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Fig. 1: Qualitative results for the class-to-image generation task.

Abstract. While diffusion models dominate the field of visual genera-
tion, they remain computationally inefficient, as they allocate uniform
computational effort to samples with varying levels of complexity. In con-
trast, autoregressive (AR) models are inherently complexity-aware, as
evidenced by their variable likelihoods, but are often hindered by lossy
discrete tokenization and error accumulation. In this work, we introduce
Generative Refinement Networks (GRN), a next-generation visual syn-
thesis paradigm to address these issues. At its core, GRN addresses the
discrete tokenization bottleneck through a theoretically near-lossless Hi-
erarchical Binary Quantization (HBQ), achieving a reconstruction qual-
ity comparable to continuous counterparts. Built upon HBQ’s latent
space, GRN fundamentally upgrades AR generation with a global re-
finement mechanism that progressively perfects and corrects artworks —
like a human artist painting. Besides, GRN integrates an entropy-guided
sampling strategy, enabling complexity-aware, adaptive-step generation
without compromising visual quality. On the ImageNet benchmark, GRN
establishes new records in image reconstruction (0.56 rFID) and class-
conditional image generation (1.81 gFID). We also scale GRN to more
challenging text-to-image and text-to-video generation, delivering supe-
rior performance on an equivalent scale. We release all models and code
to foster further research on GRN.
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1 Introduction

The field of visual generation has advanced rapidly, driven primarily by scaling
diffusion transformers [4, 22, 29, 43, 66]. By progressively integrating trajectories
along a learned velocity field that transports simple noise prior to the empirical
data distribution, these models demonstrate strong capabilities in synthesizing
high-quality visual content. However, this continuous flow paradigm inherently
lacks adaptive-step capacity. Optimized via mean squared error (MSE) without
explicit likelihoods, these models are restricted to a fixed number of steps, rigidly
allocating identical computational resources to all samples regardless of varying
levels of complexity.

Meanwhile, inspired by the success of token-level likelihood estimation in
large language models [1,41], autoregressive (AR) models have also garnered ex-
tensive research interest in visual synthesis [26, 52, 56, 58]. Nevertheless, current
AR approaches are bottlenecked by two critical shortcomings. First, they intrin-
sically suffer from inferior reconstruction quality when utilizing discrete tokens as
opposed to continuous representations. Second, their strictly causal prediction
mechanism, whether they operate token-by-token or scale-by-scale, inevitably
causes severe error accumulation over multi-step generation. This exposes a crit-
ical lack of error-correction capability, as the model cannot retroactively refine
previous mistakes. Furthermore, even with parallel prediction in masked AR
models [7,17], high-confidence tokens become immutable and cannot be revised
later. They still inherently lack a holistic refinement mechanism.

These observations motivate us to propose a simple yet intuitive refinement-
based AR generation framework equipped with adaptive computation capabili-
ties. Specifically, we introduce Generative Refinement Networks (GRN), a next-
generation visual synthesis paradigm designed to overcome the rigidly fixed com-
putational costs of diffusion models and the inherent shortcomings of standard
autoregressive models. Specifically, to address the inferior reconstruction of dis-
crete tokens, we first propose Hierarchical Binary Quantization (HBQ). By en-
suring an exponential decay of reconstruction error without increasing latent
channels, HBQ empowers discrete image and video tokenizers to achieve near-
lossless reconstruction, matching the performance of continuous tokenizers at
a higher compression rate. Building upon these robust representations, GRN
executes a complexity-aware adaptive-step generation process by employing an
entropy-guided sampling mechanism. It dynamically distributes computational
loads based on the varying difficulty of visual content, while employing a global
refinement mechanism to retroactively mitigate accumulated errors.

Extensive experiments on diverse visual tasks validate the superiority of our
framework. On the ImageNet 256×256 benchmark [16] for class-conditional im-
age synthesis, GRN sets a new record for both image reconstruction and gener-
ation quality. Furthermore, demonstrating exceptional task generalization and
scalability, we also successfully scale GRN to high-resolution text-to-image (T2I)
and text-to-video (T2V) scenarios. When scaled up, GRN demonstrates the ca-
pability to generate photorealistic 1024×1024 images alongside dynamic, high-
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fidelity 480p videos ranging from 2 to 10 seconds. In summary, our main contri-
butions are as follows:

1. We propose GRN, the next-generation visual synthesis framework. It is char-
acterized by a global refinement mechanism and complexity-aware genera-
tion, achieving robust and efficient visual generation.

