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Abstract

Autoregressive models, built based on the Next Token Pre-
diction (NTP) paradigm, show great potential in developing
a unified framework that integrates both language and vision
tasks. Pioneering works introduce NTP to autoregressive vi-
sual generation tasks. In this work, we rethink the NTP for
autoregressive image generation and extend it to a novel Next
Patch Prediction (NPP) paradigm. Our key idea is to group
and aggregate image tokens into patch tokens with higher
information density. By using patch tokens as a more com-
pact input sequence, the autoregressive model is trained to
predict the next patch, significantly reducing computational
costs. To further exploit the natural hierarchical structure of
image data, we propose a multi-scale coarse-to-fine patch
grouping strategy. With this strategy, the training process be-
gins with a large patch size and ends with vanilla NTP where
the patch size is 1×1, thus maintaining the original inference
process without modifications. Extensive experiments across
a diverse range of model sizes demonstrate that NPP could
reduce the training cost to ∼ 0.6× while improving image
generation quality by up to 1.0 FID score on the ImageNet
256×256 generation benchmark. Notably, our method retains
the original autoregressive model architecture without intro-
ducing additional trainable parameters or specifically design-
ing a custom image tokenizer, offering a flexible and plug-
and-play solution for enhancing autoregressive visual gener-
ation.

Introduction
Autoregressive models, foundational to large language mod-
els (LLMs) (Vaswani et al. 2017; Devlin et al. 2018; Zhang
et al. 2022), generate content through the prediction of sub-
sequent tokens in a sequence. This Next Token Prediction
(NTP) paradigm enables LLMs to excel in a variety of natu-
ral language processing tasks, exhibiting human-like conver-
sational abilities (Ouyang et al. 2022; Touvron et al. 2023;
Bai et al. 2023; Yang et al. 2023; Team 2023; Bi et al.
2024) and demonstrating remarkable scalability (Kaplan
et al. 2020a; Henighan et al. 2020; Hoffmann et al. 2022;
Wei et al. 2022; Alabdulmohsin, Neyshabur, and Zhai 2022;
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Figure 1: Comparison of NPP and baseline methods. Our
method on a diverse range of models achieves higher FID
scores with significantly less training cost on the ImageNet
256×256 benchmark.

Chowdhery et al. 2023; Anil et al. 2023). Such advance-
ments illustrate the potential for achieving general-purpose
artificial intelligence systems. Inspired by the success of
autoregressive models in the language domain, their appli-
cations for image generation have been widely explored.
Notable approaches, including VQVAE (Van Den Oord,
Vinyals et al. 2017), VQGAN (Esser, Rombach, and Ommer
2021) introduce image tokenizers that convert continuous
images into discrete tokens, employing autoregressive mod-
els to sequentially generate these tokens, thereby achieving
image generation. In parallel, diffusion models (Ho, Jain,
and Abbeel 2020) emerge as a distinct and rapidly evolving
paradigm in image generation. However, the fundamental
differences in the underlying methodologies of autoregres-
sive and diffusion models pose significant challenges for de-
veloping a unified framework that integrates both language
and vision tasks.

More recently, a pioneering work LlamaGen (Sun et al.
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Figure 2: Motivation of the next patch prediction. a). Illustration of next token prediction. b). Demonstration of the proposed
next patch prediction. c). Generation results on the ImageNet benchmark. Please zoom in to view.

2024) achieves the next token prediction paradigm for im-
age generation with a vanilla autoregressive model, Llama,
bringing the field one step closer to building a unified model
between language and vision. However, directly applying
NTP from the language domain to the image domain may
lead to suboptimal performance due to the distinct proper-
ties of the two different modalities.

In this work, we follow the NTP paradigm as shown in
Figure 2 a) for autoregressive image generation and rethink
the modeling of the NTP paradigm in the following aspects.

(I). The NTP paradigm, widely successful in large lan-
guage models, leverages the high information density of text
tokens. However, image tokens typically exhibit lower in-
formation density due to the inherently redundant nature of
image data (He et al. 2022). Our key insight is to aggregate
multiple image tokens into high information density units
referred to as patches1, which can potentially enhance the
performance of autoregressive image generation.

(II).Transformer-based autoregressive models incur sub-
stantial computational costs during training, with the total
cost approximately scaling as C ≈ 6WN (Kaplan et al.
2020b), where W represents the number of model parame-
ters and N denotes the input sequence length. While main-
taining the model architecture, we could manage to reduce
the input sequence length of image tokens, thus improving
training efficiency.

