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Background: Fractals

« Self-similarity across different scales

. . gi
* Recursive generation rule (generator)

R
EEINN
ENANN

Gi41 Git1 gi+1 git1 gi+1

(a) generator
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(b) fractal from the generator
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Background: Hierarchical Representations

« Break down problems to different scales
 Sharable features across levels

« Deeper layers — Higher levels

Area CV NLP
Low-level Pixels, Edges | Words, Phrases
Feature
Mid-level Patterns Syntactic
Feature
High-level Objects Semantic

Feature
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Background: Swin Transformers

segmentation

¢ LO ca I |Zed sSe If'atte nt| on classification  detection ... classification
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* Linear complexity to image size /
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Q(W-MSA) = 4hwC* + 2M“hwC, == RERE
(a) Swin Transformer (ours) (b) VIiT
Layer | Layer 1+1
' : . maskea\ ~ ©
A local window to i |
. perform self-attention B r B 4 ‘ MSA B B
patch : il masked | -
A window partition Cl A > msa | | A
cyclic shift reverse cyclic shift
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Background: Swin Transformers
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Background: Autoregressive Models (AR)

* Predicts next token’s probability distribution =Sttt i
; ——'_ﬂl “I:at iy by him
« Compatible with sequenced data e .
N . ———— TTormer (GPT, Lama, patw, erey |
* Non-directional token dependency assumption 12) AR: Text generation by next.togen - edict w
R Prediction

o s B, DT, - B Hp(:{:t [ 10 I, P

) sat (4%)
(0]

* Images are bidirectional
cat (2%)

* Needs alignment across scales

Figu 9Tkndpd ypltthh nalized hea lmapftlet thll elf-attentio
layer of VQGAN en ualized. 4 ra dm256 256 images from Im gNt ldt set are used. 6
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Background: Visual Autoregressive Modeling (VAR)

* Problem: Image data is non-sequential

* Modify AR, predict next token — predict next scale

Three Different Auforegressive
Generative Models



PEETTN »
TR N
N e 7K P

s PEKING UNIVERSITY

Background: Visual Autoregressive Modeling (VAR)

* Problem: Image data is non-sequential

« Modify AR, predict next token — predict next scale

Three Different Auforegressive
Generative Models




Background: Visual Autoregressive Modeling (VAR)

LN »
NELF PR

PEKING UNIVERSITY

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

N
{

.

|
$ s
! .
i, b
\\|

- -

B

VAE encoding Multi-scale quantization & Embedding Decoding

« Complexity of AR: ;

i=1
« Complexity of VAR:
k k 2k
. Oy, . B 1
LD DU

Stage 2: Training VAR transformer on tokens
(/5] means a start token with condition information)

1 L) T3 : Cross-Entropy
PP [a](2)(3)[a]ii Ay 1] - (2 9—1

! A1 —1 Block-wise causal mask
VAR Transformer (causal) T
e
B | P —— A : EEmErEEEE

iep|1]l2][3)(4]ijeg|l)~ 8](9]]

A _............_....i.......... -..............r....._........"

word embedding and up-interpolation
1 L

n "2 L=12+22+3* =14



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

VAE encoding

« Complexity of AR: ;

« Complexity of VAR:

ke k

2k
s g =
E : I o T i |

a? —1

Multi-scale quantization & Embedding Decoding

Stage 2: Training VAR transformer on tokens
(/5] means a start token with condition information)

T'1 :Tz ']"3 an
fliifa[a](2)(3])[a]iifa[2] - [8][3
B I .

VAR Transformer (causal)

iep(1](2][3](4]iiez(2] [8][a];

——  Cross-Entropy

!

Block-wise causal mask
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word embedding and up-interpolation
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Background: Masked Autoregressive Model (MAR)
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Modularization

* Modularize diffusion models as atomic building blocks

« Use diffusion loss to predict tokens

* Predict multiple tokens simultaneously

K
plal, ... 3%) = p(X%,..,. X5) = [ | ol X? | ¥,... X5
k

Xk = 1 oy |

Random order masks

Bidirectional attention

noisy -, —>

condition z

Y

1
MLP —» =

diffusion loss for p(z|z)

(a) AR, raster order

—
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(b) AR, random order
P

(c) Masked AR

p—
e —
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known/predicted to predict at this step

unknown

11
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Method: Fractal Generative Models

 Motivation

» To construct more advanced generative models from existing modules
* Intuition

* Fractal structures exist in biological neural networks

« Fractals are complex patterns that emerge from simple, recursive rules
- Autoregressive Model as Fractal Generator

« Can handle tokens with layers, sequence length manageable

 Reduces computational cost; captures intrinsic hierarchical structure

« Compatible with all divide-and-conquer-able data
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Method: FGM VS Previous Methods

