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Figure 1. xAR: Autoregressive (AR) Visual Generation with Next-X Prediction. The proposed xAR adopts a general next-X prediction
framework, where X is a flexible prediction entity that can correspond to: (a) an individual image patch (as in vanilla AR [11]), (b) a cell
(a group of spatially contiguous tokens), (c) a subsample (a non-local grouping), (d) an entire image (as in flow-matching [28]), or (e) a
scale (coarse-to-fine resolution, similar to VAR [55]). We use red, green, blue, yellow to illustrate the first four AR prediction steps for
each entity example. The gray tokens represent the remaining tokens.

Abstract

Autoregressive (AR) modeling, known for its next-token
prediction paradigm, underpins state-of-the-art language
and visual generative models. Traditionally, a “token” is
treated as the smallest prediction unit, often a discrete sym-
bol in language or a quantized patch in vision. However, the
optimal token definition for 2D image structures remains an
open question. Moreover, AR models suffer from exposure
bias, where teacher forcing during training leads to error
accumulation at inference. In this paper, we propose xAR,
a generalized AR framework that extends the notion of a to-
ken to an entity X, which can represent an individual patch
token, a cell (a k × k grouping of neighboring patches),
a subsample (a non-local grouping of distant patches), a
scale (coarse-to-fine resolution), or even a whole image.
Additionally, we reformulate discrete token classification
as continuous entity regression, leveraging flow-matching

methods at each AR step. This approach conditions train-
ing on noisy entities instead of ground truth tokens, leading
to Noisy Context Learning, which effectively alleviates ex-
posure bias. As a result, xAR offers two key advantages:
(1) it enables flexible prediction units that capture differ-
ent contextual granularity and spatial structures, and (2)
it mitigates exposure bias by avoiding reliance on teacher
forcing. On ImageNet-256 generation benchmark, our base
model, xAR-B, outperforms DiT-XL/SiT-XL while achieving
20× faster inference. Meanwhile, xAR-H sets a new state-
of-the-art with an FID of 1.24, running 2.2× faster than the
previous best-performing model without relying on vision
foundation modules (e.g., DINOv2) or advanced guidance
interval sampling. Codes is publicly available at https:
//oliverrensu.github.io/project/xAR.

https://oliverrensu.github.io/project/xAR
https://oliverrensu.github.io/project/xAR


1. Introduction
Autoregressive (AR) models have driven major advances in
natural language processing (NLP) through next-token pre-
diction, where each token is generated from its preceding
tokens. This framework enables coherent, context-aware
text generation, with landmark models like GPT-3 [5] and
its successors [33, 34] setting new benchmarks across di-
verse NLP applications.

Building on the successes of AR modeling in NLP, re-
searchers have extended this framework to computer vision,
particularly for high-fidelity image generation [11, 23, 27,
54, 66, 69]. In these approaches, image patches are dis-
cretized into tokens [59] and reshaped into 1D sequences,
allowing AR models to predict each token sequentially.
However, unlike language, where tokens correspond to se-
mantically meaningful units such as words, vision lacks a
universally agreed-upon token definition. This naturally
raises the question: How can “next-token prediction” be
generalized to “next-X prediction,” and what constitutes the
most suitable X for image generation?

Additionally, beyond token design, traditional AR mod-
els rely on teacher forcing [63] during training, where
ground truth tokens are provided at each step instead of the
model’s own predictions. While this stabilizes training, it
introduces exposure bias [38], since the model is never ex-
posed to potential errors. Consequently, during inference,
without ground truth guidance, errors accumulate over time,
leading to cascading errors and context drift as the model
conditions solely on its past predictions.

To address these challenges, we propose xAR, a gen-
eral next-X prediction framework that reformulates discrete
token classification (conditioned on all preceding discrete
ground truth tokens) into a continuous entity regression
problem conditioned on all previous noisy entities. The re-
gression process is guided by flow-matching [28, 30] at each
AR step. As illustrated in Fig. 1, within this framework,
we explored different prediction entity X, including an in-
dividual patch token, a cell (a group of surrounding tokens),
a subsample (a non-local grouping), a scale (coarse-to-fine
resolution), or even an entire image.