(III).Unlike language data, image modality inherently ex-
hibits hierarchical property in both understanding and gen-
eration tasks. This observation suggests that autoregressive
image generation could benefit from a multi-scale, coarse-
to-fine modeling strategy, which has the potential to improve
generation quality and training efficiency.

1Here, we define a patch as containing multiple image tokens
originally encoded by the VQVAE encoder.

Building on these insights, we introduce Next Patch Pre-
diction (NPP) as shown in Figure 2 b), a simple yet effec-
tive method for autoregressive visual generation. Specifi-
cally, the input image tokens are grouped and aggregated
into patch tokens with higher information density through
an intra-patch average operation. With the resulting patch to-
kens as a shorter input sequence, the autoregressive model is
trained to predict the next patch, thus significantly reducing
the computational cost. To further exploit the hierarchical
nature of images, we propose a multi-scale patch grouping
strategy that progressively refines predictions in a coarse-to-
fine manner, seamlessly extending the vanilla NTP paradigm
to our novel NPP paradigm. Specifically, the training pro-
cess starts with a large patch size and ends with vanilla NTP
where the patch size is 1×1, thus preserving the original
inference stage without requiring modifications. Extensive
experiments show that our method not only enhances train-
ing efficiency but also improves the generation quality. As
shown in Figure 1, experiments on a diverse range of mod-
els from 100M to 1.4B parameters demonstrate that the NPP
paradigm could reduce the training cost to ∼ 0.6× while im-
proving image generation quality by up to 1.0 FID score on
the ImageNet 256×256 generation benchmark. Some of the
generation results are shown in Figure 2 c). We highlight
that our method retains the original autoregressive model ar-
chitecture without introducing additional trainable parame-
ters or specifically designing a custom image tokenizer. This
ensures flexibility for seamless adaptation to various autore-
gressive models addressing visual generation tasks.

To sum up, this work contributes in the following ways:

• We propose a simple yet effective method to aggregate
image tokens into high information density patch to-
kens. Meanwhile, with patch tokens as a shorter input se-
quence, our approach enables the autoregressive model
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to efficiently process and predict the next patch tokens,
significantly lowering computational costs.

• Leveraging the hierarchical property of image modality,
we further introduce a multi-scale patch strategy to seam-
lessly extend the next token prediction paradigm to our
novel next patch prediction paradigm.

• Experiments on a diverse range of models demonstrate
that our method could reduce the training cost to ∼ 0.6×
while improving image generation quality by up to 1.0
FID score on the ImageNet generation benchmark.

Related Works

Visual Generation

Generative adversarial networks (GANs) (Goodfellow et al.
2014) are the pioneering method for visual generation in the
deep learning era, focusing on learning to generate realistic
images through adversarial training. Inspired by language
model architectures, BERT-style models (Chang et al. 2022,
2023; Yu et al. 2023) emerge, using masked-prediction tech-
niques to learn to predict missing parts of images, much like
how BERT predicts masked words in text. Diffusion mod-
els (Ho, Jain, and Abbeel 2020; Rombach et al. 2022; Pee-
bles and Xie 2023; Podell et al. 2023; Esser et al. 2024)
introduce a novel approach, treating visual generation as a
reverse diffusion process, where images are gradually de-
noised from Gaussian noise through a series of steps. Au-
toregressive models (Esser, Rombach, and Ommer 2021;
Ramesh et al. 2021; Yu et al. 2022), inspired by GPT, predict
the next token in a sequence. These methods often involve
an image tokenization step (Kingma and Welling 2013; Van
Den Oord, Vinyals et al. 2017), converting pixel space into
a more semantically meaningful representation and train-
ing the autoregressive model with encoded tokens. Some
works (Han et al. 2024; Li et al. 2024b) focus on image to-
kenizer for better compression and reconstruction of image
data, which is also crucial for the image generation quality.

Recently, a pioneering work LlamaGen (Sun et al. 2024)
introduced the next token prediction paradigm for image
generation with a vanilla autoregressive model. VAR (Tian
et al. 2024) proposes a novel next scale prediction, however,
requiring a specialized multi-scale tokenizer and incurring
longer input token sequences. In this work, we follow Lla-
maGen for autoregressive visual generation and extend the
next token prediction paradigm to our novel next patch pre-
diction. Concurrently, a series of works (Pang et al. 2024; Yu
et al. 2024; He et al. 2024; Wang et al. 2024b) explore differ-
ent novel modeling strategies for autoregressive visual gen-
erations, including next random token prediction, and paral-
lelized tokens prediction. However, these works do not fo-
cus on training efficiency and largely modify the autoregres-
sive property, inevitably introducing additional complexity
to the model. In contrast, our method focuses on training
efficiency and preserves the original autoregressive model
architecture without introducing additional trainable param-
eters or specifically designing a custom image tokenizer.

