Autoregressive Models in Vision:
From Next-Token to Next-Scale Prediction

Open DMQA Seminar
2025.09.12




. TS
v" Data Mining & Quality Analytics Lab
v M.HEESHIEE (2020.09~ )

. B 17 2of
v" Visual Generative Models

v Controllable Generation

« Contact

v' chosam95@korea.ac.kr




Introduction

I Autoregressive Models in Vision
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Introduction

I From Next-Token to Next-Scale Prediction

« 7|Z& autoregressive model2 LLM1} & ¥5HA next-token predictionS 7|EIC = ZEE

« X[ next-scale predictionO|2t= MER2 DRI Al Xt

Three Different Autoregressive
| =y A P Generative Models

(b) AR:

Tian, K., Jiang, Y., Yuan, Z,, Peng, B., & Wang, L. (2024). Visual autoregressive modeling: Scalable image generation via next-scale prediction. Advances in neural information processing systems, 37, 84839-84865.
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Introduction

I From Next-Token to Next-Scale Prediction
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Tian, K., Jiang, Y., Yuan, Z, Peng, B., & Wang, L. (2024). Visual autoregressive modeling: Scalable image generation via next-scale prediction. Advances in neural information processing systems, 37, 84839-84865.
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Introduction

I From Next-Token to Next-Scale Prediction

* NeurlPS 2024 best paper

Oral

Visual Autoregressive Modeling: Scalable Image Generation via Next-Scale Prediction
Keyu Tian - Yi Jiang - Zehuan Yuan - BINGYUE PENG - Liwei Wang

Best Paper

AW

[ Abstract ] [ Visit Oral Session 20: Generative Models ]

& QpenReview

https://neurips.cc/virtual/2024/oral/97960



https://neurips.cc/virtual/2024/oral/97960

Autoregressive Models

I Formulation
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Next-Token Prediction

I Step1: Tokenization

« Codebook: learnable vector&2| &t
« Quantization: continuous featureZ discreate token2 2 Hstsl= It (codebookU| Al 7HE 717t HIH &)
« I§X|ELR| tokenization

Codebook (7)
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p(x)

= p(x1, Xy, o) XT)
-

I Step2 MOdeling = l_[’{=1 P | X1, X0 ey Xp_q) Chain Rule
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Next-Token Prediction

I Limitations
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Next-Scale Prediction

I From Next-Token to Next-Scale Prediction

« Reformulation

p(x) p(x)
= p(y, X3, ..., XT) =p@, 12 0 Tk)
= Z=1 p(xe|xy, x5 oo, Xe—1) = Hlk<=1 p(T|r, 12 oy Te—1)

<Next-Token Prediction> <Next-Scale Prediction>
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Next-Scale Prediction

I Step1: Tokenization

« Next-token prediction: patch TH?|£ tokenize

 Next-scale prediction: scale TH¢| £ tokenize

ri Ly

Image Tokens

Image Tokens

<Patch-wise Tokenization> <Scale-wise Tokenization>
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Next-Scale Prediction

I Step1: Tokenization

« ScaleDO}lC} tokenization & Codebook (2)
z; ¢: convolution layer
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Next-Scale Prediction .
I Step2: Modeling
5 =
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Next-Scale Prediction

I Next-Token vs Next-Scale

« Unidirectional vs Bidirectional
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<Next-Token Prediction> <Next-Scale Prediction>
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Next-Scale Prediction

I Next-Token vs Next-Scale

Efficiency (Appendix B¥)
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*Tian, K., Jiang, Y., Yuan, Z, Peng, B., & Wang, L. (2024). Visual autoregressive modeling: Scalable image generation via next-scale prediction. Advances in neural information processing systems, 37, 84839-84865.
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Next-Scale Prediction