2. We introduce Hierarchical Binary Quantization and contribute a series of
discrete image/video tokenizers. For the first time, discrete visual tokenizers
are on par with continuous ones with the same latent dimensions.

3. Extensive experiments show that GRN achieves state-of-the-art results on
standard C2I benchmarks, with an rFID of 0.56 and a gFID of 1.81. When
scaled to more challenging T2I and T2V tasks, it demonstrates superior
performance compared to methods at an equivalent scale.

2 Related Work

2.1 Visual Tokenizer

Visual tokenizers [19, 47, 53] compress visual content for efficient generation.
Early vector quantization methods [19, 53] map continuous features to a dis-
crete codebook, but suffer from limited scalability, prompting lookup-free ap-
proaches [39, 67] to enable larger vocabularies. Despite this, a performance gap
to continuous representations remains. Recent works [2,26] aim to close this gap
by drastically scaling vocabularies, outperforming continuous VAEs. However,
this gain comes at the cost of slower convergence and larger generative models,
motivating more efficient quantization schemes.

2.2 Autoregressive Models

Inspired by large language models, [19, 28, 50, 55] explore visual generation via
next-token prediction. MaskGIT [7] accelerates generation using parallel decod-
ing, where it first generates high-confidence tokens and then iteratively fills in
the remainder. VAR [52] shifts autoregression to next-scale prediction, improv-
ing quality and achieving over 10× faster inference. Nevertheless, AR models
remain limited by lossy discrete tokenization and error accumulation, and still
lag behind diffusion methods. Although Infinity [26] introduces self-correction by
randomly flipping bitwise tokens, its assumption of less than 30% diffuse errors
covers limited patterns.

2.3 Adaptive-step Generation

Diffusion models dominate visual generation [4,18,31,44,54], but typically require
tens of inference steps. Distillation methods [60, 61] reduce sampling steps sub-
stantially, yet still rely on predefined schedules with fixed steps. This “one-size-
fits-all” strategy wastes computational resources on simple prompts. Recently,
AdaDiff [65] employs an external network to determine instance-specific steps
and uses a policy gradient method to maximize the reward. The sophisticated
pipeline requires an additional network and reward signals.
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Fig. 2: Hierarchical Binary Quantization. Each element from the VAE encoded
features undergoes several rounds of hierarchical binary quantization. The quantization
error decays exponentially with the number of rounds, theoretically enabling lossless
quantization to be achieved rapidly.

3 Method

3.1 Visual Tokenizer

The visual tokenizer plays a vital role in learning a compact latent space to
compress high-dimensional realistic data. We adopt the 3D causal VAE design
proposed in Wan 2.1 [54] so that images and videos can be tokenized in a unified
framework. Specifically, given an image or a video X ∈ R(1+4T )×H×W×3, the tok-
enizer encodes its spatio-temporal information into dimensions [1+T,H/16,W/16]
while expanding the number of channels to C. Since our goal is lossless discrete
compression, and VAE features are continuous signals, we frame feature quan-
tization as a signal transformation problem. Inspired by Harr Wavelet [24] in
signal processing, we introduce Hierarchical Binary Quantization to transform
VAE features into discrete ones.

Hierarchical Binary Quantization. We first append a tanh(·) non-linear
activation function after the VAE encoder to map the feature representation F
from an unbounded range to the closed interval (−1,+1). As illustrated in Fig.
2, each element in F undergoes several rounds of binary quantization based on
a binary tree of buckets with center c as defined in Eq. 1 and Eq. 2.

ci =

i−1∑
j=1

δ[qj ]

