g., GPT2-small).

GPT2-large GPT2-xI GPT-neo

Evaluation Model (774v) (1:6B) (2:7B)

Evaluated Sampling Total Gen. Gen. Gen.
Model Algorithm Params PPL (#) PPL(#) PPL®
Autoregressive Models

GPT2-medium (Radford et al., 2019)}_0‘1*31'(?22_%:8: 1024 345v 124 130 145

GPT2-large (Radford et al., 2019) [Ogﬂ'g’z;_‘#i 1024 774 65 7.4
topp, p=10:8 . )

GPT2-xl (Radford et al., 2019) L =1024:T = 1024 1:6B 6:8

Masked Language Models

BERT-large w/ topp,p=0:8

Gibbs sampling (Wang & Cho, 2019)L = 512; T = 2048 33M 487.0 4875 4887

BERT-large w/ topp,p=0:8 . g

Gibbs sampling (Wang & Cho, 2019)L = 512: T = 65536 334M 287 284 264

Diffusion Models

Plaid (Gulrajani & Hashimoto, 2023) | _ 73S Per (Gulrajani & Hashimoto, 2023) -y g 197 197 179

default as per (Lou et al., 2023)

SEDD-medium (Lou et al., 2023) L = 1024: T = 2048 424 273 280 252

MDLM (Sahoo et al., 2024) default as per (Saroo et al., 2024) 170M 442 454 409

topp,p=0:8 '
GGM (ours) L =1024:T = 4096 38™ 195 199 180

(a) Generative perplexity of GGM vs BERT-large with Gibbgb) Examples 0256 256unconditional gen-
sampling. Inference is run foF = KL timesteps, wher&  erations from our model on FFHQ. We show
is the number of visits per position (plotted on thexis). more examples in Appendix G.

4.2 IMAGE GENERATION

We tokenize images and de-tokenize tokens using an off-the-shelf VQGAN-based tokenizer used by
the MUSE model (Chang et al., 2023). The tokenizer is trained on a large, general image corpus
with a downsampling ratib6 = 8. Thus, a256 256corresponds t82 32 = 1024tokens. We

report the FID (Parmar et al., 2022) values in Table 2 for unconditi@®@l 256image synthesis on

the CelebA-HQ dataset (Karras et al., 2017) and the FFHQ dataset (Karras et al., 2018). On CelebA-
HQ, our model outperforms several autoencoder-based baselines by a large margin and beats a much
larger 801IM parameter GPT2-based autoregressive model that also works with VQGAN tokens
(Esser et al., 2021). We also outperform VQ-DDM (Hu et al., 2021), another model that applies
discrete diffusion similar to (Hoogeboom et al., 2021) in the latent space of a VQGAN. On FFHQ,
our method outperforms the autoencoder baselines, the baseline version of StyleSwin (Zhang et al.,
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2021), the PixelSNAIL (Chen et al., 2017) model on VQGAN tokens (Esser et al., 2021), and is
competitive with other kinds of models like BigGAN (Brock et al., 2018).

Comparison with SoTA methods: We nd a substantial gap in FID between our approach

and SoTA methods like LDMs (Rombach et al., 2021), VQ-Diffusion (Gu et al., 2021), and
StyleSwin (Zhang et al., 2021). Based on the ndings in MAGVIT-v2 (Yu et al., 2024), we believe
that this gap can be brought down signi cantly, if not completely eliminated, by the use of more
expressive and dataset-speci ¢ tokenizers. This can bring down the required sequence length, lead
to more expressive and relevant tokens in the vocabulary, and thereby ease downstream sequence
modeling. For example, the dataset-speci ¢ tokenizers used in (Esser et al., 2021) and (Gu et al.,
2021)) require only256 tokens for CelebA-HQ and FFHQ, while the general-purpose tokenizer
used by our model leads &®24tokens. StyleSwin (Zhang et al., 2021) uses several techniques to
boost generation quality. More speci cally, the baseline StyleSwin model gets an FIB.@bn

FFHQ (in comparison, our method achied&ss). However, with techniques such as style injection,
double attention, wavelet discriminator, sinusoidal positional encoding at each generation scale, and
balanced consistency regularization, StyleSwin is able to achieve an 2B (fable5 of (Zhang

etal., 2021)). We show unconditionally generated examples from our model trained on CelebA-HQ
in Figure 4a and from our model trained on FFHQ in Figure 2b and Appendix G. In Appendix E,
we show the nearest neighbors for our generations from the CelebA-HQ training data. In Figure 3a,
we visualize the forward noising process applied on an real image. In Figure 3b, we visualize the
reverse denoising process leading to a generation.

Table 2: FID scores computed usi@K 256 256 unconditionally generated images on CelebA-

HQ and FFHQ. Baseline results are replicated from (Esser et al., 2021; Jiang et al., 2021; Vahdat
et al., 2021; Hu et al., 2021; Jiang et al., 2021; Gu et al., 202Henotes that the model uses a
dataset-speci c tokenizer / latent space. We provide more details in Appendix I.

. CelebA-HQ FFHQ
Model Family
Model FID (#) Model FID (#)
GLOW (Kingma & Dhariwal, 2018) 690 VDVAE ( =0:8)(Child, 2020) 29.8
Flow & : ; —1- ; .
Autoencoder Style ALAE (Pidhorskyi et al., 2020) 192  VDVAE ( =1:0) (Child, 2020) 335
DC-VAE (Parmar et al., 2020) 158  VDVAE ( =0:9) (Child, 2020) 285
TransGAN (Jiang et al., 2021) 10:3 BigGAN (Brock et al., 2018) 124
GAN PGGAN (Karras et al., 2017) 8.0 StyleSwin (baseline) (Zhang et al., 2021) 150
StyleSwin (Zhang et al., 2021) 33 StyleSwin (Zhang et al., 2021) 2:8
Continuous *LSGM (Vahdat et al., 2021) 7.2 VE (Jolicoeur-Martineau et al., 2021) 157
Diffusion *LDM-4 (Rombach et al., 2021) 51  *LDM-4 (Rombach et al., 2021) 5.0
. *VQGAN + PixelSNAIL (Chen et al., 2017) 21:9
Autoregressive  *VQGAN + GPT2 (Esser et al., 2021) 10:2
*VQGAN + GPT2 (Esser et al., 2021) 9:6
*VQ-DDM (w/o ReFiT) (Hu et al., 2021) 22:6 o
) - *vQ-Diffusion (Gu et al., 2021) 6:3
Discrete *VQ-DDM (w/ ReFiT) (Hu et al., 2021) 132
Diffusion MUSE tokens (Chang et al., 2023) 98 MUSE tokens (Chang et al., 2023) 125
+ GGM (ours) . + GGM (ours) )

5 DiSCUSSION ANDLIMITATIONS

We propose a novel conceptual framework for discrete diffusion and evaluate its performance on
generative modeling tasks for language and images. We show that our proposed approach outper-
forms existing discrete diffusion models for language generation and demonstrates strong perfor-
mance for image generation without using dataset-speci ¢ image tokenizers. Our approach is the-
oretically principled and provides a promising new direction for multi-modal generative modeling.
Future works can explore various applications and extensions like protein modeling (Meshchaninov
et al., 2024; Campbell et al., 2024) and generalist agents (Reed et al., 2022). In its current state, we
nd that discrete diffusion models lag behind state of the art methods like autoregressive LLMs for
language, and GANs and continuous diffusion models for image generation. We note that state of
the art image generation algorithms are a product of years of cutting edge research, and utilize nu-
merous additional customized techniques (such as data-speci c tokenizers, style injection, etc.) that
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