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Abstract

Conventional wisdom holds that autoregressive models for image generation are
typically accompanied by vector-quantized tokens. We observe that while a
discrete-valued space can facilitate representing a categorical distribution, it is not
a necessity for autoregressive modeling. In this work, we propose to model the
per-token probability distribution using a diffusion procedure, which allows us to
apply autoregressive models in a continuous-valued space. Rather than using cat-
egorical cross-entropy loss, we define a Diffusion Loss function to model the per-
token probability. This approach eliminates the need for discrete-valued tokeniz-
ers. We evaluate its effectiveness across a wide range of cases, including standard
autoregressive models and generalized masked autoregressive (MAR) variants. By
removing vector quantization, our image generator achieves strong results while
enjoying the speed advantage of sequence modeling. We hope this work will moti-
vate the use of autoregressive generation in other continuous-valued domains and
applications. Code is available at

1 Introduction

Autoregressive models are currently the de facto solution to generative models in natural language
processing [38, 39, 3]. These models predict the next word or token in a sequence based on the
previous words as input. Given the discrete nature of languages, the inputs and outputs of these
models are in a categorical, discrete-valued space. This prevailing approach has led to a widespread
belief that autoregressive models are inherently linked to discrete representations.

As a result, research on generalizing autoregressive models to continuous-valued domains—most
notably, image generation—has intensely focused on discretizing the data [6, 13, 40]. A commonly
adopted strategy is to train a discrete-valued tokenizer on images, which involves a finite vocabulary
obtained by vector quantization (VQ) [51, 41]. Autoregressive models are then operated on the
discrete-valued token space, analogous to their language counterparts.

In this work, we aim to address the following question: Is it necessary for autoregressive models
to be coupled with vector-quantized representations? We note that the autoregressive nature, i.e.,
“predicting next tokens based on previous ones”, is independent of whether the values are discrete
or continuous. What is needed is to model the per-token probability distribution, which can be
measured by a loss function and used to draw samples from. Discrete-valued representations can
be conveniently modeled by a categorical distribution, but it is not conceptually necessary. If al-
ternative models for per-token probability distributions are presented, autoregressive models can be
approached without vector quantization.

With this observation, we propose to model the per-foken probability distribution by a diffusion
procedure operating on continuous-valued domains. Our methodology leverages the principles of
diffusion models [45, 24, 33, 10] for representing arbitrary probability distributions. Specifically,
our method autoregressively predicts a vector z for each token, which serves as a conditioning for
a denoising network (e.g., a small MLP). The denoising diffusion procedure enables us to represent
an underlying distribution p(x|z) for the output = (Figure 1). This small denoising network is
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Figure 1: Diffusion Loss. Given a continuous-valued to-

% ken z to be predicted, the autoregressive model produces a
vector z, which serves as the condition of a denoising dif-

fusion network (a small MLP). This offers a way to model
the probability distribution p(x|z) of this token. This net-
work is trained jointly with the autoregressive model by
noisy &, —> - IR backpropagation. At .infe¥ence time, with a predicted z,
running the reverse diffusion procedure can sample a to-

diffusion loss for p(z]2) ken following the distribution: & ~ p(z|z). This method
eliminates the need for discrete-valued tokenizers.

condition z

trained jointly with the autoregressive model, with continuous-valued tokens as the input and target.
Conceptually, this small prediction head, applied to each token, behaves like a loss function for
measuring the quality of z. We refer to this loss function as Diffusion Loss.

Our approach eliminates the need for discrete-valued tokenizers. Vector-quantized tokenizers are
difficult to train and are sensitive to gradient approximation strategies [51, 41, 40, 27]. Their recon-
struction quality often falls short compared to continuous-valued counterparts [42]. Our approach
allows autoregressive models to enjoy the benefits of higher-quality, non-quantized tokenizers.

To broaden the scope, we further unify standard autoregressive (AR) models [13] and masked gener-
ative models [4, 29] into a generalized autoregressive framework (Figure 3). Conceptually, masked
generative models predict multiple output tokens simultaneously in a randomized order, while still
maintaining the autoregressive nature of “predicting next tokens based on known ones”. This leads
to a masked autoregressive (MAR) model that can be seamlessly used with Diffusion Loss.

