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BACKGROUND: Autoregressive Model (AR)

Autoregressive Model
posits the probability of current token z1 depends only on its prefix
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BACKGROUND: Autoregressive Model (AR)

Scaling law
The performance correlates with parameters and optimal training

compute, following a power-law:
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LLM can perform tasks that it has not been explicitly trained on.



BACKGROUND: Autoregressive Model (AR)

Autoregressive Model on Visual Generation

« Tokenize an image into several discrete tokens
» Define a 1D order of tokens for unidirectional modeling

« Training an autoregressive model for unidirectional modeling




BACKGROUND: Autoregressive Model (AR)

Autoregressive Model on Visual Generation

* Tokenize an image into several discrete tokens
With a quantized autoencoder to convert the image to discrete tokens

f=E@m), q=Q(f)
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f = lookup(Z, q), im = D(f)

Training Loss: £ = |lim — im||z + || f — fll2 + AeLp(im) + A Lg(im)



BACKGROUND: Autoregressive Model (AR)

Autoregressive Model on Visual Generation

« Tokenize an image into several discrete tokens
» Define a 1D order of tokens for unidirectional modeling

« Training an autoregressive model for unidirectional modeling
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BACKGROUND: AR on Visual Generation

VQ-VAE

* |ntroduce Vector Quantisation into VAE
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BACKGROUND: AR on Visual Generation

VQ-GAN
* Introduce GAN Loss and Transformer Structure
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BACKGROUND: AR on Visual Generation

Weakness: Autoregressive Model on Visual Generation

« Mathematical premise violation

the token sequence (x1,z9, ..., Thxw) retains bidirectional correlations,
contradicting the unidirectional dependency assumption.

 Inability to perform some zero-shot generalization

The unidirectional nature of image autoregressive modeling restricts
their generalizability in tasks requiring bidirectional reasoning.



BACKGROUND: AR on Visual Generation

Weakness: Autoregressive Model on Visual Generation

« Structural degradation
The flattening disrupts the spatial locality inherent in image feature maps.

 Inefficiency

A conventional self-attention transformer incurs O(n”*2) autoregressive steps
and O(n”6) computational cost.
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METHOD: Visual Autoregressive Modeling (VAR)

Shifting from “next token prediction” to “next-scale prediction” strategy
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METHOD: Visual Autoregressive Modeling (VAR)

Visual Autoregressive Model on Visual Generation
 Mathematical premise violation
New coarse-to-fine constraint is acceptable as it aligns with the natural
« Structural degradation
(i) there is no flattening operation in VAR (ii) tokens in each r, are fully correlated
 Inefficiency

O(k) autoregressive steps and O(n”*4) computational cost



METHOD: Visual Autoregressive Modeling (VAR)

Two Stage Training

Stage 1: Training multi-scale VQVAE on images
(to provide the ground truth for training Stage 2)

VAE encoding Multi-scale quantization & Embedding Decoding

Stage 2: Training VAR transformer on tokens
(151 means a start token with condition information)

;Tl L) r3 —-— Cross-Entropy
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METHOD: Visual Autoregressive Modeling (VAR)

Tokenization

Algorithm 1: Multi-scale VQVAE Encoding Algorithm 2: Multi-scale VQVAE Reconstruction
Inputs: raw image im; Inputs: multi-scale token maps R;
Hyperparameters: steps K, resolutions Hyperparameters: steps K, resolutions

(P Wh) k=13 (s wie) =1
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s f = E(im), R = 2 F=t
afork=1,---, K do 4 fork=1,--- ,Kdo

5 rr = Q(interpolate( f, hx, wk)); 5 rx = queue_pop(R);

6 R = queue_push(R,r); 6 Zk = !OOKUP(Za Tk);

. 2, = lookup(Z, 4); 7 2k = }nterpolate(zk, hk,wk);
8 2}, = interpolate(zy, hx, Wk ); 8 f=f+ ox(zk);

9 f=F— ¢r(z); 9 im = D(f);

10 Return: multi-scale tokens R; 10 Return: reconstructed image im:
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METHOD: Visual Autoregressive Modeling (VAR)

Next-scale Prediction
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METHOD: Implementation Details

VAR tokenizer: VQVAE architecture + K extra convolutions (0.03M)

VAR transformer
« Standard decoder-only transformers akin to GPT-2
» Adaptive Layer Normalization (AdaLN)
* Normalizing queries and keys
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EXPERIMENTS: Quanlitative

