RandAR: Decoder-only Autoregressive Visual Generation in Random Orders

Supplementary Material

In this supplementary material, we first provide the
pseudo-code (Sec. A) and additional implementation de-
tails (Sec. B). Then, we provide analyses on different gen-
eration orders (Sec. C) and results at intermediate training
steps (Sec. D) and 384 %384 resolution generation perfor-
mance (Sec. E). We conduct a more in-depth analysis of
bi-directional feature encoding (Sec. F) and spatial contex-
tual guidance (Sec. G). We finally present additional visu-
alization of the generated images (Sec. H) and discuss the
limitations and future works (Sec. I).

A. Pseudo-Code

We have provided the Pytorch-style pseudo-code for our
random-order training (Algorithm A) and parallel decod-
ing inference (Algorithm B). We will release the code upon
acceptance.

B. Additional Implementation Details

For image preprocessing, we follow the approach in Llama-
Gen [44]. Specifically, for 256 x 256 experiments, we resize
the image’s shorter edge to 256 x 1.1 and apply a center
square crop with the same size, and then perform ten-crop
augmentation.

All the experiments in Table 1, including raster-order

counterparts, use classifier-free guidance (CFG) with a lin-
ear schedule for sampling. The optimal CFG weight is de-
termined through a sweep with a step size of 0.1 across all
methods. We use a temperature of 1.0 without applying top-
k filtering.
Model Configurations. We have provided several sizes of
the RandAR model following LLaMAGen [44], which are
plain decoder-only transformers. The detailed architectures
are in Table A.

Table A. Model configurations of RandAR.

Model \ Parameters Layers Hidden Dim Attn Heads
RandAR-L 343M 24 1024 16
RandAR-XL 775M 36 1280 20
RandAR-XXL 1.4B 48 1536 24

C. Ablation Study on Generation Orders
Generation Orders. In Table B, we analyze RandAR
with different generation orders from VQGAN [10]: spiral-
in, spiral-out, z-curve, subsample, and alternate. These or-
ders are visualized in Fig. A using 4 x4 grids.
Inference-time Orders. RandAR can utilize arbitrary
generation orders by training on random generation or-
ders. In addition to the row-major raster order, we inves-

Table B. Ablation studies on generation orders for RandAR. We
experiment with the default fully-randomized orders, the partially
randomized orders guided by priors, and the fixed orders explored
in VQGAN [10]. We discover that the default random order per-
forms the best, and the orders of “hierarchical random” and “sub-
sample” also outperform other orders. These indicate that Ran-
dAR benefits from the overall image contexts provided by more
divergent token locations at initial steps.

Order | FIDy | ISt | Precision? | Recallf | Steps
Random | 225 | 3178 | 080 | 060 | 88
Hierarchical Random | 2.36 | 310.2 0.80 0.60 88
Center-first Random 297 | 262.8 0.76 0.63 88
Border-first Random 2.56 | 300.5 0.78 0.61 88
Raster 4.82 | 2992 0.71 0.60 | 256
Spiral-in 3.36 | 280.1 0.72 0.64 | 256
Spiral-out 379 | 2395 0.73 0.65 | 256
Z-curve 4.00 | 3173 0.73 0.60 | 256
Subsample 240 | 298.8 0.79 0.61 | 256
Alternate 429 | 307.2 0.72 0.58 | 256

tigate the generation orders as explained above. Because of
the random-order generation ability of RandAR, we further
propose some prior knowledge for using partially random
orders: (1) Hierarchical, which is used for our resolution ex-
trapolation and first generates the tokens at even coordinates
for a global layout; (2) Center-first, which first generates the
tokens at the center 1/2x1/2 of the image; (3) Border-first,
which first generates the background before the center to-
kens. The visualization of these orders is in Fig. A.

The experimental results are shown in Table B. It indi-
cates that a fully randomized order, the default choice of
RandAR, performs the best. We conjecture that a fully ran-
domized order best leverages the RandAR’s capability of
combining contexts from different locations of the images.
Interestingly, the generation orders that encourage more di-
vergent token locations at initial steps, i.e., hierarchical ran-
dom and subsample, perform better than the other orders,
potentially via covering a larger range of image contexts.

D. Performance at Middle Training Steps

We provide the additional results of our RandAR models
at intermediate training steps in Table C. All the results are
evaluated with 88 steps of generation with parallel decoding
described in Sec. 3.3.

E. RandAR on ImageNet at 384 Resolution

We report results on ImageNet at 384x384 resolution us-
ing the same tokenizer, which produces 24x24 tokens per
image, corresponding to 576! random permutations. Our
XL-sized model, with 775M parameters, is trained using the



Algorithm A RandAR Training Pytorch-style Pseudo-Code.

