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Core idea: predict multiple spatially causal tokens per AR step

Model: SAR, a spatially autoregressive image generator

Key outcome: strong ImageNet quality with far fewer AR steps



Motivation: next-token AR is a bottleneck for images/videos

LLM-style next-token prediction is simple and scalable, but dense visual 
modalities create very long token sequences.
Serializing 2D images into a rigid 1D raster order is unnatural and slow.
Prior causal AR models often lag diffusion or masked-prediction 
alternatives in latency and quality.



Self-token prediction: causal generation by groups

Partition tokens into ordered groups 𝐺1…𝐺𝑇.
At step t, all tokens in 𝐺𝑡  are predicted in parallel.
The group order defines causal dependencies: 𝐺𝑡  can depend only on previous 
groups 𝐺<𝑡.
Classical next-token prediction is recovered when each group contains one 
token.



Training trick: context stream + generation stream

Naïve training would require one forward 
pass per group.
The paper duplicates each group into: a 
context copy using ground-truth tokens, 
and a generation copy using constructed 
causal input.
A structured group-causal attention mask 
trains all groups in one forward pass 
without leaking current/future ground 
truth.



Spatial dependency injection matters



SAR architecture and performance on different space



Guidance under causal context accumulation



Representation universality and robustness

Flow matching works across raw RGB 
patches, joint image-video latents, and 
KL-VAE latents.
Best reported SAR-L ablation in KL-VAE 
latent space: FID 3.56 with x-CFG + z-
CFG.
Raw-pixel generation remains 
competitive, showing the method is not 
tied to a specific tokenizer.
A DDPM-style objective is much worse 
than flow matching in this framework.



Main ImageNet results: quality and scaling

Dataset: ImageNet-1K at 256×256; 
evaluation uses 50K generated samples.
SAR-B: 141M params, 31 steps, FID 4.23.
SAR-L: 714M params, 31 steps, FID 2.52.
SAR-H: 1.3B params, 31 steps, FID 2.26, 
comparable to DiT-XL/2 FID 2.27 and 
better than LlamaGen-XXL FID 2.34.



Qualitative samples and visual fidelity



Limitations and open questions

Designing token grouping and dependency injection h(·) remains modality-
dependent and empirical.
Experiments focus mainly on ImageNet image generation; generalization to 
editing, audio, video, and multimodal fusion needs further study.
The broader hypothesis—that strict spatial causality is essential for later-stage 
capability emergence—remains open.
Potential misuse risks include photorealistic deceptive content and inherited 
data bias.



Takeaways

Self-token prediction decouples causality from one-token decoding.
SAR demonstrates that strictly causal visual AR can be both efficient and high 
quality.
The decisive design choice is structured spatial dependency injection, not just 
larger token groups.
The method opens a path toward unified multimodal AR models that retain 
causal learning signals while reducing dense-modality latency.
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