We demonstrate by experiments the effectiveness of Diffusion Loss across a wide variety of cases,
including AR and MAR models. It eliminates the need for vector-quantized tokenizers and consis-
tently improves generation quality. Our loss function can be flexibly applied with different types
of tokenizers. Further, our method enjoys the advantage of the fast speed of sequence models. Our
MAR model with Diffusion Loss can generate at a rate of < 0.3 second per image while achieving
a strong FID of < 2.0 on ImageNet 256x256. Our best model can approach 1.55 FID.

The effectiveness of our method reveals a largely uncharted realm of image generation: modeling
the interdependence of tokens by autoregression, jointly with the per-troken distribution by diffusion.
This is in contrast with typical latent diffusion models [42, 37] in which the diffusion process models
the joint distribution of all tokens. Given the effectiveness, speed, and flexibility of our method, we
hope that the Diffusion Loss will advance autoregressive image generation and be generalized to
other domains in future research.

2 Related Work

Sequence Models for Image Generation. Pioneering efforts on autoregressive image models [17,
50, 49, 36, 7, 6] operate on sequences of pixels. Autoregression can be performed by RNNs [50],
CNNSs [49, 7], and, most lately and popularly, Transformers [36, 6]. Motivated by language models,
another series of works [51, 41, 13, 40] model images as discrete-valued tokens. Autoregressive
[13, 40] and masked generative models [4, 29] can operate on the discrete-valued token space. But
discrete tokenizers are difficult to train, which has recently drawn special focus [27, 54, 32].

Related to our work, the recent work on GIVT [48] also focuses on continuous-valued tokens in
sequence models. GIVT and our work both reveal the significance and potential of this direction.
In GIVT, the token distribution is represented by Gaussian mixture models. It uses a pre-defined
number of mixtures, which can limit the types of distributions it can represent. In contrast, our
method leverages the effectiveness of the diffusion process for modeling arbitrary distributions.

Diffusion for Representation Learning. The denoising diffusion process has been explored as a
criterion for visual self-supervised learning. For example, Diff MAE [53] replaces the L2 loss in the
original MAE [21] with a denoising diffusion decoder; DARL [30] trains autoregressive models with
a denoising diffusion patch decoder. These efforts have been focused on representation learning,
rather than image generation. In their scenarios, generating diverse images is not a goal; these
methods have not presented the capability of generating new images from scratch.



Diffusion for Policy Learning . Our work is conceptually related to Diffusion Policy [8] in robatics.

In those scenarios, the distributiontaking an actionis formulated as a denoising process on the
robot observations, which can be pixels or latents [8, 34]. In image generation, we can think of
generating a token as an “action” to take. Despite this conceptual connection, the diversity of the
generated samples in robotics is less of a core consideration than it is for image generation.

3 Method

In a nutshell, our image generation approach is a sequence model operated on a tokenized latent
space [6, 13, 40]. But unlike previous methods that are based on vector-quantized tokenigers (
variants of VQ-VAE [51, 13]), we aim to use continuous-valued tokenizerg, (42]). We propose
Diffusion Loss that makes sequence models compatible with continuous-valued tokens.

3.1 Rethinking Discrete-Valued Tokens

To begin with, we revisit the roles of discrete-valued tokens in autoregressive generation models.
Denote ax the ground-truth token to be predicted at the next position. With a discrete tokenizer,
can be represented as an inteder: x < K , with a vocabulary siz& . The autoregressive model
produces a continuous-valuBddim vectorz 2 RP , which is then projected byl& -way classi er
matrixW 2 RK P . Conceptually, this formulation modelsategorical probability distributiorin

the form ofp(xjz) = softmaXWz).

In the context of generative modeling, this probability distribution must exhibit two essential prop-
erties. (i) Aloss functionthat can measure the difference between the estimated and true distribu-
tions. In the case of categorical distribution, this can be simply done by the cross-entropy loss. (ii) A
samplerthat can draw samples from the distribution p(xjz) at inference time. In the case of cat-
egorical distribution, this is often implemented as drawing a samplef{aa) = softmaXWz=),

in which is a temperature that controls the diversity of the samples. Sampling from a categorical
distribution can be approached by the Gumbel-max method [18] or inverse transform sampling.