Unlike teacher forcing [63], which always provides
ground truth inputs, xAR deliberately exposes the model
to noisy contexts during training, allowing it to learn from
imperfect, corrupted, or partially inaccurate conditions. We
refer to this approach as Noisy Context Learning (NCL), a
reformulation that reduces reliance on ground truth inputs,
improving robustness and mitigating exposure bias [38] by
enabling the model to generalize better during inference.

We demonstrate the effectiveness of xAR on the chal-
lenging ImageNet generation benchmark [9]. Through sys-
tematic experimentation with different X configurations,
we find that next-cell prediction—where neighboring to-
kens are grouped into moderately sized cells (e.g., 8×8
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Figure 2. ImageNet-256 Results. Our base model, xAR-B, out-
performs DiT-XL [36] and SiT-XL [32] while achieving 20× faster
inference, and our largest model, xAR-H, establishes a new state-
of-the-art with an FID of 1.24 on ImageNet-256.

tokens)—yields the best performance by capturing richer
spatial-semantic relationships. Leveraging both next-cell
prediction and Noisy Context Learning, our base model
xAR-B (172M) outperforms the large DiT-XL [36] and SiT-
XL [32] (675M) while achieving 20× faster inference. Ad-
ditionally, our largest model, xAR-H (1.1B), sets a new
state-of-the-art with an FID of 1.24 and runs 2.2× faster
than the previous best-performing model [70] on ImageNet-
256 [9], without relying on vision foundation models (e.g.,
DINOv2 [35]) or extra guidance interval sampling [25].

2. Related Work

AR Modeling in NLP. Autoregressive language models [5,
33, 34, 37, 56] have driven significant progress toward
general-purpose AI. Their core principle is simple yet pow-
erful: predicting the next token based on preceding con-
text. This approach has demonstrated impressive scala-
bility, guided by scaling laws, and adaptability, enabling
zero-shot generalization. These strengths have extended AR
modeling beyond traditional language tasks, influencing a
wide range of modalities.
AR Modeling in Vision. Inspired by the success of AR
modeling in NLP, researchers have explored its application
in vision [7, 39, 42–44, 46, 54, 55, 57, 66, 69]. A pio-
neering effort in this direction was PixelCNN [57], which
factorized the joint pixel distribution into a product of con-
ditionals, enabling the model to learn complex image dis-
tributions. This idea was further refined in PixelRNN [58],
which incorporated recurrent layers to capture richer con-
text in both horizontal and vertical directions. iGPT [7] ex-
tended this pixel-level approach by leveraging Transform-
ers [60] for next-pixel prediction. Beyond next-pixel mod-



eling, AR methods have shifted toward more abstract to-
ken representations. VQ-VAE [59] introduced discrete la-
tent codes that could be modeled autoregressively, offering
a compressed yet expressive representation of images. Later
models like Parti [66] and LlamaGen [54] combined these
learned tokens with Transformer-based architectures to gen-
erate high-fidelity images while maintaining scalable train-
ing. Recently, MAR [27] introduced a diffusion-based ap-
proach [19, 53] to model per-token probability distributions
in a continuous space, replacing categorical cross-entropy
with a diffusion loss. VAR [55] extended next-token pre-
diction to a coarse-to-fine scale prediction paradigm, pro-
gressively refining image details. Our work unifies these
approaches under a general next-X prediction framework,
where X can flexibly represent tokens, scales, or our newly
introduced cells, providing a more flexible and generaliz-
able formulation for autoregressive visual modeling.
Diffusion and Flow Matching. Beyond autoregressive
modeling, diffusion [19, 45, 52, 53] and flow matching [12,
16, 28, 30, 40, 41, 51, 64] have surpassed Generative Adver-
sarial Networks (GANs) [14, 50] by employing multi-step
denoising. Latent Diffusion Models (LDMs) [47] improve
speed and scalability by operating in a compressed latent
space [24] instead of raw pixels. Building on this, DiT [36]
and U-ViT [3] replace the traditional convolution-based U-
Net [48] with Transformers [60] in latent space, further
enhancing performance. Simple Diffusion [20, 21] intro-
duces a streamlined approach for scaling pixel-space diffu-
sion models to high-resolution outputs, while DiMR [29]
progressively refines features across multiple scales, im-
proving detail from low to high resolution. In parallel, flow
matching [28, 30] reformulates the generative process by di-
rectly mapping data distributions to a standard normal dis-
tribution, simplifying the transition from noise to structured
data. SiT [32] builds on this by integrating flow match-
ing into DiT’s Transformer backbone for more efficient dis-
tribution alignment. Extending this approach, SD3 [12]
introduces a Transformer-based architecture that leverages
flow matching for text-to-image generation. REPA [70] re-
fines denoising by aligning noisy intermediate states with
clean image embeddings extracted from pretrained visual
encoders [35].