2j
(1)

qi =

{
0 if F ≤ ci,

1 if F > ci.
(2)

where δ(·) is a delta function with -1 when qi = 0 and 1 otherwise. Then we ob-
tain the quantized binary labels {q1, q2, ..., qM}, where qj ∈ {0, 1}[1+T,H/16,W/16,C].
Here M is the total round of hierarchical binary quantization. In this way, we
perform quantization from coarse to fine to represent information of different
frequencies, and the quantization error ej for the round j is less than 1

2j . The
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q1 q2 q3 q4 GT

Fig. 3: An example of Hierarchical Binary Quantization (M=4). For q1, q2, and
q3, we truncate the complete sequence and take the truncated parts for reconstruction.

upper bound of the quantization error decays exponentially with the number
of rounds, theoretically enabling lossless quantization to be achieved rapidly.
Fig. 3 shows the images reconstructed from the quantized intermediate results,
revealing the coarse-to-fine property.

F̂ = δ[q1] · 2−1 + δ[q2] · 2−2 + ...+ δ[qM ] · 2−M (3)

Subsequently, the quantized feature F̂ can be derived according to Eq. 3.
The detailed algorithm for HBQ is provided in Appendix 1. During the train-
ing phase of the visual tokenizer, the quantized feature F̂ is taken as input to
the decoder to reconstruct the raw image or video X. Following the common
practice for training discrete visual tokenizers, we adopt the Straight-Through
Estimator (STE) to backpropagate gradients to the encoder. The training loss is
a weighted combination of the reconstruction loss (λrecons), LPIPS perceptual
loss (λLPIPS), and the GAN loss (λGAN ) from a PatchGAN discriminator.

After tokenization, we obtain binary outputs with the size [1+T, H
16 ,

W
16 , C,M ].

However, it is nearly impossible to encode outputs into INT scalars to perform
generation by merging C and M dimensions due to its equivalence to intro-
ducing a codebook with the large size 2CM . Inspired by bitwise tokens [26], we
propose two variants of GRN, i.e. GRNind and GRNbit to support generation.
For GRNind we simply encode the M dimension to INT scalars, resulting in
Yind ∈ {0, ..., 2M − 1}[1+T,H/16,W/16,C]. For GRNbit we concatenate the last two
dimensions and predict Ybit ∈ {0, 1}[1+T,H/16,W/16,CM ]. For both variants, we
flatten the spatiotemporal dimensions and predict the entire channel dimension
in parallel for each token via multi-token prediction [34].

3.2 Generative Refinement Network

Inspired by the intuition of human drawing, we propose an elegantly simple
autoregressive refinement framework for visual generation, which commences
with a random token map. Let Ft represent the state of the token map in step
t. The objective is to predict the drawing map Yt+1, based on the current state
Ft. To explicitly formulate this process, we define Ft as a composition of three
components: a random map Yrand, a drawing map Yt, and a binary selection
map St. The relationship is formally expressed in Eq. 4, where Ft is constructed
by selecting from Yt or Yrand based on the values in St.
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Fig. 4: Generative Refinement Framework. Starting from a random token map,
GRN randomly selects more predictions at each step and refines all input tokens. For
example, compared to the second step, the third step filled six new tokens (pink), kept
two tokens (blue), erased two tokens (yellow), and left six tokens blank (gray).

Ft = St · Yt ⊕ St · Yrand (4)

Intuitively, St ·Yt represents the current drawing while St ·Yrand corresponds
to the blank area without any information to mimic the intermediate step during
the human drawing procedure. S is designed to make the accumulation statistic
l, namely the proportion of ones in S, increase monotonically from 0% to 100%
during the refinement steps. Therefore, F gradually converges to ideal token
maps. In order to obtain Yt+1, we employ a transformer Φ(·) and approximate
p(Yt+1) as

p(Yt+1) = Φ(Ft, cond) (5)

to model next-step drawing by fitting real token maps, where cond denotes the
generation condition, such as class embeddings or texts. St+1 is constructed
following Eq. 6 based on Yt+1. An alternative approach based on prediction
confidence was also investigated for constructing St+1. However, it produced
inferior results, as detailed in Appendix 5.3.