Random order training.
Input list:
class_indices:
, h, int, batch_size,
img_token_indices: [b, h w),
d: the hidden dimension of the model
head_dim: dimension of each attention head
model: the decoder-only transformer
Output: training loss

[b, 1], b is batch

size,

D w:

*
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# Step-1: Sample random orders

seq_len h ~ w

raster_order_indices torch.arange (seqg_len) .repeat (b,
position_indices random_permute (raster_order_indices)

# Step-2: Prepare embeddings

image_tokens = model.token_embeddings[image_token_indices]

image_tokens
cls_token

torch.gather (image_tokens.unsqueeze (-1),
model.cls_embeddings[class_indices] # [b,

# Random dropout
image_tokens random_dropout (image_tokens,
cls_token random_dropout (cls_token, p=0.1)

p=0.1)

# Step-3: Compute position instructions tokens

# get 2D RoPE frequencies for each spatial location
rope_freqgs_cis model.compute_rope_frequencies (b, h,
# flatten h, w to seqg_len,
rope_fregs_cis rope_fregs_cis.flatten((1, 2)) # [b,
# get 2D rope frequencies in permuted random orders

#
rope_fregs_cis rope_freqgs_cis[position_indices]

W,
arranging 2D RoPE frequencies
seq_len,

dtype of torch.long;
height and width for latent
image token indices after the tokenizer

size

space

1)
#

# [b, seg_len, d]
dim=1, position_indices.unsqueeze (-1)

d]

&

base=10000) # [b,
in raster order
head_dim//2,

h, w, head_dim//2, 2]

2]

# get position instruction tokens corresponding to tokens in random order

pos_instruct_tokens

# Step 4: Prepare Teacher Forcing Sequences

x = torch.zeros(b, 1 + 2 » seqg_len, d).to(image_tokens.
x[:, 0] = cls_token

x[:, 1::2] = pos_instruct_tokens

x[:, 2::2] = image_tokens

x_rope_fregs = torch.zeros(b, 1 + 2 x seg_len,

apply_2d_rope (model.shared_pos_embed,

rope_freqgs_cis) # [b, seqg len,

device)

head_dim // 2)

ion instruction tokens

x_rope_fregs[:, 0] = model.class_rope_freqgs
x_rope_freqgs[:, 1::2] = rope_fregs_cis # rope for posit
x_rope_freqgs[:, 2::2] = rope_fregs_cis # rope for image tokens

Next-token Prediction
x_rope_freqgs) # [b, 1 + 2

# Step-5: Training with
pred_logits model (x,

*

&
kil

pred_logits

generated tokens from position instruction tokens
pred_logits[:, 1::2] # [b, seqg_len,

# return back to raster order
index_to_raster_order
raster_pred_logits

sequence for
torch.argsort (position_indices)
torch.gather (pred_logits, dim=1,

loss = cross_entropy (raster_pred_logits.view(-1,
return loss

seq_

vocab_.

len, vocab_size]

vocab_size]

loss computation

# [bs, seqg_len]

index_to_raster_order.unsqueeze (-1)

size), image_token_indices.view(-1)

same setup. With 180 sampling steps, the model achieves
an FID of 2.32 and an Inception Score of 323. Using 144
sampling steps, it achieves an FID of 2.35 and an Incep-
tion Score of 322. The FID is slightly higher than that of
the 256x256 model, consistent with observations in Llam-
aGen [44] that models smaller than 1B parameters perform
slightly worse at 384x384 resolution.

F. Additional Results on Feature Encoding

We have conducted feature encoding experiments in
Sec. 4.4.4 and Table 4, suggesting that decoder-only trans-
formers learned in random generation orders can general-
ize to extracting features from bi-directional contexts, while
raster-order models cannot. In this section, we provide ad-

ditional ablation studies and discussions.

Comparison with VQ Tokenizer. Here we demon-
strate that our autoregressive transformer learns better rep-
resentation than its VQ tokenizer, which provides the in-
put token indices to our RandAR transformers. Specifi-
cally, we conduct the feature correspondence experiment
on SPari71k [32] with the DIFT [45] framework, only re-
placing the feature extractor with the encoder from the VQ
Tokenizer. As shown in Table D, VQ Tokenizer performs
significantly worse than our RandAR.