« AR * VAR
 Linear, causal  Divide feature map to scales
* Next token prediction * Next scale prediction
xr K
P, LD, cosfBip) = Hp(:r:t [T P p(ri,ra,...,7) = Hp(*rk | 21,72, - o g Tied ),
=1 k=1
* MAR « FGM
* Modularized, masked * Modularize entire models
* Next set-of-tokens prediction * Next model prediction
K
Pl ™) = XY, ., XEY = T o X® | XY, 52 N = kr, n = logg(N)
k k
plfa 2l | B 8 T) p(T1,.. . xp) = Hp(;x:(i_l}.ku_lﬂ,...,mi,kn_l #1540y Tgg_gy40-1)-
i=1

13



Method: An Image Generation Instantiation

» Task: pixel-by-pixel image generation
« Challenge: high dimensionality and complexity of raw image data

* Importance: element-by-element generation with non-sequential data

Output from
prev. generator

 Architecture:

E E B8

» Divide last layer outputs to patches

 Embed patches to a sequence h & Trshomer Blocks

* Feed the sequence to transformer blocks

« Forward the embeddings to the next layer O 6 6 & ©
« 1stlayer: 16 X 16 N e A

14



Computational Cost Reduction
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Method:
image resolution
64x64x3 | 256x256%3
g1 | 256 256
ga | 16 16
. len.
seq. len g | 3 16
94 | - 3
gi | 32 32
g2 | 8 8
#l Y
ayers ol § 1
94 | - I
g1 | 1024 1024
5 2
hidden dim | 9% | - e 12
gs | 128 256
gs | - 64
g1 | 403 403
: 25 3
#params (M) 92 .
gs | 0.6 3
gs | - 0.1
g1 | 215 215
#GFLOPs | 92 | 28 o
gs| 15 419
gs | - 22

« 256X256 to 64X64 (number of GFLOPs):
« 16 times big, only 2 times slow
« Compared to VAR (256 X 256, last layer):

VAR: full attention across the image
(256 x 256)% = 4,294,967,296

FGM: only in 4 X4 patches
(64 x 64) x (4 x 4)? = 1,048,576
o 4096 times fast!

15



Method: Implementation

* Training
« End-to-end training on raw image pixels
« (o through fractal architecture breadth-first

« Each model produces a set of outputs

(b) fractal from the generator

HENNN
« Go through fractal architecture depth-first .-H11

» (Generator captures interdependence between patches E H

« Last layer predicts RGB channels

« Generation

* Pixel-by-pixel

16



Method: Implementation DAtrrE




Experiments

: Likelihood Estimation
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Seq Len

g1 g2 g3 | #GFLOPs NLL|
AR, full-length 12288 - - 29845 N/A
MAR, full-length 12288 - - 29845 N/A
AR, 2-level 4096 3 - 5516 3.34
MAR, 2-level 4096 3 - 5516 3.36
FractalAR (3-level) 256 16 438 3.14
FractalMAR (3-level) 256 16 438 3.15

* More layers, less cost, better NLL

type NLL/|
iDDPM (Nichol & Dhariwal, 2021) diffusion  3.53
VDM (Kingma et al., 2021) diffusion  3.40
FM (Lipman et al., 2022) diffusion’ 3.31
NFDM (Bartosh et al., 2024) diffusion  3.20
PixelRNN (van den Oord et al., 2016b) AR 3.63
PixelCNN (van den Oord et al., 2016a) AR 3:57
Sparse Transformer (Child et al., 2019) AR 3.44
Routing Transformer (Roy et al., 2021) AR 3.43
Combiner AR (Ren et al., 2021) AR 3.42
Perceiver AR (Hawthorne et al., 2022) AR 3.40
MegaByte (Yu et al., 2023) AR 3.40
FractalAR fractal 3.14
Fractal MAR fractal 3.15

« Qutperforms previous AR models by a margin
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Experiments: Generation Quality
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type |#params|FID] IST |Pre.T Rec.t

BigGAN-deep GAN 160M | 695 198.2| 0.87 0.28

GigaGAN GAN S569M | 3.45 225.5| 0.84 0.61
StyleGAN-XL GAN 166M | 2.30 265.1|0.78 0.53
ADM diffusion | 554M | 459 186.7] 0.82 0.52
Simple diffusion | diffusion 2B A58 2WHhG| =
VDM-++ diffusion 2B 212 2617 | =
SiD2 diffusion - 1.38 - -
JetFormer AR+flow| 2.8B | 6.64 - 0.69 0.56

FractalMAR-B | fractal 186M [11.80 274.3| 0.78 0.29
FractalMAR-L | fractal 438M | 7.30 334.9|0.79 044
FractalMAR-H | fractal 848M | 6.15 348.9| 0.81 0.46

Strong IS and Precision
Weak FID and Recall

More params improves

Already larger than GANs
The only pixel-by-pixel model

19
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Experiments: Generation Quality
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Ground truth

Masked input Reconstructed

Inpainting

Outpainting

Uncropping

Cross-conditional editing '

- 21



Conclusion and discussion

* Proposes a new type of model structure: fractal generative models
« Reduces computational costs and accelerates training significantly
+ Effective on pixel-by-pixel image generation
« Simple and widely applicable
» Discussion / Limitations:

» Just an accelerated version of VAR?

« Computational optimization requires more proof

 Limited innovation on architecture
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