St = RandLike(Yt) < lt (6)

We introduce a complexity-aware sampling strategy to control lt to not only
maintain its monotonicity, but also consider the uncertainty of Y . We will discuss
the details below. Based on the prediction Yt+1 and selection map St+1, the state
Ft+1 is updated accordingly as mentioned in Eq. 4. Thus, a coherent loop of
progressive generation and refinement is formed. The autoregressive mechanism
allows us not only to improve more and more tokens with high certainty, but
also to erase obvious errors with more context included as the drawing proceeds.
Ideally, the process converges to the best result as more and more information
accumulates. The toy process is demonstrated in Fig. 4.

Training. For each iteration in the training stage, we randomly sample ran-
dom tokens Yrand from a uniform distribution {0, 1, ..., 2M − 1} for GRNind and
{0, 1} for GRNbit. The binary map St is also uniformly sampled with varying se-
lection ratios that control how many real tokens are used as input. Therefore, the
input Ft to the transformer consists of N · lt tokens sampled from ground-truth
tokens Ygt and N · (1− lt) tokens sampled from random tokens Yrand. Note that
token sampling is randomly conducted along the spatial, temporal, and channel
dimensions, with no additional priors (Eq. 6). N refers to the total number of
tokens, which equals (1 + T ) ·H/16 ·W/16 · (C or CM). Taking Ft constructed
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by Eq. 4 as input with partial information, our goal is to predict ground-truth
similar to x-prediction in diffusion setting using the simple Cross-Entropy loss
as illustrated in Eq. 7. Here yi denotes the ground truth token.

L = −E[
1

N

N∑
i=0

log p(yi | Ft, cond)] (7)

The detailed training and inference process for GRN is provided in Appendix
2. Additional comparisons between GRN and other autoregressive models are
provided in Appendix 3.

Complexity-Aware Sampling. We propose an entropy-guided scheduling
function to determine lt, where t refers to the index of the refinement step. In
particular, we calculate the average entropy H(Yt) for step t as

H(Yt) =
1

N
· 1

log2 K
·

N∑
i=0

K∑
j=0

−p(y(i,j) | Ft−1, cond) · log2 p(y(i,j) | Ft−1, cond).

(8)
In Eq. 8, we denote i as the token index and j ∈ {1, 2, ...,K} as the category

index, where K is the total number of categories. Note that K = 2M for GRNind

and K = 2 for GRNbit. Generation complexity is measured by the entropy H(Yt),
bounded between 0 and 1. Given that a smaller H(Yt) denotes greater predictive
confidence, we allocate fewer refinement steps alongside a steeper increase in
lt, thereby retaining more information from Yt. Conversely, when high entropy
indicates substantial complexity, we apply more refinement steps and a moderate
progression of lt. Specifically, we formulate lt as

lt = l (Y, t) =
t

α
1t≤t0 +

(
t0
α

+
α− t0

α
· (t− t0)

k ·H(Y(t0+1)) + b

)
1t>t0 . (9)

Here, H(Y(t0+1)) represents the average entropy calculated from a specific
step. We set a warm-up period with t0 = 5 and α = 50, as we observed that
the entropy values are unstable during the initial steps. The hyperparameters k
control the dynamic range of adaptive steps, and b is the bias. We also clip the
value of k ·H(Y(t0+1)) + b to ensure the total number of inference steps remains
within the range of [Tmin, Tmax].

Fig. 5: Effect of HBQ rounds. 8-round HBQ matches the continuous baseline.
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Table 1: Reconstruction performance comparison of image tokenizers on
ImageNet (256×256).

Method Tokenizer Spatial Latent Channel Compress rFID↓ LPIPS↓ SSIM↑ PSNR↑Type Ratio Channel Bits Ratio

SD-VAE [47] Continuous 16 16 16 24 0.87 - 0.68 24.08
RAE [68] Continuous 16 768 16 0.5 0.62 0.25 0.44 19.20
VAR† [52] Discrete 16 N/A N/A 193 0.85 0.15 0.64 22.47
LlamaGen [50] Discrete 16 1 14 439 2.19 - 0.68 20.79
Open-MAGVIT2 [36] Discrete 16 1 18 341 1.17 - - 22.64
HBQ (M=4) Discrete 16 16 4 96 0.56 0.13 0.71 23.01

Table 2: Reconstruction performance of HBQ tokenizers. To evaluate recon-
struction quality, we curated a challenging validation set of 160 high-motion videos. For
continuous tokenizers, we consider each latent channel to hold 16 bits of information.
An HBQ tokenizer with M rounds introduces M bits within each latent channel. We
train HBQ*(M=4) for more iterations and apply an optimized GAN loss weight.