This analysis suggests that discrete-valued tokena@tneecessary for autoregressive models. In-
stead, it is the requirement of modeling a distribution that is essential. A discrete-valued token space
implies a categorical distribution, whose loss function and sampler are simple to de ne. What we
actually need are a loss function and its corresponding sampler for distribution modeling.

3.2 Diffusion Loss

Denoising diffusion models [24] offer an effective framework to model arbitrary distributions. But
unlike common usages of diffusion models for representing the joint distribution of all pixels or all
tokens, in our case, the diffusion model is for representing the distribfdicach token

Consider a continuous-valued vectoP RY, which denotes the ground-truth token to be predicted
at the next position. The autoregressive model produces a \&@t®® at this position. Our goal

is to model a probability distribution of conditioned ore, that is,p(xjz). The loss function and
sampler can be de ned following the diffusion models [24, 33, 10], described next.

Loss function. Following [24, 33, 10], the loss function of an underlying probability distribution
p(xjz) can be formulated as a denoising cr'ﬁerion: i
L(z;x)= B~ K " (Xjt;Z)K? : (1)

biere," F?' RY is a noise vector sampled fron (0;1). The noise-corrupted vectos; is x; =

Tix+ 1 ", where ; de nes a noise schedule [24, 33]is a time step of the noise schedule.
The noise estimatol , parameterized by, is a small MLP network (see Sec. 4). The notation
" (X¢jt; z) means that this network tak&s as the input, and isonditionalon botht andz. As per
[46, 47], Egn. (1) conceptually behaves like a form of score matching: it is related to a loss function
concerning the score function p{xjz), that is,r log, p(xjz). Diffusion Loss is gparameterized
loss function, in the same vein as the adversarial loss [15] or perceptual loss [56].

It is worth noticing that the conditioning vectaris produced by the autoregressive netwarks
f (), as we will discuss later. The gradientof= f () is propagated from the loss function in
Eqgn. (1). Conceptually, Eqn. (1) de nes a loss function for training the netdv¢k



We note that the expectatidi, [ ] in Eqn. (1) is ovet, for any givenz. As our denoising network
is small, we can samplemultiple times for any giverz. This helps improve the utilization of the
loss function, without recomputing We samplé by 4 times during training for each image.

Sampler. At inference time, it is required to draw samples from the distribugip6z). Sampling
is done via a reverse diffusion procedure [24]: 1 = p% Xt pll:'t (xtjt;z) + ¢: Here

is sampled from the Gaussian distributidr{0; 1) and : is the noise level at time stép Starting
with xt N (0;1), this procedure produces a sampgesuch thatk,  p(xjz) [24].

When using categorical distributions (Sec. 3.1), autoregressive models can enjoy the bene t of hav-
ing atemperature for controlling sample diversity. In fact, existing literature, in both languages
and images, has shown that temperature plays a critical role in autoregressive generation. It is desired
for the diffusion sampler to offer a temperature counterpart. We adopt the temperature sampling pre-
sented in [10]. Conceptually, with temperatureone may want to sample from the (renormalized)

probability ofp(sz)i, whose score function ibr log, p(xjz). In practice, [10] suggests to either
divide" by , or scale the noise by. We adopt the latter option: we scalg in the sampler by .
Intuitively, controls the sample diversity by adjusting the noise variance.

3.3 Diffusion Loss for Autoregressive Models

Next, we describe the autoregressive model with Diffusion Loss for image generation. Given a se-
quence of tokenbx?; x?; :::; x" g where the superscrifit i  n speci es an order, autoregressive
models [17, 50, 49, 36, 7, 6] formulate the generation problem as “next token prediction”:

Y
p(xtinx™) = p(xjxtnnxt ) 2)

i=1
A network is used to represent the conditional probabpity' j x*;:::;x' 1). In our casex' can
be continuous-valued. We can rewrite this formulation in two parts. We rst produce a conditioning
vectorz' by a network é.g, Transformer [52]) operating on previous tokems= f (x1;::;;x" 1).
Then, we model the probability of the next token {x'jz'). Diffusion Loss in Eqgn. (1) can be
applied onp(x'jz"). The gradient is backpropagatedztdfor updating the parameters of ).

