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Figure 1. VibeToken-Gen image generation examples. A single resolution-generalist visual autoregressive model trained on ImageNet1k
that can synthesize arbitrary resolution and aspect ratio images. The examples shown are from various resolutions between 256×256 and
1024×1024. VibeToken-Gen leverages our novel resolution-agnostic 1D visual tokenizer, VibeToken, that can efficiently encode any
resolution into as few as 64 tokens, making our AR model 63× efficient than the baseline (LlamaGen) on a 1024×1024 resolution.

Abstract

We introduce an efficient, resolution-agnostic autoregres-001
sive (AR) image synthesis approach that generalizes to ar-002
bitrary resolutions and aspect ratios, narrowing the gap003
to diffusion models at scale. At its core is VibeToken, a004
novel resolution-agnostic 1D Transformer-based image tok-005
enizer that encodes images into a dynamic, user-controllable006
sequence of 32–256 tokens, achieving a state-of-the-art effi-007
ciency and performance trade-off. Building on VibeToken,008
we present VibeToken-Gen, a class-conditioned AR gener-009
ator with out-of-the-box support for arbitrary resolutions010

while requiring significantly fewer compute resources. No- 011
tably, VibeToken-Gen synthesizes 1024×1024 images us- 012
ing only 64 tokens and achieves 3.94 gFID; by compari- 013
son, a diffusion-based state-of-the-art alternative requires 014
1,024 tokens and attains 5.87 gFID. In contrast to fixed- 015
resolution AR models such as LlamaGen—whose inference 016
FLOPs grow quadratically with resolution (≈11T FLOPs at 017
1024×1024)—VibeToken-Gen maintains a constant 179G 018
FLOPs (63.4× efficient) independent of resolution. We hope 019
VibeToken can help unlock the wide adoption of AR visual 020
generative models in production use cases. 021
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1. Introduction022

The landscape of visual generative modeling has been trans-023
formed by the advent of diffusion and autoregressive (AR)024
models [8, 12, 16, 18, 25, 31, 32, 42]. Diffusion models have025
emerged as the workhorse for production-scale image genera-026
tion [9, 24, 28, 29]. In contrast, AR image synthesis [16, 32],027
despite achieving competitive performance, has seen lim-028
ited deployment in production use cases. A key reason is029
flexibility: diffusion models generalize naturally to arbitrary030
resolutions and aspect ratios, while AR models struggle to031
do so. As a result, most existing AR literature targets fixed032
resolutions (e.g., 256×256, 512×512) and fails to adapt to033
arbitrary resolutions and aspect ratios [22, 33, 34, 39, 40].034
A common workaround is to append super-resolution mod-035
ules [42], but this introduces additional training complexity036
and computational cost (e.g., SDXL/Flux-upscaler) [9, 27].037

We trace these scalability issues back to the image tok-038
enizer [8, 21, 30, 32, 42]. As shown in Figure 2, conventional039
2D CNN-based tokenizers (e.g., VQGAN [8]) produce a con-040
siderable number of tokens that grow linearly with image041
resolution, which in turn drives AR inference FLOPs to grow042
nearly quadratically due to self-attention [8, 21, 32]. The043
need for length generalization in next-token prediction com-044
pounds this burden. Recent 1D Transformer-based image045
tokenizers offer stronger compression and partially allevi-046
ate scaling challenges, but they still struggle to generalize047
across resolutions and aspect ratios, unlike their 2D counter-048
parts [1, 4, 14, 17, 19, 23, 44].049

This motivates us to ask the question: “Can we encode050
images of arbitrary resolution into a fixed, small number of051
tokens and decode them back?” If so, an AR generator could052
be trained at fixed dimensions, while the tokenizer shoulders053
most of the scaling burden.054

In this work, we answer this by proposing novel055
resolution-agnostic image tokenization. We scale 1D im-056
age tokenizers to support arbitrary resolutions efficiently and057
introduce VibeToken. It encodes any input resolutions into058
a dynamic, user-controllable sequence of 32–256 tokens and059
decodes to any target resolution (input and output resolutions060
may differ). To achieve this, we systematically analyze and061
scale the architecture, yielding a truly flexible 1D tokenizer062
via: (1) dynamic patch embeddings that adapt to input resolu-063
tions, (2) variable image token representations, (3) efficient064
positional embeddings robust to resolution and aspect-ratio065
changes, and (4) pretraining strategies designed to promote066
out-of-distribution resolution generalization. This strategy067
confers both high compression and strong resolution gener-068
alization, and natively supports super-resolution.069

Building on VibeToken, we present VibeToken-Gen,070
an efficient class-conditioned AR generator and inference071
pipeline that, for the first time, scales gracefully to arbi-072
trary resolutions and aspect ratios without resolution-specific,073
compute-intensive training. We train VibeToken-Gen on074