3. Method
In this section, we first provide an overview of autore-
gressive modeling with the next-token prediction paradigm
in Sec. 3.1, followed by our proposed xAR framework with
next-X prediction and Noisy Context Learning in Sec. 3.2.

3.1. Preliminary: Next-Token Prediction
Autoregressive modeling with next-token prediction is a
fundamental approach in language modeling where the joint
probability of a token sequence is factorized into a prod-

uct of conditional probabilities. Formally, given a sequence
x = {x1, x2, . . . , xN}, the model estimates

P (x) =

N∏
n=1

P
(
xn | x1, x2, . . . , xn−1

)
. (1)

In practice, an autoregressive language model predicts the
next token xn through token classification, conditioned on
all preceding tokens {x1, x2, . . . , xn−1}. This process pro-
ceeds sequentially from left to right (i.e., n = {1, . . . , N})
until the full sequence is generated. For visual generation, a
VQ tokenizer [11, 59] discretizes an image into a sequence
of tokens. An autoregressive visual generation model then
follows the next-token prediction paradigm, sequentially
predicting tokens through classification conditioned on pre-
viously generated tokens. However, directly applying the
next-token prediction paradigm to visual generation intro-
duces several challenges:
Information Density. In NLP, each token (e.g., a word)
carries rich semantic meaning. In contrast, visual tokens
typically represent small image patches, which may not be
as semantically meaningful in isolation. A single patch can
contain fragments of different objects or textures, making it
difficult for the model to infer meaningful relationships be-
tween consecutive patches. Additionally, the quantization
process in VQ-VAE [59] can discard fine details, leading to
lower-quality reconstructions. As a result, even if the model
predicts the next token correctly, the generated image may
still appear blurry or lack detail.
Accumulated Errors. Teacher forcing [63], a common
training strategy, feeds the model ground truth tokens to
stabilize learning. However, this reliance on perfect con-
text causes exposure bias [2, 17]—the model never learns
to recover from its potential mistakes. During inference,
when it must condition on its own predictions, small errors
can accumulate over time, leading to compounding artifacts
and degraded output quality.

To address these challenges, we extend next-token pre-
diction to next-X prediction, transitioning from traditional
AR to xAR. This is accomplished by introducing a more
expressive prediction entity X and training the model with
noisy entities for improved robustness.

3.2. The Proposed xAR
We introduce xAR, which consists of two key components:
next-X prediction (Sec. 3.2.1) and Noisy Context Learning
(Sec. 3.2.2). We first detail each component, then describe
the inference strategy (Sec. 3.2.3), followed by a discussion
on how xAR enhances visual generation (Sec. 3.2.4).

3.2.1. Next-X Prediction
Given an image, we use an off-the-shelf VAE [24] (instead
of VQ-VAE [59] to avoid quantization loss) to convert it
into a continuous latent I ∈ R