Multimodal Foundation Models
Recent advancements in large language models and vision-
and-language models (Liu et al. 2024) have demonstrated
impressive capabilities in various language and vision tasks.
However, unifying the understanding and generation tasks
in multimodal large language models is still being explored.
Most existing approaches (Sun et al. 2023; Li et al. 2024a)
focus on integrating diffusion models with other existing
pre-trained models, rather than adopting a unified next-token
prediction paradigm. These methods often require com-
plex designs to link two distinct training paradigms, which
makes scaling up more challenging and inevitably discon-
nects visual token sampling from the multimodal large lan-
guage models. Some pioneering efforts (Lu et al. 2022;
Team 2024; Wang et al. 2024a) explore incorporating image
generation into large language models using an autoregres-
sive approach, achieving promising results. However, most
of them directly adopt the next token prediction paradigm
without exploring novel autoregressive visual generation ap-
proaches. In this work, our method does not introduce addi-
tional trainable parameters or specifically design a custom
image tokenizer, ensuring flexibility for seamless adaptation
to various autoregressive image generation tasks, including
unified vision-language models for understanding and gen-
eration tasks.

Method
Preliminaries
We outline the vanilla NTP as shown in Figure 3 b). An in-
put image is first encoded into a sequence of discrete to-
kens x = [x1, x2, ..., xK ] by a pre-trained VQVAE encoder.
The autoregressive model is trained to model the probability
distribution of a sequence based on a forward autoregres-
sive factorization. Specifically, the training objective is to
maximize the joint probability of predicting the current to-
ken xk given the condition token c and all preceding tokens
[x1, x2, ..., xk−1]:

max
θ

pθ(x) =

K∏
k=1

pθ(xk|c, x1, x2, · · · , xk−1), (1)

where pθ represents the token distribution predictor with an
autoregressive model parameterized by θ. The model utilizes
a stack of transformer layers with causal attention, com-
monly known as a decoder-only transformer. During the in-
ference stage, the model takes a class token as the condition
and generates the following image tokens in an autoregres-
sive manner. In this work, we focus on exploring the model-
ing method for input token sequence and retain the original
autoregressive model architecture without introducing addi-
tional trainable parameters or specifically signing a custom
image tokenizer.

Next Patch Prediction
We introduce the Next Patch Prediction paradigm in Fig-
ure 3 a). The input image is initially encoded into image
token indexes, which are then mapped to token embeddings
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Figure 3: Next Patch Prediction.

of sequence length N . Considering the naturally low infor-
mation density of image data, our key idea is to aggregate
multiple tokens into groups of units containing higher in-
formation density. Specifically, we group tokens into non-
overlapping patches and generate a sequence of patch em-
beddings with length N

K , where K is the number of tokens
associated with each patch. To avoid introducing extra pa-
rameters during this compression process, we simply adopt
an intra-patch average operation to compute the patch em-
beddings. Formally, given the embedding function E, for the
i-th patch pi associated with K image tokens xi

k in the input
sequence, the patch embedding is formulated as,

E(pi) =
1

K

K∑
k=1

E(xi
k). (2)

In this way, the original input token embeddings of se-
quence length N are aggregated into patch embeddings of
sequence length N

K . With the resulting patch embeddings
as input, the autoregressive model is trained to predict the
next patch. However, directly maximizing the joint proba-
bility as in Equation 1 is difficult due to the absence of an
explicit ground truth (GT) index for a patch token. To ad-
dress this issue, we maintain the original prediction head
and propose a patch-wise Cross-Entropy (CE) loss that su-
pervises the model using the associated K image token GT
indexes Indexi

k in the next patch pi. Specifically, given the
next patch predictions by the share-weighted prediction head
as Predi = P (pi|c, p<i), and recalling the patch sequence

Figure 4: Multi-scale Next Patch Prediction. The patch
grouping function begins with a large patch size, resulting
in a short sequence length. As training progresses, the patch
size is gradually reduced to 1× 1.

length N
K , the loss function is formulated as:

L = − 1

N

N
K∑
i=1

K∑
k=1

log(Predi). (3)