ImageNet-1k with a training-time token budget comparable 075
to (or smaller than) fixed-resolution AR baselines (e.g., Lla- 076
maGen at 256×256). We found that 64 tokens are sufficient 077
for VibeToken-Gen to synthesize arbitrary-resolution im- 078
ages (including 1024×1024). Crucially, VibeToken-Gen re- 079
quires a constant 179 GFLOPs at inference for any resolution, 080
whereas LlamaGen scales to ≈11 TFLOPs at 1024×1024. 081

As a result, VibeToken-Gen offers substantial efficiency 082
gains over existing AR models and points toward production- 083
grade, resolution-generalist AR modeling. To summarize, 084
our key contributions are following: 085
• We propose a resolution-agnostic image tokenizer that 086

enables efficient, scalable AR image generation across 087
arbitrary resolutions and aspect ratios. 088

• We scale 1D tokenizers to generalize to out-of-distribution 089
resolutions and natively support image super-resolution. 090

• VibeToken achieves state-of-the-art reconstruction among 091
1D tokenizers while supporting dynamic-length (32–256) 092
encoding. 093

• VibeToken-Gen maintains a constant 179 GFLOPs at in- 094
ference, whereas prior AR models’ FLOPs grow quadrati- 095
cally with resolution. 096

• VibeToken-Gen is faster (5.14×) and better (33%) than 097
the diffusion counterpart (NiT) for 1024×1024 synthesis 098
(0.21 s vs 1.08 s), both achieving gFID of 3.94 and 5.87, 099
respectively 1. 100

2. Related Works 101

Autoregressive image generation. Visual AR models learn 102
the likelihood of discrete visual tokens, typically in raster- 103
scan order (i.e., row-by-row), through next-token prediction. 104
Early approaches, such as VQGAN+Transformer [8], ViT- 105
VQGAN [41], Parti [42], RQ-Transformer [15], and Llam- 106
aGen [16], encode images into a discrete latent space and 107
perform AR modeling therein. Despite strong fidelity, scal- 108
ing is hindered by token growth at higher resolutions and 109
the quadratic attention cost with sequence length. Recent 110
variants improve performance by altering factorization or 111
ordering (e.g., scale-wise AR in VAR [34]; randomized or- 112
ders in RAR [45]), achieving speed/quality gains. However, 113
most AR systems are still trained at fixed, relatively low 114
resolutions (256× 256 or 512× 512), and they struggle to 115
generalize to arbitrary resolutions and aspect ratios due to 116
rapidly increasing token counts and compute. 117
Image tokenizers. Tokenizers determine the sequence 118
length, which in turn affects the feasibility of AR model- 119
ing. Classical designs quantize 2D VAE latents with vector 120
codebooks, with many variants exploring quantization strate- 121
gies such as lookup-free quantization (LFQ) [32] and multi- 122
vector quantization (MVQ) [22]. Recently, DC-AR [40] at- 123

1VibeToken can be repurposed for diffusion or other form of AR mod-
eling to achieve even better gains. Please see the future work and limitation
section.
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(a) VibeToken keeps token counts to 2-16× low
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Figure 2. Compute comparisons. Across resolution and metrics, VibeToken achieves strong efficiency (fewer tokens/FLOPs) compared to
2D baselines. This, in turn, leads to VibeToken-Gen being significantly more efficient with a constant 179 GFLOPs.

tempts to improve compression rates up to 32×, but it still re-124
quires 1024 tokens for 1024×1024 resolution images. 2D to-125
kenizers often underperform in terms of compression at high126
resolutions. This has motivated Transformer-based 1D tok-127
enizers that learn compact non-spatial latents with stronger128
compression ratios, including TiTok [44], TA-TiTok [14],129
One-D-Piece (1DP) [23], DetailFlow [19], and related meth-130
ods [1, 4, 7]. These methods ease AR training by shortening131
sequences, but (unlike 2D grid tokenizers) they lack built-in132
spatial inductive bias and typically assume fixed training133
resolutions, which limits their generalization across high134
resolutions and aspect ratios.135
Generalization to arbitrary resolutions. Resolution scala-136
bility is crucial for production use. Diffusion-based models137
have made notable progress: FiT-v1 [20]/FiT-v2 [35] im-138
prove cross-resolution generalization, and NiT [36] trains139
at native resolutions via architectural changes to DiT [26],140
scaling to arbitrary resolutions within an ImageNet-1k [6]141
compute budget. These advances, however, do not directly142
transfer to AR pipelines because AR compute scales with143
token length, which itself grows with image size under con-144
ventional tokenizers. Consequently, diffusion remains the145
default in production.146