H
f ×W

f ×C , where H and W



denote image height and width, f is the downsampling rate
(we use f = 16 [27]), and C represents the number of chan-
nels. We then construct a sequence of prediction entities
X = {X1, X2, . . . , XN} based on I . Each Xi is a flexi-
ble entity that can represent an individual token (an image
patch), a cell (a group of surrounding tokens), a subsample
(a non-local grouping), a scale (coarse-to-fine resolution),
or even an entire image. We outline common choices for
X below and refer readers to Fig. 1 for visualization and
Algorithm 1 for a PyTorch pseudo-code implementation.
Individual Patch Token (Fig. 1 (a)). When Xi corresponds
to a single image patch, xAR reduces to standard AR mod-
eling, where each token is predicted sequentially.
Cell (Fig. 1 (b)). The image is divided into an m×m grid,
where each cell has k × k spatially adjacent tokens1.
Subsample (Fig. 1 (c)). Entities are created by spatially and
uniformly subsampling the image grid [11].
Entire Image (Fig. 1 (d)). As an extreme case, all tokens
are grouped into a single entity, i.e., X = X1 = I , trans-
forming xAR into a flow matching method [28, 30].
Scale (Fig. 1 (e)). A multi-scale hierarchical representation
is constructed, similar to VAR [55]. Given any scale design
{s1, . . . , sN}, we define Xi = resize(I, si), where resize
refers to resizing the latent I to the target scale si. By de-
fault, we set XN = I ∈ R

H
f ×W

f ×C (i.e., sN = H
f ), and

define Xi = resize(I, H
f · 1

2N−i ) (i.e., si = H
f · 1

2N−i ) which
progressively refines predictions from coarse to fine scales.
Unlike VAR [55], our approach generalizes next-scale pre-
diction to any scale configuration and does not require a
specially designed multi-scale VQGAN tokenizer.
Default Choice of X. Extensive ablation studies in Sec. 4.2
show that cell (with a size of 8×8 tokens) achieves the best
performance among all X designs. Therefore, unless speci-
fied otherwise, xAR adopts 8×8 cells as the default X.

3.2.2. Noisy Context Learning
xAR transitions the paradigm from “discrete token classifi-
cation” (conditioned on all preceding ground truth tokens)
to “continuous entity regression” (conditioned on all previ-
ous noisy entities). Specifically, unlike traditional AR mod-
eling, which directly classifies Xn based on all preceding
ground truth entities {X1, . . . , Xn−1}, xAR predicts Xn

by minimizing a regression loss derived from flow match-
ing [28, 30], conditioned on all previous noisy entities.

During training, we randomly sample n noise time
steps {t1, . . . , tn} ⊂ [0, 1], and draw n noise samples
{ϵ1, . . . , ϵn} from the source Gaussian noise distribution.
Specifically, at the n-th AR step, the noise samples are
drawn as ϵn ∼ N (0, I), where ϵn and Xn share the same

1We also experimented with rectangular cells (e.g., cells with shape
k/2× 2k or 2k × k/2), but observed no significant difference compared
to squared cells. Thus, we adopt the simpler squared cell design.

Algorithm 1 PyTorch Pseudo-Code for General Entity X
from einops import rearrange
import torch
import torch.nn.functional as F
class xAR(nn.Module):

# Construct a sequence of entities based on the input latent.
# Input: A continuous latent with shape (b, c, h, w).
# Return: A sequence of entities with shape (b, s, c).

def latent2token(self, latent):
return latent.flatten(2).permute(0,2,1)

def latent2cell(self, latent, k):
# k: Group k × k spatially neighboring tokens into one cell.
return rearrange(latent, ”b c (h k1) (w k2) -> b (h w k1 k2) c”,

k1=k, k2=k)
def latent2subsample(self, latent, distance):

# distance: Group tokens based on evenly spaced distances.
return rearrange(latent, ”b c (d1 h) (d2 w) -> b (h w d1 d2) c”,

d1=distance, d2=distance)
def latent2scale(self, latent, scales):

# scales: A sequence of scale design.
entities = [F.interpolate(latent, (i,i)).flatten(2).permute(0,2,1) for i

in scales]
entities = torch.cat(entities, dim=1)
return entities

shape [47]. We construct the interpolated input F tn
n as:

F tn
n =

(
1− tn

)
Xn + tnϵn. (2)

Note that in F , the superscript denotes the flow-matching
noise time step, while the subscript represents the AR time
step. We then define the velocity V tn

n as:

V tn
n =

dF tn
n

dtn
= ϵn −Xn,

(3)

where V tn
n represents the directional flow from F tn

n toward
Xn, guiding the transformation from the source to the target
distribution.

