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Background: Why Autoregressive Modeling for Images?

The AR Recipe That Works 

● Next-token prediction — predict each token given all prior 
tokens; core of GPT, LLaMA, PaLM

● Scaling laws — test loss follows a power-law with model size; 

bigger models always improve (Kaplan et al., 2020)
● Zero-shot generalization — models handle unseen tasks 

without fine-tuning

● Vision AR pipeline — VQVAE tokenizes images → flatten 2D 
grid to 1D → GPT-style next-token prediction

The issue on AR model with images
● VQGAN FID: 18.65 vs. DiT FID: 2.27 on ImageNet
● No demonstrated scaling laws for vision AR

● Raster-scan flattening breaks spatial structure

Key Question

Is the problem AR itself — or how to define the autoregressive order 
on images?



Why Vision AR Lags

On ImageNet 256×256, standard AR (VQGAN) achieves FID 

of 18.65, while DiT-XL/2 reaches 2.27 — an 8× quality gap.



The Core Problem: Raster-Scan Flattening Breaks Images



VAR Key Idea: Next-Scale Prediction

What is VAR?

Redefines autoregressive learning on images as coarse-to-fine 

"next-scale prediction", replacing the standard raster-scan "next-

token prediction".

How It Works (High 

Level)
•Encode image into multi-scale token maps (r₁, r₂, …, rK) 

at increasing resolutions

•Start from the coarsest scale (1×1 token map)

•At each step, predict the next higher-resolution token 

map conditioned on all previous maps

•All tokens within each scale generated in parallel



Decoder-only Transformer Inference Review

Word Embedding

Tokens

Input Transformer Blocks

Final Layer
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represents a 16 by 16 image
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Image tokenization: GAN
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Image tokenization: GAN

Discriminator

G

[0, 1]

1 →Predict image fake

0 →Predict image real

(Discriminator spits out real values between 0 

and 1, based on its confidence)

VQVAE tricks (min) 

discriminator

Discriminator correctly 

identifies original and 

generated images

Therefore, this optimization problem learns a better image generator!



Image tokenization: VQVAE Training Loss

CNN 

Encoder

q11q12

Quantizer

lookup
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1: Predict real image

0: Predict fake image



Multi Scale VQVAE
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Multi Scale VQVAE
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Multi Scale VQVAE
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Multi Scale VQVAE
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Multi Scale VQVAE

Tokenization Algorithm

● Interpolate the latent representation f to 

the desired scale

● Quantize it element-wise to get the token 

map at scale k

● Map the tokenized scale back to the image 

latent space and subtract it from f, for 

interpolation at the next scale



Multi Scale VQVAE

Reconstruction Algorithm

● Reverse the tokenization operation: 

construct  from the multi-scale 

token maps

● Initialize to zero. Each iteration, 

scale up the token data in the latent space 

using interpolation and apply phi_k cnns, 

to address information loss on upscaling, 

and add to 

● Apply VQVAE decoder to get resulting 

image



VAR

Transformer Input

Recall…

Transformer

Token Maps Token Sequence



VAR

Transformer Transformer?

Transformer Input Upscaling



VAR

Transformer Input Embedding

We start by decoding, in the image latent space, the tokens we have so far to make an image in 

the latent space comprised of all the (lower) scale information we have up to this point:

Then, in the image latent space, we interpolate to the number of tokens in the next token map rk+1

Given 

Instead of quantizing each of these elements, we learn an linear map from this space to the 

transformer’s embedding space directly:



VAR

Transformer

Transformer!

Decode Tokens in Latent Space

Interpolate to token map dimensions

Map to transformer word embedding

Transformer Input Upscaling
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VAR

Positional Encoding

● We have converted a grid at a specific 

scale into a sequence… how do we recover 

locality?

● We add positional embeddings!