Our work aims to bridge this gap for AR by introducing a147
resolution-agnostic 1D tokenizer that maintains a short and148
controllable token budget across resolutions, allowing an AR149
generator to operate with a constant inference-time compute150
budget while supporting arbitrary aspect ratios.151

3. Preliminaries152

Autoregressive image generation. Let v∈R3×H×W be153
an image and let a visual tokenizer E map it to a sequence of154
discrete tokens x =

(
x1, . . . , xT

)
∈ [V ]T , where V is the155

vocabulary size and T may depend on height (H) and width156
(W ) through E . An autoregressive (AR) model factorizes157
the likelihood via the chain rule:158

p(x1:T ) =

T∏
t=1

pθ(xt | x<t) . (1)159

In practice, sequence length for arbitrary resolution general- 160
ization is handled with an end-of-sequence (EOS) token: 161

p(x1:T , ⟨eos⟩) =

T+1∏
t=1

pθ(xt | x<t) , s.t. xT+1 = ⟨eos⟩.

(2) 162
The training maximizes the log-likelihood (equivalently, 163

minimizes next-token cross-entropy). Transformers are the 164
standard choice for pθ. For a sequence of length T , self- 165
attention has O(T 2) time and memory per layer during train- 166
ing. At inference, AR decoding takes T steps; with KV- 167
caching, the marginal cost of each new token is O(T ), yield- 168
ing O(T 2) total attention cost (without caching it would be 169
O(T 3)). Since many tokenizers increase T with resolution, 170
the computational burden escalates quickly. For a typical 171
f -stride 2D VQ-VAE, T = (H/f) · (W/f); with f=16, at 172
256×256 and 1024×1024 resolutions, we get T=256 and 173
T=4096, respectively. This substantially increases the cost 174
of AR model training and inference, and complicates length 175
generalization. 176

1D image tokenization. Fix patch size k. Patchify v ∈ 177
R3×H×W into N = HW

k2 patches, project each to Rd, 178
prepend L learned latent tokens, and encode: 179

xenc = Eθ(x0) ∈ R(N+L)×d, h = xenc
N+1:N+L ∈ RL×d. 180

Let the codebook be C = [c1 · · · cm] ∈ Rm×d. The 181
quantizer Q maps each latent to its nearest vector: 182

z = Q(h) ∈ [m]L, 183

We apply a reparameterization trick so that the gradients flow 184
to h and C. Then we concatenate quantized latents with N 185
learned masked output tokens ymask∈RN×d: 186

u = Dϕ

(
[C(z) ∥ ymask ]

)
∈ R(L+N)×d. 187

Latent positions u1:L (corresponding to encoded tokens) 188
serve only as conditioning and are ignored by the pixel 189
head and loss. This yields compact discrete latents for AR 190
modeling, while the decoder predicts pixels exclusively at 191
the masked positions. 192
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Figure 3. Overview of VibeToken tokenizer. VibeToken intro-
duces four key components: 1) Dynamic grid position embedding,
2) Dynamic patch embedding, 3) Adaptive decoder resolution, and
4) Variable latent token-based resolution-agnostic encoding. These
components provide full flexibility to 1D tokenizers, supporting
arbitrary resolutions and compute controls.

Why this formulation struggles to scale? Grid-based 2D193
tokenizers make T grow linearly with increasing resolution.194
Although 1D Transformer tokenizers often achieve stronger195
compression, they inherit several bottlenecks akin to AR196
models:197
• Fixed resolution grid. The triplet (k, L,Nmax) is typi-198

cally fixed at pretraining. Out-of-distribution (OOD) reso-199
lutions require (i) ad-hoc positional-embedding interpola-200
tion (quality drop), or (ii) separate tokenizers for different201
resolutions/aspect ratios [44].202

• Quadratic attention cost; Each self-attention layer forms203
a s × s similarity matrix (s=N+L), incurring O(s2)204
FLOPs and memory per layer.205

• Rigid downstream generation. Generators conditioned206
on discrete tokens inherit fixed or growing token budgets.207
Increasing resolution increases T , making generalization208
to arbitrary resolutions computationally expensive without209
explicit retraining.210

These issues motivate a resolution-agnostic, compute-211
controllable tokenizer. In the next section, we introduce212
VibeToken, our first step toward a fully flexible 1D tok-213
enizer that overcomes these obstacles.214

4. Methodology215

We first present VibeToken, a 1D tokenizer scaled to learn216
resolution-agnostic visual tokens that generalize to arbitrary217
resolutions and aspect ratios beyond the training distribu-218
tion. We then introduce VibeToken-Gen, an AR generator219
(LlamaGen-style) adapted to VibeToken for efficient high-220
/arbitrary-resolution synthesis.221