The model is trained to predict the velocity V tn
n using all

preceding and current noisy entities {F t1
1 , . . . , F tn

n }:

L =

N∑
n=1

∥∥∥xAR
(
{F t1

1 , . . . , F tn
n }, tn; θ

)
− V tn

n

∥∥∥2, (4)

where xAR denotes our xAR model parameterized by θ.
We refer to this scheme as Noisy Context Learning

(NCL), where the model is trained by conditioning on
all previous noisy entities rather than perfect ground truth
inputs. This effectively reduces reliance on clean train-
ing signals, improving robustness and mitigating exposure
bias [38]. Fig. 3 (Training) provides an illustration of NCL.
Notably, when sampling the time steps {t1, . . . , tn} ⊂
[0, 1], no constraints are imposed (e.g., we do not enforce
t1 > t2), allowing the model to experience varying degrees
of noise in preceding entities, strengthening its adaptability
during inference.
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Figure 3. Conditioning Mechanism Comparison between Vanilla AR vs. xAR. During training, vanilla AR conditions on all preceding
ground truth tokens (i.e., Teacher Forcing), whereas xAR conditions on all previous noisy entities, each with different noises (i.e., Noisy
Context Learning). At inference, vanilla AR suffers from exposure bias, as errors accumulate over AR steps due to its exclusive training
on ground truth tokens, leaving it unprepared for imperfect predictions. In contrast, xAR, trained to handle noisy inputs, reduces reliance
on ground truth signals and improves robustness to prediction errors.

3.2.3. Inference Scheme
xAR performs autoregressive prediction at the level of en-
tity X. Since “cell” is the default choice for X, we use it
as a concrete example. As illustrated in Fig. 3 (Inference),
xAR begins by predicting an initial cell X̂1 from a Gaussian
noise sample ϵ1 ∼ N (0, I) (where ϵ1 has the same shape as
X̂1) via flow matching [28, 30]. Conditioned on the clean
estimate X̂1, xAR generates the next cell X̂2 from another
Gaussian noise sample ϵ2. This process continues autore-
gressively, where at the i-th AR step, the model predicts the
next cell X̂i based on all previously generated clean cells
{X̂1, · · · , X̂i−1} and the newly drawn Gaussian noise sam-
ple ϵi. This iterative approach progressively refines the im-
age, ensuring structured and context-aware generation at the
cell level.

3.2.4. Discussion
As discussed in Sec. 3.1, traditional AR modeling for visual
generation faces two key challenges: information density
and accumulated errors. The proposed xAR is designed to
address these limitations.
Semantic-Rich Prediction Entity. A cell (i.e., a k × k
grouping of spatially contiguous tokens) aggregates neigh-
boring tokens, effectively capturing both local structures
(e.g., edges, textures) and regional contexts (e.g., small ob-
jects or parts of larger objects). This leads to richer semantic
representations compared to single-token predictions. By

modeling relationships within the cell, the model learns to
generate coherent local and regional features, shifting from
isolated token-level predictions to holistic patterns. Addi-
tionally, predicting a cell rather than an individual token al-
lows the model to reason at a higher abstraction level, akin
to how NLP models predict words instead of characters.
The larger receptive field per prediction step contributes
more semantic information, bridging the gap between low-
level visual patches and high-level semantics.

Robustness to Previous Prediction Errors. The Noisy
Context Learning (NCL) strategy trains the model on noisy
entities instead of perfect ground truth inputs, reducing
over-reliance on pristine contexts. This alignment between
training and inference distributions enhances the model’s
ability to handle errors in self-generated predictions. By
conditioning on imperfect contexts, xAR learns to toler-
ate minor inaccuracies, preventing small errors from com-
pounding into cascading errors. Additionally, exposure to
noisy inputs encourages smoother representation learning,
leading to more stable and consistent generations.