● This is a vector in the embedding space, 

each learned separately

● We also let each token in the block attend 

to every other token in the block

q1
1

q2
1

q3
1

q4
1

K
e
y
s

Query



VAR

Start of sequence, Classifier Free Guidance

● ImageNet dataset: 1.28 million images, 1K classes

● For the first sequence, we upscale to number of tokens in r1 

(typically 1) and learn an embedding for each class

● We also use classifier free guidance: Add an “unconditioned” class 

with its own embedding that is trained on every image class

○ Output logits:



VAR

Other engineering hacks

● Adaptive Linear Norm: Learn gate, shift, and scale vectors for 

attention and mlp layers

● This is also conditioned on “c”, the class label, through a small mlp

● Attention Normalization: normalize query and key vectors before 

computing attention

● Top-k: Use only the top-k logits in choosing the next token



Implementation 

VAR tokenizer

● Vanilla VQ-VAE tokenizer with multi-scale quantization

● Only K extra convolutions so very small overhead: 0.03M parameters

● Shared codebook across scales, V = 4096

● Tokenizer trained on OpenImages, 16× downsampling

VAR transformer

● Standard decoder-only transformer similar to GPT-2/VQGAN with Adaptive Layer 

Normalization (AdaLN).

● Class embedding used as start token and AdaLN condition

● Normalized Q/K vectors for stable attention

● No RoPE, SwiGLU, or RMSNorm



Implementation 

VAR tokenizer

● Vanilla VQ-VAE tokenizer with multi-scale quantization

● Only K extra convolutions so very small overhead: 0.03M parameters

● Shared codebook across scales, V = 4096

● Tokenizer trained on OpenImages, 16× downsampling

VAR transformer

● Training is also fairly standard: AdamW, large batch sizes, and 200–350 epochs depending on 

model size.



Does VAR generate better images than prior methods?

● FID (Fréchet Inception Distance): Measures how close the generated image 

distribution is to real images; lower is better.

● IS (Inception Score): Measures both image quality and diversity based on classifier 

confidence; higher is better.

● Precision: Measures how realistic and high-quality the generated images are; 

higher is better.

● Recall: Measures how well the generated images cover the diversity of the real 

data distribution; higher is better.

● #Step: The number of steps required to produce one image; lower means faster 

generation.

● Inference time: The wall-clock time for image generation; lower is better.

How do we evaluate them?



Does VAR generate better images than prior methods?

● The compared families include 

○ GANs

○ Diffusion models

○ Masked models

○ Traditional 

autoregressive (AR) 

models

○ Proposed VAR models

Comparison on ImageNet 256×256



Does VAR generate better images than prior methods?

● VAR-d30-re achieves the best overall 

result with FID = 1.73 and IS = 350.2, 

outperforming all other compared 

methods.

● Even without rejection sampling, VAR-

d30 achieves FID = 1.92 and IS = 323.1, 

which is still better than most diffusion 

and autoregressive baselines.

Comparison on ImageNet 256×256



Does VAR generate better images than prior methods?

● Among GANs, StyleGAN-XL performs 

strongly with FID = 2.30 and IS = 265.1, 

but it is still worse than the top VAR 

models in both metrics.

● Among diffusion models, DiT-XL/2 

achieves FID = 2.27 and IS = 278.2, while 

larger models such as L-DiT-3B and L-

DiT-7B also remain behind VAR-d30-re 

in FID.

● The masked model MaskGIT is faster 

than diffusion and traditional AR 

models, but its FID = 6.18 is much worse 

than VAR.

Comparison on ImageNet 256×256



Does VAR generate better images than prior methods?

● Traditional AR models such as VQGAN, 

ViTVQ, and RQ-Transformer generally 

require many more generation steps and 

have worse FID than VAR.

● All reported VAR models require only 10 

steps, while diffusion models typically 

require 250 steps, and some AR models 

require up to 1024 steps.

● In terms of wall-clock inference time, VAR-

d16 takes only 0.4×, VAR-d20 takes 0.5×, 

VAR-d24 takes 0.6×, and VAR-d30 takes 

1×, showing efficient scaling with model 

size.