4.1. VibeToken 222

In Figure 3, we provide a high-level overview of our tok- 223
enizer. We focus on positional encoding, patch embedding, 224
decoder adaptations for target resolution control, dynamic- 225
length tokenization, and a training strategy that enforces 226
resolution-agnostic behavior. 227

Dynamic grid positional embeddings. Varying resolu- 228
tions imply a varying number of patches; absolute positional 229
embeddings (APE) trained at a single grid often fail to ex- 230
trapolate. Axial RoPE embeddings [11] help, but can be 231
suboptimal or costly when made layer-wise learnable (see 232
Table 1). We instead adopt a lightweight dynamic grid posi- 233
tion embedding, inspired by NaViT [5] and ViTAR [10]. Let 234
G ∈Rd×Tmax

H ×Tmax
W be a learned grid of embeddings (we 235

use Tmax
H =Tmax

W =32). For an input lattice with 236

TH =
⌈

H
kh

⌉
, TW =

⌈
W
kw

⌉
, 237

we obtain position codes by differentiable resizing operation 238
(bilinear or bicubic) of G to (TH , TW ) as: 239

Ĝ = resize
(
G; TH , TW

)
∈ Rd×TH×TW , 240

then flatten to a sequence and add to patch embeddings. La- 241
tent (non-spatial) tokens utilize a separate regular APE, as 242
we have a fixed number of latent tokens. Dynamic grid 243
position embedding preserves inductive bias across resolu- 244
tions/aspect ratios with negligible overhead and removes the 245
fixed-length constraint of prior 1D tokenizers. As noted in 246
Table 1, it yields a ∼33% FLOPs reduction without loss in 247
quality compared to learnable axial RoPE. 248

Adaptive patch embedding. The length of the sequence 249
s scales with the number of patches. Larger patches reduce 250
computation, but risk detail loss; fixed-k training does not 251
generalize effectively. Inspired by FlexiViT [2], we enable 252
variable patch sizes k ∈ [kmin, kmax] at inference and train- 253
ing. 254

Let pk ∈R3k2

be a vectorized k×k RGB patch and let 255

Wkmax
∈ Rd×3k2

max be the base projection (i.e. kernel of 256
the patch embedding layer). We define a weight-resizing 257
operator as: 258

Rk←kmax ∈ R3k2×3k2
max 259

that maps the weights of the kmax-grid to the k-grid (e.g. bi- 260
linear interpolation per channel applied Wkmax ). Hence, we 261
obtain the differentiable resized kernel of patch embedding 262
as: 263

Wk = Wkmax
Rk←kmax

, epatch(pk) = Wk pk + b. 264

Thus, only Wkmax , b are learned; all other Wk are derived 265
on-the-fly, avoiding per-k reparameterization and yielding 266
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Model GFLOPs rFID↓

(10242) 2562 10242

VAE-based small scale study
V0 (TiTok-S-128 baseline) – 1.862 –

w/ RoPE 299† 2.934 280.69
w/ Learnable RoPE 445† 1.544 93.49
w/ Dynamic Grid Embedding 299 1.707 131.20

+ Adaptive Patch Embedding 90 1.366 5.38

VibeToken-LL (Learnable RoPE) 1555† 0.46 2.57
VibeToken-LL (Grid) 1039 0.40 2.40

Table 1. Ablation of positional embedding and adaptive patch
embedding. † indicates that FLOPs for RoPE-based models will
be slightly higher due to issues in the custom functions calculations.
Ablations are conducted in a VAE setting on a small encoder-
decoder model for 200k iterations only. VibeToken-LL represents
the final proposed tokenizer, we only perturb position embeddings.

consistent features across k. In practice, too large k can267
affect fine details if d is small; we cap kmax=32 and train268
over k∈{8, 12, 16, 32} to promote robustness.269

Adaptive decoder resolution. Traditionally, the decoder270
predicts the fixed values of the k pixels per masked token.271
Instead, we decode at a fixed patch size kmax = 4k to an272
intermediate 4× high resolution and then introduce an extra273
downscaling 2D-CNN layer to get the desired target resolu-274
tion. Notably, this downsampling layer can be adjusted to275
get the desired output resolution similar to adaptive patch276
embedding. Let the latent length be L and the spatial grid277
be (TH , TW ). The decoder first predicts patch-wise pixels278
at resolution:279