4. Experimental Results

In this section, we present the main results in Sec. 4.1, fol-
lowed by ablation studies on key design choices in Sec. 4.2.



type model #params FID↓ IS↑ Precision↑ Recall↑
GAN BigGAN [4] 112M 6.95 224.5 0.89 0.38
GAN GigaGAN [22] 569M 3.45 225.5 0.84 0.61
GAN StyleGan-XL [50] 166M 2.30 265.1 0.78 0.53
Diffusion ADM [10] 554M 10.94 101.0 0.69 0.63
Diffusion LDM-4-G [47] 400M 3.60 247.7 - -
Diffusion Simple-Diffusion [20] 2B 2.44 256.3 - -
Diffusion DiT-XL/2 [36] 675M 2.27 278.2 0.83 0.57
Diffusion L-DiT-3B [1] 3.0B 2.10 304.4 0.82 0.60
Diffusion DiMR-G/2R [29] 1.1B 1.63 292.5 0.79 0.63
Diffusion MDTv2-XL/2 [13] 676M 1.58 314.7 0.79 0.65
Diffusion CausalFusion-H† [8] 1B 1.57 - - -
Flow-Matching SiT-XL/2 [32] 675M 2.06 277.5 0.83 0.59
Flow-Matching REPA [70] 675M 1.80 284.0 0.81 0.61
Flow-Matching REPA† [70] 675M 1.42 305.7 0.80 0.65
Mask. MaskGIT [6] 227M 6.18 182.1 0.80 0.51
Mask. TiTok-S-128 [68] 287M 1.97 281.8 - -
Mask. MAGVIT-v2 [67] 307M 1.78 319.4 - -
Mask. MaskBit [62] 305M 1.52 328.6 - -
AR VQVAE-2 [39] 13.5B 31.11 ∼45 0.36 0.57
AR VQGAN [11] 227M 18.65 80.4 0.78 0.26
AR VQGAN [11] 1.4B 15.78 74.3 - -
AR RQTran. [26] 3.8B 7.55 134.0 - -
AR ViTVQ [65] 1.7B 4.17 175.1 - -
AR DART-AR [15] 812M 3.98 256.8 - -
AR MonoFormer [71] 1.1B 2.57 272.6 0.84 0.56
AR Open-MAGVIT2-XL [31] 1.5B 2.33 271.8 0.84 0.54
AR LlamaGen-3B [54] 3.1B 2.18 263.3 0.81 0.58
AR FlowAR-H [44] 1.9B 1.65 296.5 0.83 0.60
AR RAR-XXL [69] 1.5B 1.48 326.0 0.80 0.63
MAR MAR-B [27] 208M 2.31 281.7 0.82 0.57
MAR MAR-L [27] 479M 1.78 296.0 0.81 0.60
MAR MAR-H [27] 943M 1.55 303.7 0.81 0.62
VAR VAR-d16 [55] 310M 3.30 274.4 0.84 0.51
VAR VAR-d20 [55] 600M 2.57 302.6 0.83 0.56
VAR VAR-d30 [55] 2.0B 1.97 323.1 0.82 0.59
xAR xAR-B 172M 1.72 280.4 0.82 0.59
xAR xAR-L 608M 1.28 292.5 0.82 0.62
xAR xAR-H 1.1B 1.24 301.6 0.83 0.64

Table 1. Generation Results on ImageNet-256. Metrics include Fréchet Inception Distance (FID), Inception Score (IS), Precision, and
Recall. † denotes the use of guidance interval sampling [25]. The proposed xAR-H achieves a state-of-the-art 1.24 FID on the ImageNet-
256 benchmark without relying on vision foundation models (e.g., DINOv2 [35]) or guidance interval sampling [25], as used in REPA [70].