Type | Model | FID| ISt | Pret Rect | #Para  #Step | Time
GAN | BigGAN [7] 695 2245 | 089 038 | 112M 1 -
GAN | GigaGAN [29] 345 2255 | 084 0.61 | 569M 1 =
GAN | StyleGan-XL[57] | 230 2651 | 078 053 | 166M 1 0.3 [57]
Diff. | ADM[16] 1094 1010 | 069 063 | 554M 250 | 168[57]
Diff. | CDM [25] 488 1587 | - - - 8100 - .0 0 ©
Diff. | LDM-4-G [53] 360 2477 | — — | q00M 250 - = 03B IB 2B 5B
Diff. | DiT-L/2 [46] 502 1672 | 075 057 | 458M 250 31 =
Diff. | DiT-XL/2 [46] 227 2782 | 083 057 | 675M 250 45 3
Diff. | L-DiT-3B [2] 210 3044 | 082 060 | 30B 250 >45 g
Diff. | L-DiT-7B [2] 228 3162 | 083 058 | 7.0B 250 >45 .g
Mask. | MaskGIT [11] 6.18 1821 | 080 051 | 227M 8 0.5[11] g
Mask. | MaskGITre [11] | 4.02 3556 | — — | 227m 8 0.5[11] =
Mask. | RCG (cond.) [38] | 349 2155 | - — | sooMm 20 1.9 [38] 3
= RCG
AR | VQVAE2'[52] | 3111 ~45 | 036 057 | 13.5B 5120 - E
AR | VQGANT [19] 1865 804 | 078 026 | 227M 256 | 19[11] S
AR VQGAN [19] 1578 743 - - 1.4B 256 24 = 9 VAR (ours)
AR | VQGAN-re[19] 520 2803 | — . 14B 256 7 I . T T T
AR | ViTVQ[71] 417 1751 | - - 7B 1024 >24 RIEY loser bound 175 (vl sct)
AR ViTVQ-re [71] 3.04 2274 — - 1.7B 1024 >24 0.1s 1 sec 10s 1 min
AR | RQTran. [37] 755 1340 | - = 3.8B 68 21 . .
AR | RQTran.-re [37] 380 3237 | — - 3.8B 68 21 Iiensnge Time (oatchisizer=1}
VAR | VAR-d16 360 2575 | 085 048 | 310M 10 0.4
VAR | VAR-d20 295 3061 | 084 053 | 600M 10 0.5
VAR | VAR-d24 233 3201 | 082 057 | 1.0B 10 0.6
VAR | VAR-d30 197 3347 | 081 061 | 20B 10 1
VAR | VAR-d30-re 1.80 3564 | 083 057 | 2.0B 10 1 51

lower is better



EXPERIMENTS: Visualization

Scaling up training compute C

Scaling up transformer parameters N




EXPERIMENTS: Scaling Laws

With Optimal Training Compute

Test loss (all scale)

Token error rate (all scale, %)
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Test loss (last scale)

EXPERIMENTS: Scaling Laws

With Model Parameters
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EXPERIMENTS: Zero-Shot Task

In-Painting

original generated




EXPERIMENTS: Zero-Shot Task

Out-Painting
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EXPERIMENTS: Zero-Shot Task

Class-Cond Editing
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EXPERIMENTS: Ablation Studies

Description Para. Model AdaLN Top-k CFG Cost FID| A

AR [30] 227M AR X X X 1 18.65 0.00
2 ARto VAR 207M  VAR-d16 X X X 0.013 3,22 —13.43
3 +AdalLN 310M  VAR-d16 v X X 0.016  4.95 —-13.70
4 +Top-k 310M  VAR-d16 v 600 X 0.016  4.64 —14.01
53 +CEG 310M  VAR-d16 4 600 2.0 0.022 3.60 —15.05
5  +Attn. Norm. | 310M  VAR-d16 v 600 2.0 0.022 3.30 —15.35
6 4Scaleup 2.0B VAR-d30 v 600 2.0 0.052 L.73 —16.85
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CONCLUSION

 Introduce a new visual generative framework named Visual
AutoRegressive modeling

« Make language-model-based AR models first surpass strong diffusion
models

* Observe a clear power-law relationship



CONCLUSION: Future Work

* Advancing tokenizer structure
« Text-prompt generation

* Video generation



Thanks for listening!