Transformer Layers in RandAR. As noticed by previ-
ous work [33, 63], varied layers from a decoder-only lan-
guage model can have significantly different abilities for vi-
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Figure A. Illustration of different generation orders. RandAR, by
default, uses a fully randomized order for inference. We investi-
gate the fixed generation orders proposed in VQGAN [10] (top)
and partially random orders guided by the priors of hierarchy,

center-first, and border-first (bottom).
Table C. Generation Results for Intermediate Training Steps. With

a batch size of 1024, 300 epochs of full RandAR training equals
360 iterations.

Model | Tters | FID| | IST | Precision? | Recallf
50k 421 224.2 0.83 0.49
RandAR-L 100k | 3.85 | 251.4 0.82 0.52
300k | 3.21 259.7 0.80 0.55
50k 3.11 | 271.1 0.81 0.53
RandAR-XL 100k | 2.82 | 293.6 0.81 0.56
300k | 2.66 | 296.3 0.80 0.57
50k 3.01 277.4 0.79 0.57
RandAR-XXL | 100k | 2.61 296.5 0.79 0.57
300k | 2.37 | 309.5 0.79 0.60

sual feature encoding. RandAR has a similar case since the
earlier layers might concentrate on low-level patterns while
later layers are primarily used to map the features into the
token space. For our 775M model, which has 36 layers,
we analyze the performance difference for 12-th, 24-th, and
36-th layers. As shown in Table D, the 24-th layer performs
the best for both random and raster order models; thus, it is
used for our comparison in Table 4 in the main paper.

G. Spatial Contextual Guidance

In Sec. 3.4.3, we introduce a new type of guidance called
“Spatial Contextual Guidance” (SCG) inspired by the
classifier-free guidance (CFG). This section describes SCG
in detail and analyzes its benefits.

G.1. Formulation of Spatial Contextual Guidance

The motivation of SCG is to enable better consistency in
high-frequency details, as shown in Fig. 6. Inspired by
CFG, SCG guides the generation by calculating the differ-

Table D. Ablation Studies for Finding Feature Correspondences
on SPair71k [32]. We search for the best decoder-only transformer
learning for feature encoding (24-th), and then show that the fea-
tures from our RandAR transformer are better than those from the
VQ image tokenizer.

Feature Correspondence (SPair71k)

Model ‘ Layer | ek (Per Image) 1 PCK (Per Point) 1
RasterAR ‘ ‘ 24.5 28.6
w/ 2nd Round 24-th 3.6 39
RandAR | 22.1 25.8
w/ 2nd Round 313 36.4
VQ Tokenizer | | 5.6 6.0
RasterAR 10.7 12.4
RasterAR w/ 2nd Round 12-th 3.5 3.7
RandAR w/ 2nd Round ‘ 16.3 19.0
RandAR 11.0 12.6
RasterAR 11.1 12.5
RasterAR w/ 2nd Round 35 3.7
36-th
RandAR | 2.4 2.5
RandAR w/ 2nd Round 10.3 11.2

ence between the two sampling results with all the previous
tokens as context and part of the previous tokens as context.
Denoting the RanAR network as eg(-), the spatial contex-
tual guidance is:
€o(X1:n, ) = €9 (Xf:m )+ Wseg (€0 (X1:0, ¢) — (€0 (X(f:nﬂ c))s
(A)

where c is the class conditioning, x;.,, is the set of tokens
generated in previous steps, and xfm is the set of tokens
with a random dropout. With such guidance, the final gen-
erated result €y (1.5, ¢) has better consistency with the to-
kens dropped out from x.,,.

When combining SCG with the conventional CFG, we
follow InstructPix2Pix [2] and Liu et al. [26] to compose
two guidances together:

59 (Xlzn7 C) =€ (Xf:n’ C¢)+
wscg‘(69 (Xlt’m C¢) — €o (Xf:n’ C¢))+ (B)

wcfg(ea (Xl:ny C) — €9 (Xlz'm C¢))7
where wg.g = 1 will make the above guidance equivalent to
conventional CFG.

SCG is supported by the training since the image to-
kens experience a random dropout of 10%, following the
standard practice in LLaMAGen [44]. During the inference
time, we randomly dropout a token to all zeros by the prob-
ability of 25% to create xfm. In this way, the generation
process is still fully autoregressive and compatible with KV-
cache.

G.2. Evaluation of Spatial Contextual Guidance

SCG can improve the visual quality of regular resolution
generation and resolution extrapolation.

Resolution Extrapolation. As shown in Fig. B, using
SCG enhances the high-frequency details of the images
when generating 512x512 images directly from our 775M
RandAR trained from 256x256. Numerous extraneous



Figure B. Using spatial contextual guidance (SCG) significantly
improves the visual quality for zero-shot resolution extrapola-
tion, especially the high-frequency details. The images are all
512x512, and the “w/ SCG” samples are from wscg = 2.5. (Zoom
in for high-resolution details.)