4.1. Main Results

We conduct experiments on ImageNet [9] at 256×256 and
512×512 resolutions. Following prior works [27, 36],
we evaluate model performance using FID [18], Inception
Score (IS) [49], Precision, and Recall. xAR is trained with
the same hyper-parameters as [27, 36] (e.g., 800 training

epochs), with model sizes ranging from 172M to 1.1B pa-
rameters. See Appendix A for hyper-parameter details.
ImageNet-256. In Tab. 1, we compare xAR with pre-
vious state-of-the-art generative models. Out best vari-
ant, xAR-H, achieves a new state-of-the-art-performance
of 1.24 FID, outperforming the GAN-based StyleGAN-
XL [50] by 1.06 FID, masked-prediction-based MaskBit [6]



model #params FID↓ IS↑
VQGAN [11] 227M 26.52 66.8
BigGAN [4] 158M 8.43 177.9
MaskGiT [6] 227M 7.32 156.0

DiT-XL/2 [36] 675M 3.04 240.8
DiMR-XL/3R [29] 525M 2.89 289.8

VAR-d36 [55] 2.3B 2.63 303.2
REPA‡ [70] 675M 2.08 274.6

xAR-L 608M 1.70 281.5

Table 2. Generation Results on ImageNet-512. ‡ denotes the use
of DINOv2 [35].

by 0.28 FID, AR-based RAR [69] by 0.24 FID, VAR [55]
by 0.73 FID, MAR [27] by 0.31 FID, and flow-matching-
based REPA [70] by 0.18 FID. Notably, xAR does not rely
on vision foundation models [35] or guidance interval sam-
pling [25], both of which were used in REPA [70], the pre-
vious best-performing model. Additionally, our lightweight
xAR-B (172M), surpasses DiT-XL (675M) [36] by 0.55
FID while achieving an inference speed of 9.8 images per
second—20× faster than DiT-XL (0.5 images per second).
Detailed speed comparison can be found in Appendix B.
ImageNet-512. In Tab. 2, we report the performance of
xAR on ImageNet-512. Similarly, xAR-L sets a new state-
of-the-art FID of 1.70, outperforming the diffusion based
DiT-XL/2 [36] and DiMR-XL/3R [29] by a large margin
of 1.34 and 1.19 FID, respectively. Additionally, xAR-L
also surpasses the previous best autoregressive model VAR-
d36 [55] and flow-matching-based REPA [70] by 0.93 and
0.38 FID, respectively.
Qualitative Results. Fig. 4 presents samples generated by
xAR (trained on ImageNet) at 512×512 and 256×256 res-
olutions. These results highlight xAR’s ability to produce
high-fidelity images with exceptional visual quality.

4.2. Ablation Studies
In this section, we conduct ablation studies using xAR-B,
trained for 400 epochs to efficiently iterate on model design.
Prediction Entity X. The proposed xAR extends next-
token prediction to next-X prediction. In Tab. 3, we evaluate
different designs for the prediction entity X, including an in-
dividual patch token, a cell (a group of surrounding tokens),
a subsample (a non-local grouping), a scale (coarse-to-fine
resolution), and an entire image.

Among these variants, cell-based xAR achieves the best
performance, with an FID of 2.48, outperforming the token-
based xAR by 1.03 FID and surpassing the second best
design (scale-based xAR) by 0.42 FID. Furthermore, even
when using standard prediction entities such as tokens, sub-
samples, images, or scales, xAR consistently outperforms
existing methods while requiring significantly fewer param-
eters. These results highlight the efficiency and effective-

model
prediction

entity #params FID↓ IS↑

LlamaGen-L [54] token 343M 3.80 248.3
xAR-B 172M 3.51 251.4

PAR-L [61] subsample 343M 3.76 218.9
xAR-B 172M 3.58 231.5

DiT-L/2 [36] image 458M 5.02 167.2
xAR-B 172M 3.13 253.4

VAR-d16 [55] scale 310M 3.30 274.4
xAR-B 172M 2.90 262.8
xAR-B cell 172M 2.48 269.2

Table 3. Ablation on Prediction Entity X. Using cells as the
prediction entity outperforms alternatives such as tokens or entire
images. Additionally, under the same prediction entity, xAR sur-
passes previous methods, demonstrating its effectiveness across
different prediction granularities. xAR-B is trained 400 epochs.

cell size (k × k tokens) m×m grid FID↓ IS↑
1× 1 16× 16 3.51 251.4
2× 2 8× 8 3.04 253.5
4× 4 4× 4 2.61 258.2
8× 8 2× 2 2.48 269.2