Method Tokenizer Latent Spatial Temporal Channel Compress rFVD↓ LPIPS↓ SSIM↑ PSNR↑Type Channel Stride Stride Bits Ratio

Wan 2.1 (patchify) Continuous 64 16 4 16 24 19.5 0.058 0.929 34.10
Wan 2.2 (patchify) Continuous 48 16 4 16 27 22.6 0.052 0.932 34.54
HBQ (w/o quant) Continuous 16 16 4 16 96 144.6 0.141 0.879 31.14
HBQ (M=4) Discrete 16 16 4 4 384 163.6 0.148 0.872 30.40
HBQ (M=6) Discrete 16 16 4 6 256 148.8 0.142 0.878 30.98
HBQ (M=8) Discrete 16 16 4 8 192 144.9 0.141 0.879 31.10
HBQ (w/o quant) Continuous 64 16 4 16 24 43.2 0.078 0.935 34.79
HBQ (M=4) Discrete 64 16 4 4 96 50.6 0.084 0.930 33.97
HBQ* (M=4) Discrete 64 16 4 4 96 26.3 0.068 0.938 34.73

4 Experiments

4.1 Visual Tokenizer

Implementation. We introduce two visual tokenizers: an image-only tokenizer
tailored for class-conditional image generation, and a joint image-video tokenizer
designed for text-to-image and text-to-video generation tasks. Both tokenizers
adopt the 3D causal encoder and decoder architecture from Wan 2.1 [54] and
are trained from scratch. Specifically, the image-only tokenizer is trained on the
OpenImages dataset [30], while the joint tokenizer is trained on a combination
of publicly available image and video datasets. During training, the overall ob-
jective comprises reconstruction, perceptual, and adversarial (GAN) losses. The
respective loss weights are set to 1.0, 1.0, and 0.3 for the image-only tokenizer,
and 1.0, 0.2, and 0.005 for the joint image-video tokenizer.

Results. As shown in Tab. 1, our tokenizer demonstrates state-of-the-art re-
construction performance on the 256×256 ImageNet benchmark. Utilizing four
HBQ rounds, it achieves a remarkable rFID of 0.56. This result significantly
surpasses not only the continuous SD-VAE (0.87 rFID) while operating at a 4×
higher compression rate, but also substantially outperforms other leading meth-
ods, including RAE (0.62), VAR (0.85), LlamaGen (2.19), and Open-MAGVIT-
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v2 (1.17). These results underscore our method’s superior ability to achieve high
fidelity reconstruction under stringent compression.

In Tab. 2, we present a series of joint image-video tokenizers, exploring the
impact of varying HBQ rounds and latent channel dimensions. We first ana-
lyze the effect of HBQ rounds and observe a clear trend: reconstruction metrics
such as rFVD and PSNR consistently improve as the number of HBQ rounds
increases. While four to six rounds already yield strong performance, an eight-
round configuration achieves reconstruction quality nearly identical to that of the
continuous baseline as depicted in Tab. 2 and Fig. 5. This demonstrates that our
HBQ tokenizer can match its continuous counterpart’s fidelity while operating
at a higher compression rate. Crucially, this is achieved without increasing the
latent channels. While other methods (e.g., Infinity [26], BitDance [2]) can also
bridge the gap to continuous models, they typically rely on expanding the latent
dimension. As recent studies [10, 18, 26] suggest, such an approach often slows
convergence and necessitates larger models. In contrast, our primary results are
achieved without increasing the latent dimension.

We also experimented with expanding the latent channels from 16 to 64.
This single change boosts the PSNR from 30.40 to an impressive 33.97. Notably,
this performance is comparable to the state-of-the-art Wan 2.1 tokenizer, but
is achieved at a 4× higher compression rate. By carefully tuning the GAN loss
weight and training for more iterations, HBQ tokenizer beats Wan 2.1 and Wan
2.2 in terms of SSIM and PSNR.