3.4 Unifying Autoregressive and Masked Generative Models

We show thamasked generative modetsg, MaskGIT [4] and MAGE [29], can be generalized
under the broad concept of autoregressi@n, next token prediction.

Bidirectional attention can perform autoregression The concept of autoregression is orthogonal

to network architectures: autoregression can be done by RNNs [50], CNNs [49, 7], and Transformers
[38, 36, 6]. When using Transformers, although autoregressive models are popularly implemented
by causalattention, we show that they can also be donéiafjrectional attention. See Figure 2.

Note that the goal of autoregression iptedict the next token given the previous tokérndoesnot
constrain how the previous tokens communicate with the next token.

We can adopt the bidirectional attention implementation as done in Masked Autoencoder (MAE)
[21]. See Figure 2(b). Speci cally, we rst apply an MAE-style encoden the known tokens

(with positional embedding [52]). Then we concatenate the encoded sequence with mask tokens
(with positional embedding added again), and map this sequence with an MAE-style decoder. The
positional embedding on the mask tokens can let the decoder know at which positions are to be
predicted. Unlike causal attention, here the loss is computed only on the unknown tokens [21].

With the MAE-style trick, we allowall known tokens to see each other, and also allow all unknown
tokens to see all known tokens. THidl attentionintroduces better communication across tokens

than causal attention. At inference time, we can generate tokens (one or more per step) using this
bidirectional formulation, which is a form of autoregression. As a compromise, we cannot use the
key-value (kv) cache [44] of causal attention to speed up inference. But as we can generate multiple
tokens together, we can reduce generation steps to speed up inference. Full attention across tokens
can signi cantly improve the quality and offer a better speed/accuracy trade-off.

'Here the terminology of encoder/decoder is in the sense of a general Autoencoder, following MAE [21]. It
is not related to whether the computation is casual/bidirectional in Transformers [52].



Figure 2: Bidirectional attention can do autoregression

In contrast to conventional wisdom, the broad concept of
“autoregression” (next token prediction) can be done by
either causal or bidirectional attention. (@gausal atten-
tion restricts each token to attend only to current/previ-
ous tokens. With input shifted by one start tokfsh ,

it is valid to compute loss omll tokens at training time.
(b) Bidirectional attention allows each token to sek to-
kens in the sequence. Following MAE [21], mask tokens
[m] are applied in a middle layer, with positional embed-
ding added. This setup only computes loss on unknown
tokens, but it allows for full attention capabilities across
the sequence, enablibgttercommunication across tokens.
This setup can generate tokens one by one at inference time,
which is a form of autoregression. It also allows us to pre-
dict multiple tokens simultaneously.

Figure 3: Generalized Autoregressive Models.
(a) A standard, raster-order autoregressive model
predicts one next token based on the previous to-
kens. (b) A random-order autoregressive model
predicts the next token given a random order. It
behaves like randomly masking out tokens and
then predicting one. (c) A Masked Autoregressive
(MAR) model predicts multiple tokens simultane-
ously given a random order, which is conceptually
analogous to masked generative models [4, 29]. In
all cases, the prediction of one step can be done by
causal or bidirectional attention (Figure 2).

Autoregressive models in random orders To connect to masked generative models [4, 29], we
consider an autoregressive variant in random orders. The model is given a randomly permuted
sequence. This random permutation is different for each sample. See Figure 3(b). In this case, the
position of the next token to be predicted needs to be accessible to the model. We adopt a strategy
similar to MAE [21]: we add positional embedding (that corresponds to the unshuf ed positions)

to the decoder layers, which can tell what positions to predict. This strategy is applicable for both
causal and bidirectional versions.

As shown in Figure 3 (b)(c), random-order autoregression behaves like a special form of masked
generation, in which one token is generated at a time. We elaborate on this as follows.