16× 16 1× 1 3.13 253.4

Table 4. Ablation on the cell size. In this study, a 16 × 16 con-
tinuous latent representation is partitioned into an m × m grid,
where each cell consits of k×k neighboring tokens. A cell size of
8 × 8 achieves the best performance, striking an optimal balance
between local structure and global context. Settings: xAR-B, 400
epochs.

ness of xAR across diverse prediction entities.
Cell Size. A prediction entity cell is formed by grouping
spatially adjacent k × k tokens, where a larger cell size in-
corporates more tokens and thus captures a broader context
within a single prediction step. For a 256 × 256 input im-
age, the encoded continuous latent representation has a spa-
tial resolution of 16 × 16. Given this, the image can be
partitioned into an m×m grid, where each cell consists of
k × k neighboring tokens. As shown in Tab. 4, we evaluate
different cell sizes with k ∈ {1, 2, 4, 8, 16}, where k = 1
represents a single token and k = 16 corresponds to the en-
tire image as a single entity. We observe that performance
improves as k increases, peaking at an FID of 2.48 when
using cell size 8×8 (i.e., k = 8). Beyond this, performance
declines, reaching an FID of 3.13 when the entire image
is treated as a single entity. These results suggest that us-
ing cells rather than the entire image as the prediction unit
allows the model to condition on previously generated con-
text, improving confidence in predictions while maintaining
both rich semantics and local details.
Noisy Context Learning. During training, xAR employs
Noisy Context Learning (NCL), predicting Xn by condi-



Figure 4. Generated Samples. xAR generates high-quality images at resolutions of 512×512 (1st row) and 256×256 (2nd and 3rd row).

previous cell noise time step FID↓ IS↑
clean ti = 0,∀i < n 3.45 243.5

increasing noise t1 < t2 < · · · < tn−1 2.95 258.8
decreasing noise t1 > t2 > · · · > tn−1 2.78 262.1

random noise no constraint 2.48 269.2

Table 5. Ablation on Noisy Context Learning. This study ex-
amines the impact of noise time steps (t1, · · · , tn−1 ⊂ [0, 1]) in
previous entities (t = 0 represents pure Gaussian noise). Condi-
tioning on all clean entities (the “clean” variant) results in subop-
timal performance. Imposing an order on noise time steps, either
“increasing noise” or “decreasing noise”, also leads to inferior re-
sults. The best performance is achieved with the ”random noise”
setting, where no constraints are imposed on noise time steps. Set-
tings: xAR-B, 400 epochs.

tioning on all previous noisy entities, unlike Teacher Forc-
ing. The noise intensity of previous entities is contorlled by
noise time steps {t1, . . . , tn−1} ⊂ [0, 1], where t = 0 cor-
responds to pure Gaussian noise. We analyze the impact of
NCL in Tab. 5. When conditioning on all clean entities (i.e.,
the “clean” variant, where ti = 0,∀i < n), which is equiv-
alent to vanilla AR (i.e., Teacher Forcing), the suboptimal
performance is obtained. We also evaluate two constrained

noise schedules: the “increasing noise” variant, where noise
time steps increase over AR steps (t1 < t2 < · · · < tn−1),
and the “ decreasing noise” variant, where noise time steps
decrease (t1 > t2 > · · · > tn−1). While both settings im-
prove over the “clean” variant, they remain inferior to our
final “random noise” setting, where no constraints are im-
posed on noise time steps, leading to the best performance.

5. Conclusion

In this work, we introduced xAR, a general next-X predic-
tion framework for autoregressive visual generation. Un-
like traditional next-token prediction, xAR reformulates
discrete token classification as continuous entity regression,
enabling more flexible and semantically meaningful predic-
tion units. Through systematic exploration, we found that
next-cell prediction provides the best balance between local
structure and global coherence. To mitigate exposure bias,
we proposed Noisy Context Learning (NCL), which trains
the model on noisy entities instead of pristine ground truth
inputs, improving robustness and reducing cascading errors.
As a result, xAR achieves state-of-the-art performance on
ImageNet-256 and ImageNet-512.
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