4.2 Class-to-Image Results

Implementation. Following JiT [32], we incorporate SwiGLU, RMSNorm, RoPE,
qk-norm, and in-context class conditioning to the original transformer. We train
GRNind with four different model sizes: 130M, 458M, 952M, and 2B, denoted as
GRN-B, GRN-L, GRN-H, GRN-G, respectively. We train them for 600 epochs
on the ImageNet [16] dataset. The learning rate is set to 2e-4 and is constant dur-
ing training. We randomly discard 10% conditions for Classifier-Free Guidance.
During the inference stage, we grid search the best decoding hyperparameters.
Additional implementation details are provided in Appendix 4.

Results. As shown in Tab. 3, GRN is benchmarked against state-of-the-art
diffusion, hybrid, and autoregressive models on the ImageNet 256×256 class-
conditional generation task. With nearly half the parameters of MaskGIT [7],
our GRN-B model achieves a superior FID of 3.56 (vs. 6.18), demonstrating
remarkable efficiency. Our largest variant, GRN-G, achieves a state-of-the-art
FID of 1.81, rivaling top diffusion and hybrid models. Notably, GRN-G surpasses
foundational models like DiT [43] and SiT [37] in both FID and Inception Score.
This is significant as they form the backbone of many current industrial T2I
and T2V models. Furthermore, GRN-G outperforms the autoregressive model
LlamaGen [50] and VAR [52]. We attribute this advantage to our proposed global
refinement generation, which effectively mitigates error propagation. The high-
quality visual samples generated by GRN-G, shown in Fig. 1, also confirm its
capabilities. Please refer to Fig. 4 in the Appendix for additional uncurated
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Table 3: Reference results on ImageNet 256×256. FID [27] and IS [48] of 50K
samples are evaluated. Tokenizer “D” refers to a discrete tokenizer, while “C” refers to
a continuous tokenizer.
Type Model Tokenizer Loss Param Gflops FID↓ IS↑
Diffusion DiT-L/2 [43] C MSE 458M - 5.02 167.2
Diffusion DiT-XL/2 [43] C MSE 675M 119 2.27 278.2
Flow SiT-XL/2 [37] C MSE 675M 119 2.06 277.5
Flow REPA [62], SiT-XL/2 C MSE 675M 119 1.42 305.7
Flow RAE [68], DiTDH-XL/2 C MSE 839M 146 1.13 262.6
Flow JiT-B/16 [32] C MSE 131M 25 3.66 275.1
Flow JiT-L/16 [32] C MSE 459M 88 2.36 298.5
Flow JiT-H/16 [32] C MSE 953M 182 1.86 303.4
Flow JiT-G/16 [32] C MSE 2B 383 1.82 292.6
Hybrid MAR [33] C MSE 943M - 1.55 303.7
Hybrid BitDance-H-1x [2] D MSE 1B - 1.24 304.4
AR LlamaGen-L [50] D CE 343M - 3.07 256.1
AR LlamaGen-XL [50] D CE 775M - 2.62 244.1
AR LlamaGen-XXL [50] D CE 1.4B - 2.34 253.9
AR MaskGIT [7] D CE 227M - 6.18 182.1
AR VAR-d20 [52] D CE 600M - 2.57 302.6
AR VAR-d24 [52] D CE 1B - 2.09 312.9
AR VAR-d30 [52] D CE 2B - 1.92 323.1
AR RandAR-XXL [42] D CE 1.4B - 2.15 322.0
AR GRN-B D CE 130M 25 3.56 280.3
AR GRN-L D CE 458M 88 2.64 314.8
AR GRN-H D CE 952M 182 2.06 316.1
AR GRN-G D CE 2B 383 1.81 299.0

qualitative results. These strong results establish GRN as a powerful and scalable
baseline for high-fidelity visual generation, motivating its application to more
complex text-to-image and text-to-video tasks.