H ′ = TH kmax, W ′ = TW kmax,280

producing ṽ∈R3×H′×W ′
. A lightweight learned downscal-281

ing 2D-Conv layer DH,W then maps282

v̂ = DH,W (ṽ) ∈ R3×H×W . (3)283

Similar to adaptive patch embedding, we can control the284
kernel size of this layer to get the desired target resolution285
(H,W ). This decouples decoding from the input patch size286
and enables native 4× super-resolution without a separate287
upscaler.288

Dynamic-length tokenization. Images vary in complex-289
ity; a fixed latent length L is either wasteful or insufficient for290
ideal compression. Tail-token drop (e.g., One-D-Piece [23])291
improves this tolerance and introduces dynamic length to-292
kenization; however, it still trains the encoder at a fixed293
maximum length, potentially creating a quality gap during re-294
constructions. We instead train both encoder and decoder on295
uniform sampled lengths L∼P(L) with L ∈ [Lmin, Lmax]296

(e.g., 32–256). Given a target L, the encoder produces L 297
latent tokens directly; the decoder consumes exactly L, with 298
no padding. This yields strong quality–compression trade- 299
offs (e.g., 1024×1024 → 64 tokens) and seamless compute 300
control at inference, leading to state-of-the-art trade-off be- 301
tween number tokens vs. rFID (see Figure 4). 302

Training strategy. We train on images between 256×256 303
and 512×512 across aspect ratios {1 :1, 1 :2, 2 :1, 2 :3, 3 : 304
2}, sampling patch sizes k ∈ {8, 12, 16, 32} such that the 305
number of spatial tokens N ≤ 1024. For each sample, we 306
draw an input resolution (Hin,Win) and an independent tar- 307
get resolution (Hout,Wout), training the model to reconstruct 308
at (Hout,Wout) from (Hin,Win). We also sample the latent 309
length uniformly L ∈ [32, 256]. For quantization, we adopt 310
a multi-codebook VQ (MVQ) variant compatible with our 311
variable-length setting; implementation details and codebook 312
updates are provided in the Appendix.2 313

Summary. The combination of Dynamic-APE, adaptive 314
patch embedding, adaptive decoder resolution, and dynamic- 315
length training yields a resolution-agnostic tokenizer with 316
strong compression and low overhead. 317

4.2. VibeToken-Gen 318

VibeToken provides small resolution-agnostic discrete to- 319
ken sequences with controllable length L. To test its down- 320
stream image generation using VibeToken a natural choice 321
would be to adapt a LlamaGen-style AR model (UniTok 322
head with MVQ compatibility) to operate on these discrete 323
tokens while keeping training compute comparable to a fixed 324
256×256 resolution baseline. 325

Conditioning on target resolution/aspect ratio. Al- 326
though VibeToken can decode to any (H,W ), it can exhibit 327
stretching artifacts, such as resizing a square image into a 328
vertical/horizontal shape. We therefore condition the AR 329
model on the desired (H,W ) alongside the class label y, 330
and the rest of the AR stack is unchanged: 331

c =
[
emb(y) +MLP((H,W )/β)

]
, 332

where emb : R1 → Rd and MLP : R2 → Rd are 333
projection layers, while β = 1536 is normalization constant. 334

Training and inference. We train on the same resolu- 335
tion/aspect ratio mix as VibeToken, sampling latent lengths 336
L ∈ {64, 128, 256} with class conditioning. Because L 337
is small (e.g., ≤ 256 for up to 10242) and independent of 338

2Briefly, MVQ improves high-compression performance by distributing
capacity across multiple codebooks.
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Models Dynamic Tokens rFID Performance @ Image Resolutions

Resolution Tokens 2562 5122 10242 Arbitrary
2D Image Tokenizers

LLaMAGen-Tok [32] ✓ ✗ 16x‡ 2.19 0.70 2.01 2.48
Open-MAGVIT-v2 [21] ✓ ✗ 16x‡ 1.17 0.50 1.32 1.52
IBQ [30] ✓ ✗ 16x‡ 0.97 0.40 1.26 1.42
DA-HT [40] ✓ ✗ 32x‡ 1.60 0.83 N/A N/A

1D Image Tokenizers

TiTok-B [44] ✗ ✗ 64/128 1.70 1.52† – –
VAR [34] ✗ ✗ 680 0.90 – – –
ImageFolder [17] ✗ ✗ 286 0.80 – – –
DetailFlow [19] ✗ ✗ 512 0.55 – – –
UniTok [22] ✗ ✗ 256 0.33 – – –
Instella [37] ✓ ✗ 128 N/A 1.32 N/A –
FlexTok [1] ✗ ✓ 1–256 1.08 – – –
One-D-Piece-L [23] ✗ ✓ 1–256 1.08 – – –
VibeToken–SL ✓ ✓ 32–256 0.43 0.55 2.45 4.21
VibeToken–LL ✓ ✓ 32–256 0.40 0.51 2.40 3.60

Table 2. Tokenizer comparison across resolutions. ✓ and ✗ indicates whether specific capability is supported or not, N/A indicates either
model not available or failed to reproduce, – denotes method does not work, and † indicates resolution-specific (independently) trained
model. Importantly, ‡ represents the compression ratios (f ). Hence, token count ((H ·W )/f2) varies w.r.t. target resolutions.

