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1.Background: Introduction of Image Generation

Image generation aims to learn the data distribution of images and generate new, realistic 

samples using generative models.

How to achieve image generation？



1.Background: Diffusion Model vs. Autoregressive Model

➢ Denoising Diffusion Probabilistic Model [1] ➢ Autoregressive Image Generation Model [2]

✓ Iteratively denoise random noise

✓ High image quality and diversity

✓ Slow sampling due to many steps

✓ Generate images by sequential token prediction

✓ Likelihood-based and stable training

✓ Long generation time for high-resolution images

Both paradigms suffer from inefficient generation, especially for high-resolution images.

[1] Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic models[J]. Advances in neural information processing systems, 2020, 33: 6840-6851.

[2] Esser P, Rombach R, Ommer B. Taming transformers for high-resolution image synthesis[C] Proceedings of the IEEE/CVF conference on computer vision and pat tern recognition. 2021: 12873-12883.



1.Background: AR Model (Tokenizer+Generative Model)

➢ Tokenizer (Encoder +Quantizer + Decoder)[2] ➢ Generative Model (Casual & No Casual)[3,4]

Quantization: Find the most similar token index from the codebook.

sequential token prediction.

[2] Esser P, Rombach R, Ommer B. Taming transformers for high-resolution image synthesis[C] Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2021: 12873-12883.

[3] Chang H, Zhang H, Jiang L, et al. Maskgit: Masked generative image transformer[C]//Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022: 11315-11325.

[4] Yu L, Lezama J, Gundavarapu N B, et al. Language Model Beats Diffusion--Tokenizer is Key to Visual Generation[J]. arXiv preprint arXiv:2310.05737, 2023.

Higher compression ratio and utilization rate, and better 

reconstruction quality. raster-scan-ordering

random-scan-ordering

scheduled parallel decoding.

Casual Conv.

Bidirectional Attn.
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1.Background: Next-Token vs. Next-Scale Prediction

VAR[5] generates images by autoregressively predicting token maps from coarse to 

fine scales, enabling parallel generation within each scale.

over scales rather than individual tokens.

next-token → next-scale

✓ Multi-scale token maps better preserves the intrinsic 2D structure of images

25s →1s

[5] Tian K, Jiang Y, Yuan Z, et al. Visual autoregressive modeling: Scalable image generation via next-scale prediction[J]. Advances in neural information processing systems, 2024, 37: 84839-84865.

✓ Autoregressive across scales and parallel generation within each scale 

speed the process of generation
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1.Background: Visual AutoRegressive (VAR)

multi-scale VQ autoencoder

[5] Tian K, Jiang Y, Yuan Z, et al. Visual autoregressive modeling: Scalable image generation via next-scale prediction[J]. Advances in neural information processing systems, 2024, 37: 84839-84865.

➢ Multi-Scale Residual Quantization ➢ Multi-Scale Parallel Training
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1.Background: Drawback of VAR’s Scale Dependency

Although VAR is capable of rapid image generation, it incurs substantial training costs.

➢ Token Length of Training:256 → 680

➢ Inference Time: 25s →1s

[5] Tian K, Jiang Y, Yuan Z, et al. Visual autoregressive modeling: Scalable image generation via next-scale prediction[J]. Advances in neural information processing systems, 2024, 37: 84839-84865.

 Redundant scale dependence (token length from 256 to 680)

 High GPU memory usage (16×A100 80G)
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2. Motivation: Redundancy as the Bottleneck of VAR

Why VAR requires larger GPU memory: Attention redundancy across Scales.

Qualitative and quantitative results analysis of VAR attention patterns across scales.

[6] Zhang J, Long W, Han M, et al. MVAR: Visual Autoregressive Modeling with Scale and Spatial Markovian Conditioning[J]. arXiv preprint arXiv:2505.12742, 2025.

Implication: Attending to all scales is unnecessary and memory-inefficient.

➢ Observation 1: Attention weights in the VAR model exhibit scale redundancy, indicating that each 

scale mainly depends on its adjacent scales.

(a) Inter-scale attention map (b) Overall attention weight distribution across scales
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2. Motivation: Redundancy as the Bottleneck of VAR

Why VAR requires larger GPU memory: Attention redundancy across Spatial.

Qualitative and quantitative results analysis of VAR attention patterns across spatial.

[6] Zhang J, Long W, Han M, et al. MVAR: Visual Autoregressive Modeling with Scale and Spatial Markovian Conditioning[J]. arXiv preprint arXiv:2505.12742, 2025.

Implication: Global attention introduces redundant spatial computation.

➢ Observation 2: Attention weights in the VAR model exhibit spatial redundancy, with dependencies 

concentrated within local spatial neighborhoods.

(b) Attention weights across varying neighborhood sizes(a) Adjacent-scale attention map
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3.Method : Scale and Spatial Markovian Conditioning

➢ Enabling the adoption of a parallel training strategy using only eight NVIDIA RTX 4090 GPUs.

➢ Reducing the computational complexity of attention calculation from 𝓞 𝑵𝟐 to 𝓞 𝑵𝒌 .

Introducing scale and spatial Markov assumption to multi-scale autoregressive image generation[6]

[6] Zhang J, Long W, Han M, et al. MVAR: Visual Autoregressive Modeling with Scale and Spatial Markovian Conditioning[J]. arXiv preprint arXiv:2505.12742, 2025.

Block-wise casual mask
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3.Results: Better Performance, Lower GPU Memory

➢ Lower GPU memory footprint and faster training/inference speed

➢ Superior image quality

Table : Quantitative comparison between VAR and our MVAR.

Figure : Qualitative results of MVAR.
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