I Experiments - Overall

- W2 A0 2FE2 o|O|X| 49

Type | Model FIDJ ISt | Pret  Rect | #Para  #Step | Time
GAN BigGAN [13] 6.95 2245 | 0.89 038 112M 1
GAN | GigaGAN [42] 3.45 2255 | 0.84  0.61 569M 1
GAN | StyleGan-XL [74] 230  265.1 | 0.78 053 166M 1 0.3 [74]
Diff. ADM [26] 1094 101.0 | 0.69  0.63 554M 250 168 [74]
Diff. CDM [36] 4.88 158.7 8100
Diff. LDM-4-G [70] 3.60 247.7 400M 250
Diff. DiT-L/2 [63] 5.02 1672 | 075 057 | 458M 250 31
Diff. DIiT-XL/2 [63] 227 2782 | 0.83 057 | 675M 250 45
Diff. L-DiT-3B [3] 2.10 3044 | 0.82 0.60 3.0B 250 >45
Diff. L-DiT-7B [3] 2.28 3162 | 0.83 0.58 7.0B 250 >45
Mask. | MaskGIT [17] 6.18 182.1 | 0.80  0.51 227M 8 0.5[17]
Mask. | RCG (cond.) [51] 3.49 2155 502M 20 1.9[51]
AR VQVAE-2T [68] 31.11 ~45 036 057 13.5B 5120
AR VQGANT [30] 18.65 80.4 078 026 | 227M 256 19 [17]
AR VQGAN [30] 1578 743 1.4B 256 24
AR VQGAN-re [30] 5.20 280.3 1.4B 256 24
AR VIiTVQ [92] 4.17 175.1 1.7B 1024 >24
AR ViTVQ-re [92] 3.04 2274 1.7B 1024 >24
AR RQTran. [50] 7.55 134.0 3.8B 68 21
AR RQTran.-re [50] 3.80 3237 3.8B 68 21
VAR VAR-d16 3.30 2744 | 0.84 051 310M 10 04
VAR VAR-d20 2.57 3026 | 0.83 056 | 600M 10 0.5
VAR VAR-d24 2.09 3129 | 0.82 059 1.0B 10 0.6
VAR VAR-d30 1.92 323.1 | 0.82 059 2.0B 10 1
VAR VAR-d30-re .73 | 350.2 | 0.82 0.60 2.0B 10 1
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Next-Scale Prediction

I Experiments

« LLMC| d3& 20212 scalability2l generalizability
« Scalability: ZE2| A7[7} 715 RHO| ds5k 57t

* Generalizability: CtY 3t taskOf| zero-shot 22 few-shot2 2 £2 d&2 £¢

18



Next-Scale Prediction

I Experiments - Scalability
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Next-Scale Prediction

I Experiments - Generalizability

=~
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Text-to-lImage Generation

I HART: Efficient Visual Generation with Hybrid Autoregressive Transformer

» ICLR 2025 / MIT, NVIDIA, &2ty
- 602 218 (2025 9& 12%)

HART: EFFICIENT VISUAL GENERATION WITH
HYBRID AUTOREGRESSIVE TRANSFORMER

Haotian Tang'* Yecheng Wu'** Shang Yang! Enze Xie’ Junsong Chen®
Junyu Chen!® Zhuoyang Zhang! Han Cai*> YaoLu? Song Han!:
MIT! NVIDIA? Tsinghua University®
https://hanlab.mit.edu/projects/hart

O SD-XL @ PixArnt-Sigma [ SD3-Medium
B FLUX-schnell [ HART
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29 23y
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px]

Throughput (img/s)

Tang, H., Wu, Y., Yang, S., Xie, E., Chen, J,, Chen, J,, ... & Han, S. HART: Efficient Visual Generation with Hybrid Autoregressive Transformer. In The Thirteenth International Conference on Learning Representations.
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Text-to-lImage Generation

I HART: Efficient Visual Generation with Hybrid Autoregressive Transformer

« Continuous — discreate tokenO| &= ItHOAM HE &4

« Residual tokens =&%| 22t
Codebook (Z)
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Text-to-lImage Generation

I HART: Efficient Visual Generation with Hybrid Autoregressive Transformer

« Token=2| &= discreate token, feature map= continuous token2 2 H2|

« Continuous tokenit discreate token@ £ residual token 32|
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Text-to-lImage Generation

I HART: Efficient Visual Generation with Hybrid Autoregressive Transformer

o TextOf Ciet HEE AEW ESEOZ AIE
« Residual tokens diffusion 22 22| MM

 Continuous = Discreate + Residual

Discrete tokens

Prompt: a IStep 1 Step2 i --- Step N l
beautiful cyborg T A A1 A @ Residual Diffusion l Continuous tokens | J EEr
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Text-to-lImage Generation

I HART: Efficient Visual Generation with Hybrid Autoregressive Transformer

HARTS| tokenizer?} VARG H|8l| @53t M=

Referenc (1kX1k)
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Text-to-lImage Generation

I HART: Efficient Visual Generation with Hybrid Autoregressive Transformer

Residual token2 O|O0|X|2| C|H LS Bt

—

A\

) A P U N 3 "‘. 7 - : <
HART discrete tokens HART residual tokens
Prompt: A close up of a helmet on a person, digital art, victorian armor.
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Text-to-lImage Generation

I HART: Efficient Visual Generation with Hybrid Autoregressive Transformer

« VAR= 85} SOTAQ! diffusion 7|2t ZE =1t FAleH O|O|X| 44 Ee2|E|

Playground v2.5 PixArt-X

W~ el ?
e o .-

Prompt: A small cactus with a happy face in the Sahara desert.
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Conclusion

I From Next-Token to Next-Scale Prediction
e LLMO| d32 2 AFH H| 00| A X autoregressive model0f| CHSH A =
« ARZ unidirectional, computational cost 1
« VARZ bidirectional, computational cost |

« HARTE residual token2 Z&79| text-to-image generation2 & =%t
ge g
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