Masked autoregressive modelsin masked generative modeling [4, 29], the models predict a ran-
dom subset of tokens based on known/predicted tokens. This can be formulated as permuting the to-
ken sequence by a random order, and then prediatinigjple tokens based on previous tokens. See
Figure 3(c). Conceptually, this is an autoregressive procedure, which can be written as estimating the
conditional distributionp(f x'; x'*1 ::;xI g j x%; 2 x' 1); where multiple tokengx'; x'*1 ::;; xl g

are to be predicted ( j). We can write this autoregressive model as:

¥
p(xt; i xM) = p(X L xKy= 0 pxKjxxko Ly (3)
k
Here, XX = fxi;x*1::;xI g is a set of tokengo be predicted at thk-th step, with[ (X% =
fx1;:5;x"g. In this sense, this is essentiallpeéxt set-of-tokens predictignand thus is also a

general form of autoregression. We refer to this variant as Masked Autoregressive (MAR) models.
MAR is a random-order autoregressive model that can predict multiple tokens simultaneously.

MAR is conceptually related to MAGE [29]. However, MAR samples tokens by a temperature
applied on the probability distribution &fachtoken (which is the standard practice in generative
language models like GPT). In contrast, MAGE (following MaskGIT [4]) applies a temperature for
sampling thdocationsof the tokens to be predicted: this is not a fully randomized order, which
creates a gap between training-time and inference-time behavior.



4 Implementation

This section describes our implementation. We note that the concepts introduced in this paper are
general and not limited to speci c implementations. More detailed speci cs are in Appendix B.

4.1 Diffusion Loss

Diffusion Process Our diffusion process follows [33]. Our noise schedule has a cosine shape, with
1000 steps at training time; at inference time, it is resampled with fewer steps (by default, 100)
[33]. Our denoising network predicts the noise vec¢tge4]. The loss can optionally include the
variational lower bound terrhy, [33]. Diffusion Loss naturally supports classi er-free guidance
(CFG) [23] (detailed in Appendix B).

Denoising MLP. We use a small MLP consisting of a few residual blocks [20] for denoising. Each
block sequentially applies a LayerNorm (LN) [1], a linear layer, SiLU [12], and another linear layer,
merging with a residual connection. By default, we use 3 blocks and a width of 1024 channels.
The denoising MLP is conditioned on a vectoproduced by the AR/MAR model (see Figure 1).
The vectorz is added to the time embedding of the noise schedule timetstepich serves as the
condition of the MLP in the LN layers via AdaLN [37].

4.2 Autoregressive and Masked Autoregressive Image Generation

Tokenizer. We use the publicly available tokenizers provided by LDM [42]. Our experiments will
involve their VQ-16 and KL-16 versions [42]. VQ-16 is a VQ-GAN [18E., VQ-VAE [51] with

GAN loss [15] and perceptual loss [56]; KL-16 is its counterpart regularized by Kullback—Leibler
(KL) divergencewithoutvector quantization. 16 denotes the tokenizer strides.

Transformer. Our architecture follows the Transformer [52] implementation in ViT [11]. Given a
sequence of tokens from a tokenizer, we add positional embedding [52] and append the class tokens
[cls] ;then we process the sequence by a Transformer. By default, our Transformer has 32 blocks
and a width of 1024, which we refer to as the Large size or 400M parameters).

Autoregressive baseline Causal attention is implemented following the common practice of GPT
[38] (Figure 2(a)). The input sequence is shifted by one token (&g}, ). Triangular masking
[52] is applied to the attention matrix. At inference time, temperatuyesémpling is applied. We
use kv-cache [44] for ef cient inference.

Masked autoregressive models With bidirectional attention (Figure 2(b)), we can predict any
number of unknown tokens given any number of known tokens. At training time, we randomly
sample a masking ratio [21, 4, 29] in [0.7, 1.8]g, 0.7 means 70% tokens are unknown. Because
the sampled sequence can be very short, we always ppudis§4 tokens at the start of the encoder
sequence, which improves the stability and capacity of our encoding. As in Figure 2, mask tokens
[m] are introduced in the decoder, with positional embedding added. For simplicity, unlike [21], we
let the encoder and decoder have the same size: each has half of all elogckss(in MAR-L).

At inference, MAR performs “next set-of-tokens prediction”. It progressively reduces the masking
ratio from 1.0 to O with a cosine schedule [4, 29]. By default, we use 64 steps in this schedule.
Temperature () sampling is applied. Unlike [4, 29], MAR always uses fully randomized orders.

5 Experiments

We experiment on ImageNet [9] at a resolution of 2266. We evaluate FID [22] and IS [43],
and provide Precision and Recall as references following common practice [10]. We follow the
evaluation suite provided by [10].