However, simply training with this objective leads to the
issue that all tokens in a patch are predicted to be the same
during the inference stage. To address this issue and seam-
lessly extend the next token prediction paradigm to our novel
next patch prediction paradigm, we propose a multi-scale,
coarse-to-fine patch grouping strategy that leverages the nat-
ural hierarchical structure of image data as illustrated in Fig-
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Type Model #Para. FID↓ IS↑ Precision↑ Recall↑

GAN
BigGAN (Brock, Donahue, and Simonyan 2018) 112M 6.95 224.5 0.89 0.38
GigaGAN (Kang et al. 2023) 569M 3.45 225.5 0.84 0.61
StyleGan-XL (Sauer, Schwarz, and Geiger 2022) 166M 2.30 265.1 0.78 0.53

Diffusion

ADM (Dhariwal and Nichol 2021) 554M 10.94 101.0 0.69 0.63
CDM (Ho et al. 2022) − 4.88 158.7 − −
LDM-4 (Rombach et al. 2022) 400M 3.60 247.7 − −
DiT-L/2 (Peebles and Xie 2023) 458M 5.02 167.2 0.75 0.57

Mask. MaskGIT (Chang et al. 2022) 227M 6.18 182.1 0.80 0.51
MaskGIT-re (Chang et al. 2022) 227M 4.02 355.6 − −

VAR
VAR-d16 (Tian et al. 2024) 310M 3.30 274.40 0.84 0.51
VAR-d20 (Tian et al. 2024) 600M 2.57 302.60 0.83 0.56
VAR-d24 (Tian et al. 2024) 1.0B 2.09 312.90 0.82 0.59

AR

VQGAN (Esser, Rombach, and Ommer 2021) 227M 18.65 80.4 0.78 0.26
VQGAN (Esser, Rombach, and Ommer 2021) 1.4B 15.78 74.3 − −
VQGAN-re (Esser, Rombach, and Ommer 2021) 1.4B 5.20 280.3 − −
ViT-VQGAN (Yu et al. 2021) 1.7B 4.17 175.1 − −
ViT-VQGAN-re (Yu et al. 2021) 1.7B 3.04 227.4 − −
RQTran. (Lee et al. 2022) 3.8B 7.55 134.0 − −
RQTran.-re (Lee et al. 2022) 3.8B 3.80 323.7 − −
GPT2-re (Esser, Rombach, and Ommer 2021) 1.4B 5.20 280.3 − −
Open-MAGVIT2-B (Luo et al. 2024) 343M 3.08 258.3 0.85 0.51

AR

LlamaGen-B (Sun et al. 2024) 111M 5.46 193.61 0.83 0.45
LlamaGen-L (Sun et al. 2024) 343M 3.80 248.28 0.83 0.52
LlamaGen-L-384† (Sun et al. 2024) 343M 3.07 256.06 0.83 0.52
LlamaGen-XL (Sun et al. 2024) 775M 3.39 227.08 0.81 0.54
LlamaGen-XL-384† (Sun et al. 2024) 775M 2.62 244.08 0.80 0.57
LlamaGen-XXL (Sun et al. 2024) 1.4B 3.10 253.61 0.83 0.53

Ours

NPP-B 111M 4.47 229.25 0.86 0.46
NPP-L 343M 2.76 266.34 0.83 0.56
NPP-XL 775M 2.65 281.03 0.83 0.57
NPP-XXL 1.4B 2.54 286.13 0.84 0.56
NPP-2B 2B 2.28 290.22 0.85 0.57

Table 1: Model comparisons on class-conditional ImageNet 256×256 benchmark. “-re” means using rejection sampling. “†”
means the model is trained on 384× 384 resolution.

ure 4. Specifically, the grouping function begins with a large
kernel size, resulting in large patches and a short patch se-
quence length, allowing the autoregressive model to cap-
ture coarse representations. As training progresses, the patch
size is gradually reduced to 1 × 1, enabling the model to
learn finer details. This strategy seamlessly extends NTP
to NPP, making the NPP inference process identical to the
vanilla NTP inference stage. To balance training efficiency
and model performance, we introduce a segment schedul-
ing factor λ and set the number of patch levels #L. During
the total training steps T , each segment is represented as
λLT − λ(L−1)T with a patch size (PS) of 2L × 2L, where
L denotes the current patch level. The computational cost is
reduced by a factor of 1

PS due to the shorter sequence length
at each level.