Model Type
gFID at arbitrary low resolutions

1:1 2:3 3:2 3:4 4:3 1:2 2:1 1:1 Average256×256 256×368 368×256 368×512 512×368 256×512 512×256 512×512

EDM2-L [13]
Diff.

70.19 36.29 32.70 3.29 3.19 18.11 14.30 1.92 22.50
FiTv2-XL [35] 2.26 6.28 6.30 155.97 176.66 27.31 35.36 259.11 83.66
NiT-XL [36] 2.27 4.28 4.00 2.81 3.00 9.60 6.04 1.80 4.22
VibeToken-Gen (B) 7.62 9.19 7.87 7.63 7.46 15.83 10.08 7.45 9.14
VibeToken-Gen (XXL) AR 3.62 5.60 4.22 4.00 3.78 12.47 7.76 3.60 5.63

Model Type
gFID at higher resolutions

1:1 2:3 3:2 3:4 4:3 1:2 2:1 1:1 Average512×512 512×768 768×512 768×1024 1024×768 512×1024 1024×512 1024×1024

EDM2-L [13]
Diff.

1.92 5.62 6.04 31.03 39.54 17.54 19.87 64.32 23.23
FiTv2-XL (highres)† [35] 2.93 20.61 29.49 155.97∗ 176.66∗ 163.91 185.89 259.11∗ 124.32
NiT-XL [36] 1.80 4.45 4.47 4.89 5.14 12.23 9.57 5.87 6.05
VibeToken-Gen (B)3 7.62 8.97 7.64 7.57 7.46 15.23 10.07 7.36 8.99
VibeToken-Gen (XXL)3 AR 3.69 5.32 4.01 4.05 3.84 11.91 7.88 3.54 5.53

Table 3. gFID across aspect ratios and resolutions (single view). Top: low resolutions (256–512); bottom: high (512–1024). The first
header line shows the aspect ratio, and the second line lists the corresponding pixel resolution. ∗ results are borrowed from low-resolution
experiments due to the days of inference computing requirements. † FiT-v2 has high resolution trained separately for 512×512 and plus. ‡
VibeToken-Gen utilizes the native super resolution of our tokenizer.

(H,W ), VibeToken-Gen maintains a constant inference-339
time FLOPs budget across resolutions; compute is governed340
primarily by L and the AR depth, not by target resolution.341

5. Experimental Results342

We detail implementation and evaluation results for our to-343
kenizer and the class-conditioned autoregressive generator.344
We report reconstruction and generation performance across345
resolutions and analyze efficiency.346

5.1. Image Reconstruction 347

Experimental setup. We train two variants of VibeToken: 348
VibeToken-SL (small encoder, large decoder) and 349
VibeToken-LL (large encoder, large decoder). Both are 350
trained from scratch on ImageNet1k with mixed resolutions 351
between 256×256 and 512×512; 60% of the samples are 352
square (2562 or 5122) and the remainder are drawn from 353
non-square aspect ratios. We use a batch size of 64 for 600k 354
iterations with cosine decay and peak learning rate 1e−4. 355

6

REDACTED



Tokens gFID

w/o cfg w/ cfg

256 39.32 9.81
128 37.68 9.02
64 33.15 8.42

(a) Impact of token length.

Tokens Generalist gFID

w/o cfg w/ cfg

64 ✗ 33.15 8.42
✓ 31.14 9.37

128 ✗ 37.68 9.02
✓ 39.50 10.58

(b) Impact of resolution-agnostic training.

Model Tokens Generalist gFID

w/o cfg w/ cfg

LlamaGen 576 ✗ 33.44 7.15
VibeToken-Gen 64 ✓ 31.14 9.37

(c) Comparison with LlamaGen (fixed resolution).

Table 4. Ablation study on ImageNet 256×256 generations. We perform a study on (a) the number of tokens, (b) generalist training, and
(c) compare with baseline LlamaGen. All models are GPT-B variants and were trained for 100 epochs with a batch size of 256.