4.3 Text-to-Image Results

Implementation. We train GRNbit for the text-to-image task with 2B parame-
ters from scratch. In contrast to C2I models, the T2I model leverages in-context
self-attention instead of adaln-zero to inject conditions. The model was pre-
trained on large-scale public datasets and subsequently fine-tuned on a small,
high-quality proprietary dataset. We first train GRN on the pre-training dataset
with 256 resolution for 150K iterations using a batch size of around 15400 and a
learning rate of 2e-4. Then we fine-tune GRN at 1024 resolution with a smaller,
high-quality dataset. In this stage, we train GRN for 60K iterations using a
batch size of 2048 and a learning rate of 2e-5. Additional implementation details
are provided in Appendix 4. Furthermore, we observe that GRN significantly
outperforms Infinity in generating fine details like small faces.

Results. As shown in Tab. 4, our model, augmented with a re-writer, achieves
an overall score of 0.76 on the GenEval benchmark [21]. While our model is sur-
passed by larger-scale methods such as Z-Image-Turbo [5], HiDream [6], Qwen-
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Table 4: Evaluation of Text-to-Image generation on GenEval [21].
Model #Param #Data Single Obj. Two Obj. Count Colors Pos. Color Attri. Overall↑

Proprietary Models
GPT Image 1 [40] N/A N/A 0.99 0.92 0.85 0.92 0.75 0.61 0.84
Seedream 3.0 [20] N/A N/A 0.99 0.96 0.91 0.93 0.47 0.80 0.84

Diffusion Models
PixArt-α [9] 0.6B N/A 0.98 0.50 0.44 0.80 0.08 0.07 0.48
SD3 Medium [18] 2B N/A 0.98 0.74 0.63 0.67 0.34 0.36 0.62
JanusFlow [38] 1.3B N/A 0.97 0.59 0.45 0.83 0.53 0.42 0.63
FLUX.1-Dev [31] 12B N/A 0.98 0.81 0.74 0.79 0.22 0.45 0.66
SD3.5-Large [18] 8B N/A 0.98 0.89 0.73 0.83 0.34 0.47 0.71
Lumina-Image-2.0 [45] 2.6B 111M - 0.87 0.67 - - 0.62 0.73
Show-o2 [57] N/A N/A 1.00 0.87 0.58 0.92 0.52 0.62 0.76
Z-Image-Turbo [5] 6B N/A 1.00 0.95 0.77 0.89 0.65 0.68 0.82
HiDream-I1-Full [6] 17B N/A 1.00 0.98 0.79 0.91 0.60 0.72 0.83
Z-Image [5] 6B N/A 1.00 0.94 0.78 0.93 0.62 0.77 0.84
Qwen-Image [46] 20B N/A 0.99 0.92 0.89 0.88 0.76 0.77 0.87
BAGEL [13] 14B N/A 0.98 0.95 0.84 0.95 0.78 0.77 0.88

Autoregressive Models
Emu3-Gen [56] 8B N/A 0.98 0.71 0.34 0.81 0.17 0.21 0.54
Infinity† [26] 2B 160M - 0.85 - - 0.49 0.57 0.73
Janus-Pro [11] N/A N/A 0.99 0.89 0.59 0.90 0.79 0.66 0.80
Tar [25] N/A N/A 0.98 0.92 0.83 0.85 0.80 0.65 0.84
NextStep-1 [51] 14B N/A - - - - - - 0.73
BitDance [3] 14B N/A 1.00 0.96 0.71 0.95 0.72 0.83 0.86
GRN † 2B 80M 0.99 0.90 0.72 0.84 0.52 0.60 0.76

Image [46], and BitDance [3], it is crucial to note the significant disparity in
model size: these models utilize 6B to 20B parameters, whereas GRN is a far
more compact 2B model. When compared at an equivalent scale, GRN demon-
strates superior performance, significantly outperforming models of a similar 2B
size like SD3 Medium [18] (0.62) and Infinity [26] (0.71). The qualitative re-
sults in Fig. 5 in the Appendix showcase GRN’s strong capability to generate
high-fidelity and diverse images that accurately follow user prompts.