Experiments
Implementation Details
All the models are trained for 300 epochs following the same
setting of LlamaGen (Sun et al. 2024). In the main results,

the number of patch levels #L is set to 2 and λ is 0.5, which
means that in the first 150 epochs, the model is trained with
a patch size of 2×2 and for the last 150 epochs, the patch
size is reduced to 1×1.

Main results
We compare our method with various baseline works on
class-conditional ImageNet 256×256 benchmark and show
the results in Table 1. Our method achieves state-of-the-art
performance on a diverse model size from 100M to 1.4B
parameters compared to baseline methods. Specifically, the
NPP-L with only 343M parameters achieves a 2.76 FID
score, significantly surpassing state-of-the-art AR models
with similar parameters including LlamaGen-L-384 (Sun
et al. 2024) (FID 3.07), Open-MAGVIT2-B (Luo et al.
2024) (FID 3.08). It also outperforms the widely used VAR-
d16 (Tian et al. 2024) (FID 3.30) and the diffusion model
DiT-L/2 (Peebles and Xie 2023) (FID 5.02). Moreover,
compared with LlamaGen-XL and LlamaGen-XXL, our
method consistently outperforms the baseline work trained
on 256×256 resolution.
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Figure 5: Comparison of NPP and the baseline method LlamaGen.

Model FID↓ Cost(GFLOPs)↓ Thr.(imgs/sec)↑
LlamaGen-B 5.46 25.06 (1.00×) ∼5888 (1.0×)
NPP-B 4.47 15.70 (0.63×) ∼7625 (1.3×)

VAR-d16 3.30 105.70 (1.27×) ∼ 1078 (0.5×)
LlamaGen-L 3.80 83.54 (1.00×) ∼ 2201 (1.0×)
NPP-L 2.76 47.95 (0.57×) ∼ 3469 (1.6×)

VAR-d20 2.57 204.40 (1.06×) ∼ 690 (0.7×)
LlamaGen-XL 3.39 193.35 (1.00×) ∼922 (1.0×)
LlamaGen-XL† 2.62 434.11 (2.25×) ∼ 410 (0.5×)
NPP-XL 2.65 102.78 (0.53×) ∼1613 (1.8×)

LlamaGen-XXL 3.10 355.72 (1.00×) ∼448 (1.0×)
LlamaGen-XXL† 2.34 798.64 (2.25×) ∼ 298 (0.7×)
NPP-XXL 2.54 189.11 (0.53×) ∼ 640 (1.4×)

Table 2: Comparisons training cost on class-conditional Im-
ageNet 256×256 benchmark.

To better compare our method with the strong baseline
LlamaGen (Sun et al. 2024), we provide a comprehensive
study as shown in Figure 5. We report the detailed evalu-
ation metrics FID and IS as training epochs increase. For
the base model and large model, our method consistently
outperforms LlamaGen during the training process, improv-
ing the FID score and inception score. In general, the pro-
posed method outperforms the baseline work LlamaGen by
improving the image generation quality up to 1.0 FID scores
with significantly higher IS scores.

Training Cost Study
We provide a comprehensive study on the training cost as
shown in Table 2. We compare baseline methods, includ-
ing LlamaGen (Sun et al. 2024) and VAR (Tian et al. 2024)
with our method across various model sizes. The average

Figure 6: Generation results.

computation cost (GFLOPs per batch) and the actual train-
ing throughput (images per second) are presented. For mod-
els with 100M-300M parameters, NPP reduces the compu-
tation cost to ∼ 0.6× and speeds up the training process
by ∼ 1.3× to 1.6×. Surprisingly, NPP even achieves bet-
ter generation quality (lower FID scores) with significantly
better training efficiency. For large models with 600M-
1.4B parameters, our method achieves the best balance be-
tween model performance and training efficiency. Specifi-
cally, NPP-XL achieves a similar FID score as LlamaGen-
XL-384 (2.65 vs 2.62), but with only ∼ 0.25× training
cost and speeds up the training process by a ∼ 4× model
throughput.

Generation Results
In Figure 6, we present generation results by NPP on Ima-
geNet 256×256 benchmark. Our NPP is capable of gener-
ating high-quality images with diversity and fidelity. More
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Model #para. FID↓ IS↑ Precision↑ Recall↑ Training Cost↓
LlamaGen-B(PS = 1× 1) 111M 5.46 193.61 0.83 0.45 1.0×
NPP-B (PS = 2× 2) 111M 4.47 229.25 0.86 0.46 0.625×
NPP-B (PS = 4× 4) 111M 4.92 222.81 0.86 0.45 0.531×
LlamaGen-L (PS = 1× 1) 343M 3.80 248.28 0.83 0.52 1.0×
NPP-L (PS = 2× 2) 343M 2.76 266.34 0.83 0.56 0.625×
NPP-L (PS = 4× 4) 343M 2.89 262.80 0.83 0.55 0.531×

(a) Comparisons of models trained with different patch sizes.