Unless noted otherwise, we train for dynamic latent lengths356
L ∈ [32, 256]. We adopt MVQ with 8 codebooks of size357
4096 (effective vocabulary 32,768). All models are trained358
on a single node with 8×H100 GPUs; further hyperparame-359
ters are in the Appendix.360

Evaluation protocol. We assess reconstruction on three361
different i.i.d. and o.o.d. regimes. We report rFID (lower is362
better) and vary L where applicable.363

1. ImageNet-1k (i.i.d.): 50k validation images at 2562 and364
5122.365

2. FFHQ (high-res): 10k images at 10242.366
3. Arbitrary aspect ratios (OOD): stress tests at aspect ratios367

{1 : 2, 2 : 3, 3 : 4, 9 : 16, 16 : 9, 4 : 3, 3 : 2, 2 : 1} with368
resolutions between 5122 and 10242 using FFHQ.369

Main results. Table 2 compares VibeToken with 2D and370
1D tokenizers across resolutions. Unlike prior 1D tokenizers371
(which generally assume fixed training grids), VibeToken372
natively supports arbitrary resolutions and aspect ratios373
while retaining short, dynamic token sequences. Concretely,374
VibeToken-LL attains 0.40 rFID at 2562, 0.51 at 5122,375
2.40 at 10242, and 3.60 on arbitrary-resolution stress tests;376
VibeToken-SL achieves 0.43/0.55/2.45/4.21 on the same377
settings. Among 1D baselines, UniTok reports a strong 0.33378
rFID at 2562 but does not support dynamic resolution; sev-379
eral other 1D methods lack results beyond 2562. Against 2D380
tokenizers, VibeToken is competitive on 2562–5122 (e.g.,381
IBQ: 0.97/0.40) while trading a modest performance drop at382
10242, VibeToken dramatically reduces token requirements383
at arbitrary high resolutions. Figure 4 shows the dynamic384
compression vs. rFID performance trade-off. With as few as385
64 tokens, VibeToken matches or surpasses prior dynamic-386
length 1D tokenizers at 2562; increasing to 128–256 tokens387
yields further gains while preserving the ability to decode at388
arbitrary target resolutions. We provide detailed ablations389
and native super-resolution performance in the appendix.390

Efficiency analysis. Figure 2 plots tokenizer inference391
FLOPs across resolutions. 2D tokenizers scale roughly lin-392
early with pixel count: e.g., IBQ grows from ∼ 0.64T to393

32 64 128 256 512 680
Number of Tokens

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

rF
ID

 S
co

re
 ↓

FlexTok
One-D-Piece
VibeToken-LL (ours)
UniTok
VAR
ImageFolder
DetailFlow

Figure 4. Dynamic token length. rFID vs. latent length L at 2562.
VibeToken is the only model that pairs competitive quality with
resolution generalization.

∼ 10.30T FLOPs from 2562 to 10242 resolution. In con- 394
trast, VibeToken maintains constant ∼ 1.04T FLOPs 395
(maximum), enabling a fixed compute budget independent 396
of resolution. This stability, combined with dynamic lengths 397
(L=64–256), yields state-of-the-art throughput among flexi- 398
ble tokenizers. Moreover, while 2D tokenizers have a fixed 399
16×/ 32× compression, VibeToken achieves much higher 400
effective compression as resolution increases: at 10242, im- 401
ages can be encoded with 64 – 256 tokens, improving token 402
efficiency by 16× to 64× relative to 2D counterparts; result- 403
ing into effective compression ratio of 64× to 128×. 404

5.2. Image Generation 405

We evaluate the resolution-agnostic tokens produced by 406
VibeToken by training class-conditioned AR generators 407
that can support arbitrary target resolutions. Because scaling 408
prior AR models across resolutions with existing tokenizers 409
is compute-intensive and impractical in academic settings, 410
we compare against (i) open-source multi-resolution diffu- 411
sion models and (ii) fixed-resolution AR baselines. 412

Experimental setup. We train VibeToken-Gen on mixed 413
resolutions from 2562 to 5122 within an ImageNet-1k com- 414
pute envelope. We use Query–Key LayerNorm for stability, 415
select VibeToken-LL as the default tokenizer, and keep 416
the rest of the LlamaGen-style stack unchanged. Because 417
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Model Type Params Arbitrary 256×256 512×512

Resolutions Tokens FID IS Tokens FID IS

MaskGIT [3]

Mask.