5.1 Properties of Diffusion Loss

Diffusion Lossvs Cross-entropy Loss We rst compare continuous-valued tokens with Diffusion
Loss and standard discrete-valued tokens with cross-entropy loss (Table 1). For fair comparisons,
the tokenizers (“VQ-16" and “KL-16") are both downloaded from the LDM codebase [42]. These
are popularly used tokenizerms.§, [13, 42, 37]).



Table 1: Diffusion Loss vs Cross-entropy Loss The tokenizers are VQ-16 (discrete) and KL-

16 (continuous), both from the LDM codebase [42] for fair comparisons. Diffusion Loss, with
continuousvalued tokens, is better than its cross-entropy counterpartdisttretevalued tokens,
consistently observed across all variants of AR and MAR. All entries are implemented by us under
the same setting: AR/MAR-L (400M parameters), 400 epochs, ImageNet 2886.

w/o CFG w/ CFG

variant order direction # preds loss FID# IS" | FID# IS

CrossEnt | 19.58 60.8| 4.92 2273

AR raster  causal L | DiffLoss | 19.23 623| 469 2446

CrossEnt | 16.22 81.3| 4.36 222.7
MAR rand  causal L | DiffLoss | 13.07 91.4| 407 2324
MAR rand bidirect 1 CrossEnt 8.75 149.6| 3.50 280.9

Diff Loss 343 203.1| 184 2927
CrossEnt| 8.79 146.1| 3.69 2784
Diff Loss 3.50 201.4| 198 290.3

MAR (defaury | rand bidirect >1

Table 2: Flexibility of Diffusion Loss. Diffusion Loss can support different types of tokenizers.

(i) VQ tokenizers: we treat the continuous-valued latent before VQ as the tok§nsokenizers

with amismatchedtride (here, 8): we group 2 tokens into a new token for sequence modeling.

(iii) Consistency Decoder [35], a non-VQ tokenizer of a different decoder architecture. Here, rFID
denotes the reconstruction FID of the tokenizer on the ImageNet training set. Settings in this table

for all entries: MAR-L, 400 epochs, ImageNet 25P56.Y: This tokenizer is trained by us on ImageNet using [42]'s
code; the original ones from [42] were trained on Openimages.

tokenizer # tokens w/o CFG w/ CFG

loss src arch raw seq FID# IS" FID# IS"
[42] VQ-16 16 16° 7.82 151.7| 3.64 2585
[42] KL-16 168 16 350 201.4| 1.98 290.3
Diff Loss | [42] KL-8 37 1# 433 180.0] 2.05 283.9
[35] Consistency| 32 162 576 170.6| 3.23 271.0
427 KL-16 16 16 2.85 214.0| 1.97 291.2

The comparisons are in four variants of AR/MAR. As shown in Table 1, Diffusion Loss consistently
outperforms the cross-entropy counterpart in all cases. Speci cally, in MA@ the default), using
Diffusion Loss can reduce FID by relatively50%-60%. This is because the continuous-valued
KL-16 has smaller compression loss than VQ-16 (discussed next in Table 2), and also because a
diffusion process models distributions more effectively than categorical ones.

In the following ablations, unless speci ed, we follow the “default” MAR setting in Table 1.

Flexibility of Diffusion Loss. One signi cant advantage of Diffusion Loss is its exibility with
various tokenizers. We compare several publicly available tokenizers in Table 2.

Diffusion Loss can be easily used even given a VQ tokenizer. We simply treat the continuous-valued
latent before the VQ layer as the tokens. This variant gives us 7.82 FID (w/o CFG), compared
favorably with 8.79 FID (Table 1) of cross-entropy loss usingghmeVQ tokenizer. This suggests

the better capability of diffusion for modeling distributions.

This variant also enables us to compare the VQ-16 and KL-16 tokenizersthsirsgme lossAs
shown in Table 2, VQ-16 has a muwlorsereconstruction FID (rFID) than KL-16, which conse-
quently leads to a much worse generation Fy( 7.82vs 3.50 in Table 2).