Table E. Ablation Study of Spatial Contextual Guidance (SCG).
SCG can improve the visual quality for random-order AR models,
where it decreases sFID by a large margin with a minor drop in
FID. Although SCG is only designed for resolution extrapolation,
it implicitly reflects the advantage of RandAR in combining bi-
directional context.

Model | SCG | FID| | sFID] | IS | Precisiont | Recall

X 225 6.13 | 317.8 0.80 0.60
v 2.34 5.85 | 303.8 0.80 0.60

RandAR ‘

parts of the objects and uneven patterns are removed.

Regular 256 <256 Generation. Although SCG is primar-
ily proposed for the challenging zero-shot resolution extrap-
olation, its effects are also reflected in regular 256256
generation. Our observation is also validated by quantita-
tive evaluation. As in Table E evaluating the 775M RandAR
model, SCG of wscg = 1.2 can improve sFID, which em-
phasizes more low-level details, at a marginal drop of FID.

H. Additional Generation Results

H.1. Outpainting

We provide additional visualizations of the outpainting re-
sults in Fig. C.

H.2. Regular Image Generation

We demonstrate the uncurated 256 x256 images generated
from our 775M RandAR-XL. They are displayed from
Fig. D to Fig. I.

H.3. Resolution Extrapolation

We provide uncurated resolution extrapolation results from
Fig. J to Fig. O with 775M RandAR-XL. Our zero-shot ex-
trapolation produces high-quality images with unified lay-
outs and detailed patterns like furs of dogs (Fig. J), coral
reefs (Fig. K), and scenery (Fig. M). However, we also no-
tice that zero-shot resolution extrapolation is a challeng-
ing task. As the model has never been trained on high-
frequency details, it will struggle with the small patterns,
e.g., eyes and noses of dogs (Fig. J, Fig. L) and straight
shapes of man-made objects (Fig. N).

Figure C. 4 x Outpainting results using 256256 RandAR to gen-
erate 256 1024 images. Full sequence attention is used.

I. Limitations and Future Works

Our RandAR investigates enabling decoder-only transform-
ers to generate image tokens in random orders. Although it
illustrates the advantages of combining bi-directional con-
texts from images, random-order generation so far achieves
comparable performance compared with the raster-order
counterparts, as learning from a much larger number of or-
ders is significantly more challenging. Therefore, a mean-
ingful future investigation would be improving the data ef-
ficiency of training a random-order model.

In addition, we notice the trend of joint visual language
generation with decoder-only transformers [46, 51, 62],
which uniformly follows a raster-order design. From this
aspect, RandAR can be further scaled up from ImageNet
pre-training to the image-text and image-video datasets.



Algorithm B RandAR Parallel Decoding Pytorch-style Pseudo-Code.

Input list:

class_indices: [b, 1], b is batch size, dtype of torch.long;

b, h, w: int, batch_size, height and width for latent space size

d: the hidden dimension of the model

model, vg_vae: the decoder-only transformer and the Vector quantized VAE
Output: a batch of generated images

B Rtk

# Step-1l: Sample random orders

seq_len = h x w

raster_order_indices = torch.arange (seq_len) .repeat (b, 1) # [b, seg_len]
position_indices = random_permute (raster_order_indices) # [b, seqg_len]

# Step-2: Compute position instructions tokens
# get 2D RoPE frequencies for each spatial location

Parallel decoding with cosine step size schedule. Classifier-free guidance is omitted for simplicity.

rope_freqgs_cis = model.compute_rope_frequencies (b, h, w, base=10000) # [b, h, w, head_dim//2,

# flatten h, w to seqg_len, arranging 2D RoPE frequencies in raster order
rope_freqgs_cis = rope_freqgs_cis.flatten((1, 2)) # [b, seqg_len, head dim//2, 2]
# get 2D rope frequencies in permuted random orders

rope_freqgs_cis = rope_freqgs_cis|[position_indices]

# get position instruction tokens corresponding to tokens in random order

pos_instruct_tokens = apply_2d_rope (model.shared_pos_embed, rope_freqgs_cis) # [b, seq_len, d]
# Step-3: Init KV-caches & Class_embedding & PlaceHolder for generated tokens
max_token_length = 1 + seq_len x 2 # class_embedding + position instruction tokens + image tokens

model.setup_KVcache (max_token_length, batch_size=b)
class_embed = model.class_embedding(class_indices) # [b, 1, d]

generated_code_indices = torch.zeros((b, seqg_len), dtype=torch.long) # [b, seg_len], placeholder

num_generated = 0

# Step-4: Prefill: prepare input of first decoding iteration

step_size = 1 # number of decoding tokens for next iteration. starting at one-token-each-time

x = torch.cat ([class_embed, pos_instruct_embeddings[:, 0:1]], dim=1) # [b, 2, d]
x_rope_freqgs = torch.cat ([model.class_rope_freqgs, rope_freqgs_cis[:, 0:1]], dim=1) # [b, 2,
kvcache_write_indices = torch.arange (2)