Comparison on ImageNet 256×256



Does VAR generate better images than prior methods?

● VAR-d36-s achieves the best result with FID 2.63 and IS 

303.2.

● VAR outperforms DiT-XL/2 (FID 3.04, IS 240.8) and 

clearly surpasses BigGAN, ADM, MaskGIT, and VQGAN.

● Inference time for VAR is 1, while DiT-XL/2 requires 81, 

showing a major speed advantage.

● The “-s” version uses a single shared AdaLN layer 

because of resource limitations.

● The result shows that VAR scales effectively to 512×512 

resolution while preserving both high quality and fast 

generation.

Comparison on ImageNet 512×512



Does VAR follow clean scaling laws as model size and compute increase?

● Prior work on autoregressive large language models shows that increasing model size, 

training tokens, or training compute leads to a predictable reduction in test loss.

● This relationship follows a power law:

● After taking logarithms, the relation becomes linear:

so a straight line in log-log scale indicates scaling-law behavior.



Does VAR follow clean scaling laws as model size and compute increase?

● To test this, they train 12 VAR models ranging from 18M to 2B parameters.

● The models are trained on the ImageNet training set with 1.28M images, corresponding to 

approximately 870B visual tokens per epoch under the VQ-VAE tokenizer.

● Depending on model size, training lasts 200 to 350 epochs, with a maximum of 305B training 

tokens.



Does VAR follow clean scaling laws as model size and compute increase?

● VAR model size is scaled using:

● Depth is varied from 6 to 30, producing 12 models from 18.5M to 2.0B parameters.

● Performance is evaluated using test loss and token error rate on the ImageNet validation 

set.

● Both last-scale and average-scale metrics are analyzed.

● As model parameters increase, both loss and error rate decrease smoothly.

Scaling laws with model parameters N



Does VAR follow clean scaling laws as model size and compute increase?

● he Pareto frontier identifies the 

minimum compute needed to 

reach a target performance level.

● Both loss and error follow clear 

power-law trends with respect to 

C_min.

● The log-log plots are nearly linear, 

with correlations close to −0.99.

● The results show that larger VAR 

models are more compute-

efficient when enough training 

data is available.

Scaling Laws with optimal training compute C_min



Ablation Study of VAR

● AdaLN: Adaptive Layer Normalization

● Top-k: sampling only from the top-k most likely tokens during generation

● CFG: Classifier-Free Guidance

● Attn. Norm.: normalizing query and key vectors before attention

● Scale up: increasing the model size to a larger VAR transformer

● Cost: inference cost relative to the baseline AR model

● Δ: reduction in FID compared to the baseline model



Ablation Study of VAR

● Baseline AR model: FID 18.65, cost 1.0

● Replacing AR with VAR gives a major gain: FID 5.22, cost 0.013



Ablation Study of VAR

● AdaLN improves FID to 4.95

● Top-k sampling improves FID to 4.64

● CFG improves FID to 3.60

● Attention normalization improves FID to 3.30



Ablation Study of VAR

● Scaling up to VAR-d30 (2.0B) achieves FID 1.73

● Final improvement over baseline: −16.85 FID

● Key message: the main gain comes from the VAR framework, with further 

improvements from architectural and sampling enhancements



What does scaling look like qualitatively in generated images?



What does scaling look like qualitatively in generated images?



Zero-shot task generalization



Zero-shot task generalization



Future Work and limitation 



Take home message

● Choosing a tokenization method to respect:

○ Unidirectional probabilistic principal of autoregressive methods

○ Locality and position in data

is key for maximizing performance and attaining the benefits of transformers (scaling and 

zero shot generalization) 

● For images, this paper shows that next scale token generation is a much more appropriate 

method that fits these assumptions better



THE UNIVERSITY OF BRITISH COLUMBIA
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