Interestingly, Diffusion Loss also enables us to use tokenizersmigimatchedtrides. In Table 2,
we study a KL-8 tokenizer whose stride is 8 and output sequence length 3232Without in-
creasing the sequence length of the generator, we gro@at@ens into a new token. Despite the
mismatch, we are able to obtain decent reseltg, KL-8 gives us 2.05 FIDys KL-16's 1.98 FID.
Further, this property allows us to investigate other tokenizegs, Consistency Decoder [35], a
non-VQ tokenizer of a different architecture/stride designed for different goals.

For comprehensiveness, we also train a KL-16 tokenizer on ImageNet using the code of [42], noting
that the original KL-16 in [42] was trained on Openlmages [28]. The comparison is in the last row
of Table 2. We use this tokenizer in the following explorations.



MLP wlo CFG w/ CFG Table 3:Denoising MLP in Diffusion Loss.
width paramsl FID# IS" ‘FID# IS" |inference time The denoising MLP is small and ef cient.

256 2M | 3.47 1953 2.45 274.0 0.286s/im. Here, the inference time involves the entire

512 6M |3.24 199.1 2.11 281.0 0.288s/im. generation model, and the Transformer's size
1024 21M | 2.85 214.0 1.97 291.2 0.288s/im. is407M. Settings: MAR-L, 400 epochs, Im-
1536 45M | 2.93 207.4 1.91 289.3 0.291s/im. ageNet 256 256, 3 MLP blocks.

Figure 4:Sampling steps of Diffusion Loss
We show the FID (left) and IS (right) w.r.t.
the number of diffusive sampling steps. Us-
ing 100 steps is suf cient to achieve a strong
generation quality.

Figure 5: Temperature of Diffusion Loss
Temperature has clear in uence on both
FID (left) and IS (right). Just like the temper-
ature indiscrete-valuedautoregression, the
temperature here also plays a critical role in
continuous-valuedutoregression.

Denoising MLP in Diffusion Loss. We investigate the denoising MLP in Table 3. Even a very
small MLP .g, 2M) can lead to competitive results. As expected, increasing the MLP width helps
improve the generation quality; we have explored increasing the depth and had similar observations.
Note that our default MLP size (1024 width, 21M) adds on§f6 extra parameters to the MAR-L
model. During inference, the diffusion sampler has a decent cost@¥ overall running time. In-
creasing the MLP width has negligible extra cost in our implementation (Table 3), partially because
the main overhead is not about computation but memory communication.

Sampling Steps of Diffusion Loss Our diffusion process follows the common practice of DDPM
[24, 10]: we train with a 1000-step noise schedule but inference with fewer steps. Figure 4 shows
that using 100 diffusion steps at inference is suf cient to achieve a strong generation quality.

Temperature of Diffusion Loss In the case of cross-entropy loss, the temperature is of central
importance. Diffusion Loss also offers a temperature counterpart for controlling the diversity and
delity. Figure 5 shows the in uence of the temperaturén the diffusion sampler (see Sec. 3.2) at
inference time. The temperaturgolays an important role in our models, similar to the observations

on cross-entropy-based counterparts (note that the cross-entropy results in Table 1 are with their
optimal temperatures).

5.2 Properties of Generalized Autoregressive Models

From AR to MAR . Table 1 is also a comparison on the AR/MAR variants, which we discuss
next. First, replacing the raster order in AR wiindomorder has a signi cant gaire.g, reducing

FID from 19.23 to 13.07 (w/o CFG). Next, replacing the causal attention withbithiesctional
counterpart leads to another massive gaig, reducing FID from 13.07 to 3.43 (w/o CFG).

The random-order, bidirectional AR is essentially a form of MAR that predicts one token at a time.
Predictingmultiple tokens (> 1') at each step can effectively reduce the number of autoregressive
steps. In Table 1, we show that the MAR variant with 64 steps slightly trades off generation quality.
A more comprehensive trade-off comparison is discussed next.

Speed/accuracy Trade-off Following MaskGIT [4], our MAR enjoys the exibility of predicting
multiple tokens at a time. This is controlled by the number of autoregressive steps at inference time.
Figure 6 plots the speed/accuracy trade-off. MAR has a better trade-off than its AR counterpart,
noting that AR is with the ef cient kv-cache.