177M ✗ 256 4.02 355.6 1024 4.46 342
TiTok-S/B-128 [44] 287M ✗ 128 2.48 – 128 2.13 –
MAGVIT-v2 [43] 307M ✗ 256 1.78 319.4 1024 1.91 324.3
MaskBit [38] 305B ✗ 256 1.52 328.6 – – –

VAR-d30 [34] VAR 2B ✗ 680 1.92 323.1 2240 2.63 303.2
VAR-d30-re [34] 2B ✗ 680 1.73 350.2 – – –

GPT2-re [8]

AR

1.4B ✗ 256 5.20 280.3 – – –
VIM-L-re [41] 1.7B ✗ 1024 3.04 227.4 – – –
Open-MAGVIT2-XL [21] 1.5B ✗ 256 2.33 271.77 – – –
LlamaGen-XXL [32] 1.4B ✗ 576 2.34 253.91 – – –
UniTok-XXL [22] 1.4B ✗ 256 2.51 216.7 – – –
RAR-XXL [45] 1.4B ✗ 256 1.48 326.0 1024 1.66 295.7
Single AR model for all Resolutions
VibeToken-Gen-B AR 87M ✓ 64 7.62 185.92 64 7.48 189.43
VibeToken-Gen-XXL 1.5B ✓ 64 3.62 226.93 64 3.60 230.33

Table 5. Comparison across models and resolutions. Columns group 256×256 and 512×512 results (Tokens/FID/IS). Among many prior
works on discrete image modeling, only VibeToken-Gen scales to arbitrary resolutions effortlessly.

VibeToken supplies small, resolution-agnostic sequences,418
the training compute remains comparable to (or lower than)419
a fixed 256×256 LlamaGen baseline. Additional details are420
in the Appendix.421

Ablation study. Table 4 reports GPT-B ablations over 100422
epochs. We find that 64 tokens are enough and yield the423
best gFID. Notably, increasing the token length to 128/256424
does not offer any gains. This highlights that not all tokens425
important for improving rFID are needed to improve gFID.426
Training a generalist (mixed-resolution) model introduces a427
small degradation relative to single-resolution training, but428
the 64-token setting remains competitive. Guided by these429
findings, we train VibeToken-Gen-XXL generalist models430
with only 64 tokens and report the main results.431

Main results. We benchmark class-conditional generation432
against both AR and diffusion families. Since prior AR mod-433
els do not natively generalize across resolutions, our primary434
comparisons are to multi-resolution diffusion baselines. As435
shown in Table 3, VibeToken-Gen smoothly scales to higher436
and arbitrary resolutions and achieves near-SOTA gFID de-437
spite being trained within ImageNet-1k budgets. Concretely,438
it outperforms EDM2 and FIT-V2 across many resolution439
settings and is competitive with NIT. This demonstrates440
that AR models can be made resolution-generalist on aca-441
demic compute by delegating scale handling to a resolution-442
agnostic tokenizer. Finally, when evaluated strictly at 2562443
or 5122 against models trained only at those resolutions (Ta-444
ble 5), VibeToken-Gen can trail specialist baselines; we445
attribute this to the shared budget across resolutions dur-446
ing generalist training, which makes direct comparison to447
single-resolution specialists less informative. We provide448
qualitative examples in the appendix.449

Efficiency analysis. AR models are notoriously expensive 450
to scale, especially when token counts grow with resolu- 451
tion. VibeToken-Gen breaks this pattern by decoupling 452
compute from (H,W ): with a fixed latent length L, infer- 453
ence cost is governed by L and model depth—not by image 454
resolution. As shown in Figure 2, VibeToken-Gen-XXL 455
requires 179 G per forward step with L=64 for any reso- 456
lution,3 whereas a fixed-resolution LlamaGen scales up to 457
∼11T FLOPs to reach 10242 even in idealized settings. In 458
wall-clock terms, a diffusion SOTA baseline (NiT) takes 459
1.08 s to synthesize a single 10242 image at 5.87 gFID, 460
while VibeToken-Gen-XXL achieves 3.54 gFID with 0.22 461
s latency. These results underscore that resolution-agnostic 462
tokens enable high-resolution AR generation with substan- 463
tially lower and more predictable compute. 464

6. Conclusion 465

We present VibeToken and VibeToken-Gen, a practical 466
recipe for scaling autoregressive (AR) image generation to 467
arbitrary resolutions and aspect ratios under a fixed, user- 468
controllable compute budget. The core idea is a resolution- 469
agnostic 1D tokenizer (VibeToken) that produces short, 470
variable-length sequences (64-256 tokens) independent of 471
the resolutions. This is achieved through dynamic grid po- 472
sitional embeddings, adaptive decoding, and length-aware 473
training. To our knowledge, VibeToken is the first 1D 474
Transformer-based tokenizer to natively support arbitrary 475
resolutions while retaining strong compression and recon- 476
struction quality. Building on these tokens, VibeToken-Gen 477
achieves competitive class-conditional generation across res- 478
olutions, with inference FLOPs governed by token length 479
rather than pixel count, thereby narrowing the gap between 480
AR and diffusion pipelines within academic compute budget. 481

3Numbers reported per forward pass without KV caching; The total
generation cost is therefore higher and scales with the sequence length L.
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