# Step-5: Start decoding loop. Using Parallel decoding with Cosine step-size schedule
while num_generated < seq_len:

pred_logits = model (x, x_rope_freqs, kvcache_write_indices) # [b, num_cur_tokens, vocab_size]

pred_logits = pred_logits[:, -step_size:] # [b, num_qguery_tokens, vocab_size]

sampled_indices = sample (pred_logits, temperature=1.0, topk=-1) # [b, step_size] in torch.long

generated_code_indices[:, num_generated:num_generated+step_size] = sampled_indices
sampled_tokens = model.token_embedding(sampled_indices) # [b, step_size, d]

# prepare input x, x_rope_freqgs, kvcache_write_indices for next iterations.
step_size_next = CosineSchedule (num_generated, seqg_len)

suppose the step size of last iteration is 2, the model decoded two image tokens, denoting as il,

denote the position instruction token for these two decoded tokens as pl, p2.
Then in last iteration, the input tensor x is [...., pl, p2].

#

#

# suppose the step size for the next iteration remains as 2,

# with new position instruction tokens p3 and p4,

# then the input tensor x for the next iteration would be [il, p2, 12, p3, pé].

# Note We rewrite the KV-cache corresponding to [i1l, p2, i2],

# so that the effective KV-cache follows the interleave format: [..., pl, il, p2, i2,
# consistent with training format.

#
X
X
k

the number of input tokens for next iteration would be: 2 % step_size + step_size_next -1

= torch.zeros((b, 2 x step_size + step_size_next -1, d))
_rope_freqgs = torch.zeros((b, 2 » step_size + step_size_next -1, head_dim // 2, 2))

vcache_write_indices = torch.arange (2 x step_size + step_size_next -1) + kvcache_write_indices[1-

step_size]
# using examples in above comments, fill in the [il, p2, 12] part

x[:, 0] = sampled_tokens[:, 1]
x_rope_freqgs[:, 0] = rope_fregs_cis[:, num_generated]
for 1 in range(step_size - 1):
x[:, 2 » 1 + 1] = pos_instruct_tokens[:, num_generated + i + 1]
x[:, 2 »x 1 + 2] = sampled_tokens[:, 1 + 1]
x_rope_fregs[:, 2 » 1 + 1] = rope_fregs_cis[:, num_generated + i + 1]
x_rope_freqgs[:, 2 1 + 2] = rope_fregs_cis[:, num_generated + i + 1]

num_generated += step_size
step_size = step_size_next
# using examples in above comments, fill in the [p3, p4] part

x[:, —-step_size_next:] = pos_instruct_tokens[:, num_generated:num_generated + step_size_next]
x_rope_freqgs[:, -step_size_next:] = rope_fregs_cis[:, num_generated:num_generated + step_size_next]

# Step-6, decode generated tokens to images
index_to_raster_order = torch.argsort (position_indices) # [bs, seg _len, 1]

head_dim//2,

y

i2.

generated_code_indices = torch.gather (generated_code_indices.unsqueeze(-1), dim=1, index_to_raster_order)

img = vg_vae.decode (generated_code_indices)
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Figure D. Uncurated generation results (256 x256). wcrs = 4.0. Figure F. Uncurated generation results (256 x256). wege = 4.0.
Golden retriever (ImageNet class 207). Balloon (ImageNet class 417).

Figure E. Uncurated generation results (256 xX256). wegz = 4.0. Figure G. Uncurated generation results (256 x256). wcrs = 4.0.
Husky (ImageNet class 250). Volcano (ImageNet class 980).



Figure H. Uncurated Generation Results (256 X256). wcg = 4.0. Figure J. Uncurated Zero-shot Resolution Extrapolation.
Schooner (ImageNet class 780). Werg = 3.0, Wscg = 2.5. Golden retriever (ImageNet class 207).
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Figure I. Uncurated Generation Results (256 x256). wcgs = 4.0. Figure K. Uncurated Zero-shot Resolution Extrapolation.
Space shuttle (ImageNet class 812). Wetg = 3.0, Wseg = 2.5. Coral reef (ImageNet class 973).
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