With Diffusion Loss, MAR also shows a favorable trade-off in comparison with the recently popular
Diffusion Transformer (DiT) [37]. As a latent diffusion model, DiT models the interdependence



Figure 6:Speed/accuracy trade-ofbf the gener-
ation process. For MAR, a curve is obtained by
different autoregressive steps (8 to 128). For DiT,
acurve is obtained by different diffusion steps (50,
75, 150, 250) using its of cial code. We com-
pare our implementation of AR and MAR. AR is
with kv-cache for fast inference. AR/MAR model
size is L and DiT model size is DiT-XL. The star
marker denotes our default MAR setting used in
other ablations. We benchmark FID and speed on
ImageNet 256 256 using one A100 GPU with a
batch size of 256.

Table 4:System-level comparisoron ImageNet 256 256 conditional generation. Diffusion Loss
enables Masked Autoregression to achieve leading results in comparison with previous systems.
Y. LDM operates on continuous-valued tokens, though this result uses a quantized tokenizer.

wio CFG w/ CFG
#paramg FID# IS | Pre’ Rec' | FID# IS" |Pre’ Rec!
pixel-based
ADM [10] 554M | 10.94 101.0 0.69 0.63| 4.59 186.7 0.82 0.52
VDM ++ [26] 2B 2.40 225.% - - 212 267.7 - -
vector-quantized tokens
Autoreg. w/ VQGAN [13]| 1.4B | 15.78 78.3 - - - - - -
MaskGIT [4] 227M | 6.18 182.1 0.80 0.51| - - - -
MAGE [29] 230M | 6.93 195.8 - - - - - -
MAGVIT-v2 [55] 307M | 3.65 200.5 - - 1.78 319.4| - -
continuous-valued tokens
LDM-4Y [42] 400M | 10.56 103.5 0.71 0.62| 3.60 247.7| 0.87 0.48
U-ViT-H/2-G [2] 501M - - - - 2.29 263.9 0.82 0.57
DiT-XL/2 [37] 675M | 9.62 121.5 0.67 0.67| 2.27 278.2 0.83 0.57
Dif T [19] - - - - - 1.73 276.5 0.80 0.62
MDTv2-XL/2 [14] 676M | 5.06 155.6 0.72 0.66| 1.58 314.7| 0.79 0.65
GIVT [48] 304M | 5.67 - 0.75 0.59]| 3.35 - 0.84 0.53
MAR-B, Diff Loss 208M | 3.48 1924 0.78 0.58] 2.31 281.7/ 0.82 0.57
MAR-L, Diff Loss 479M | 2.60 221.4/ 0.79 0.60| 1.78 296.0 0.81 0.60
MAR-H, Diff Loss 943M | 2.35 227.8 0.79 0.62| 1.55 303.7| 0.81 0.62

acrossll tokens by the diffusion process. The speed/accuracy trade-off of DIT is mainly controlled
by its diffusion steps. Unlike our diffusion process on a small MLP, the diffusion process of DiT

involves theentire Transformer architecture. Our method is more accurate and faster. Notably, our
method can generate at a rate<o0.3 second per image with a strong FID<0R.0.

5.3 Benchmarking with Previous Systems

We compare with the leading systems in Table 4. We explore various model sizes (see Appendix B)
and train for 800 epochs. Similar to autoregressive language models [3], we observe encouraging
scaling behavior. Further investigation into scaling could be promising. Regarding metrics, we
report 2.35 FIDwithout CFG, largely outperforming other token-based methods. Our best entry has
1.55 FID and compares favorably with leading systems. Figure 7 shows qualitative results.

6 Discussion and Conclusion

The effectiveness of Diffusion Loss on various autoregressive models suggests new opportunities:
modeling theinterdependencef tokens by autoregression, jointly with tiper-tokendistribution

by diffusion. This is unlike the common usage of diffusion that models the joint distribution of all
tokens. Our strong results on image generation suggest that autoregressive models or their exten-
sions are powerful tools beyond language modeling. These models do not need to be constrained
by vector-quantized representations. We hope our work will motivate the research community to
explore sequence models with continuous-valued representations in other domains.



Figure 7:Qualitative Results. We show selected examples of class-conditional generation on Ima-
geNet 256 256 using MAR-H with Diffusion Loss.
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