Model #para. FID↓ IS↑ Precision↑ Recall↑ Training Cost↓
LlamaGen-L (λ = 0) 343M 3.80 248.28 0.83 0.52 1.0×
NPP-L (λ = 1/2) 343M 2.76 266.34 0.83 0.56 0.625×
NPP-L (λ = 2/3) 343M 2.79 263.75 0.83 0.55 0.5×
NPP-L (λ = 3/4) 343M 2.81 262.22 0.83 0.55 0.43×
NPP-L (λ = 4/5) 343M 2.92 260.68 0.83 0.55 0.4×

(b) Comparisons of models trained with different segment factor λ.

Model #para. FID↓ IS↑ Precision↑ Recall↑ Training Cost↓
LlamaGen-B (#L = 1) 111M 5.46 193.61 0.83 0.45 1.0×
NPP-B (#L = 2) 111M 4.47 229.25 0.86 0.46 0.625×
NPP-B (#L = 3) 111M 4.62 231.57 0.86 0.46 0.578×
NPP-B (#L = 4) 111M 4.68 228.31 0.86 0.46 0.572×
LlamaGen-L (#L = 1) 343M 3.80 248.28 0.83 0.52 1.0×
NPP-L (#L = 2) 343M 2.76 266.34 0.83 0.56 0.625×
NPP-L (#L = 3) 343M 2.79 264.30 0.83 0.56 0.578×
NPP-L (#L = 4) 343M 2.84 258.60 0.83 0.56 0.572×

(c) Comparisons of models trained with different numbers of patch level.

Table 3: Ablation studies on key design choices.

generation results are provided in the appendix.

Ablation Studies
Effect of Patch Size. We study the effect of different patch
sizes and present the results in Table 3a. In this experi-
ment, we modify the multi-scale grouping strategy to skip
intermediate patch size and set the segment scheduling fac-
tor λ = 1/2. The models are ablated with different patch
sizes adopted in the first 1/2 number of training epochs. We
observe NPP with different patch sizes consistently outper-
forms LlamaGen. However, with a larger patch size such as
PS = 4 × 4, the learned knowledge cannot be smoothly
transferred to the case with PS = 1 × 1, leading to a slight
performance drop where FID scores were reduced by 0.45
for NPP-B and 0.13 for NPP-L. Therefore, we choose patch
size PS = 2× 2 as the default setting.
Effect of Segment Scheduling Factor λ. We provide a
study on the effect of segment scheduling factors adopted in
the proposed multi-scale patch grouping strategy, as shown
in Table 3b. In this study, the multi-scale patch grouping
strategy is disabled and the patch size is set to PS = 2×2. λ
factors are scanned from 1/2 to 4/5. We observe that a larger
λ factor results in lower training computational cost but with
slight performance degradation that FID scores are increased
from 2.76 to 2.92. Hence, to balance training efficiency and
model performance, we set λ = 1/2 by default.

Effect of Multi-scale Patch Grouping Strategy. We
present a study on the effect of the multi-scale patch group-
ing strategy as shown in Table 3c. In this experiment, we set
λ = 1/2 and compare different numbers of patch levels #L.
Experiments show this strategy makes a trade-off between
training computational cost and image generation quality.
Moreover, with this strategy, the training process ends with
vanilla NTP where the patch size is 1×1, thus preserving the
original inference stage without modifications.

Conclusion

In this work, we introduce a novel Next Patch Predic-
tion paradigm that improves autoregressive image genera-
tion quality and efficiency by grouping and aggregating im-
age tokens into high-density patch tokens. We further intro-
duce a multi-scale patch strategy to seamlessly bridge the
Next Patch Prediction with the vanilla next token prediction
paradigm. Our approach reduces the computational cost to
∼ 0.6× while improving image generation quality by up
to 1.0 FID score on the ImageNet benchmark. We highlight
that our method retains the original autoregressive model ar-
chitecture without introducing additional trainable parame-
ters or custom image tokenizers, thereby making the next
patch prediction paradigm seamlessly adapted to various au-
toregressive models addressing image generation tasks.
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