4.4 Text-to-Video Results

Implementation. Beyond the class-to-image and text-to-image generation tasks,
we extend GRN to the most challenging text-to-video synthesis task. The T2V
variant of GRN shares the same architecture as its T2I counterpart but is trained
exclusively on video data. For this purpose, we curated a training dataset of ap-
proximately 40 million video clips, each with a resolution of at least 256× 256
and a duration of 2 to 10 seconds. The training process consists of two stages.
First, we train GRN at a 192p resolution for 150K iterations with a batch size
of 4096 and a learning rate of 2e-4. Subsequently, we switch to a 480p resolution
for fine-tuning, training for an additional 9K iterations with a reduced batch
size of 1350 and a learning rate of 2e-5. Additional implementation details are
provided in Appendix 4.

Results. As demonstrated in Tab. 5, GRN exhibits superior performance in
generating videos from textual prompts. When benchmarked against contempo-
rary diffusion and flow-based models—including AnimateDiff-V2 [23], VideoCraft-
2.0 [8], OpenSora V1.2 [69], Show-1 [64], and CogVideoX-5B [59]—GRN achieves
significantly higher scores across quality, semantic, and overall scores. Notably,
despite having only 2B parameters, GRN surpasses the much larger CogVideoX-
5B [59] model, highlighting its exceptional parameter efficiency. Furthermore,
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Table 5: VBench evaluation results. † result is with prompt rewriting.

Models # Params Human Scene Multiple Appear. Quality Semantic OverallAction Objects Style Score Score

Diffusion / Flow Models

AnimateDiff-V2 [23] 1.5B 92.60 50.19 36.88 22.42 82.90 69.75 80.27
VideoCrafter-2.0 [8] 1.5B 95.00 55.29 40.66 25.13 82.20 73.42 80.44
OpenSora V1.2 [69] 1.1B 85.80 42.47 58.41 23.89 80.71 73.30 79.23
Show-1 [64] 6B 95.60 47.03 45.47 23.06 80.42 72.98 78.93
URSA [15] 1.7B - 52.30 70.60 - 83.40 78.50 82.40
CogVideoX-5B [59] 5B 99.40 53.20 62.11 24.91 82.75 77.04 81.61
HunyuanVideo [29] 13B 94.40 53.88 68.55 19.80 85.09 75.82 83.24
Wan 2.1 [54] 14B 98.80 53.67 81.44 21.13 85.64 80.95 84.70

AutoRegressive Models

Nova† [14] 0.6B 95.20 54.06 77.52 20.92 80.39 79.05 80.12
Emu3 [56] 8B 77.71 37.11 44.64 20.92 84.09 68.43 80.96
Lumos-1 [63] 3.6B - - - - 79.50 73.50 78.30
InfinityStar† [35] 8B 96.43 52.08 78.66 21.81 84.73 79.78 83.74
GRN† 2B 93.75 50.44 70.83 21.30 84.41 77.35 82.99

A little girl in a red and white floral coat whispers into Santa Claus's ear while sitting on his lap. Santa Claus, dressed in a traditional red suit with white 
gloves and a white beard, listens attentively. An elf in a green and red outfit is seen in the background, busy with something. Santa Claus then gently 
pushes the girl off his lap. The girl starts to get down from Santa's lap. The background features a festive with colorful striped walls and wrapped presents.

A man is sitting at a table in a restaurant, holding a piece of food in his right hand and gesturing with his left hand while talking. The background features 
a wall with colorful artwork and a TV screen. The man continues to gesture with both hands, emphasizing his points. He then looks down at the food in his 
right hand, still talking. The table has a colorful tablecloth with various patterns. There is text in the video.

A pair of hands, adorned with rings, is seen holding a cracked egg over a wooden bowl. The hands carefully pour the egg contents into the bowl, allowing 
the egg white to flow through while keeping the yolk inside the eggshell. The egg white continues to pour into the bowl, and the yolk remains in the 
eggshell. The hands then tilt the eggshell to ensure the yolk is fully separated and poured into the bowl. The quality is very high!

A woman with long, wavy hair is seated at a table in a modern office, with a black office chair and a plant in the background. She is wearing a black top 
and initially has her right hand raised, holding a small object. She then lowers her hand and turns her head to left, looking at the person sitting next to her.

Fig. 6: Qualitative results of GRN (2B) on the text-to-video task.

our approach outperforms URSA [15], a discrete diffusion model of compara-
ble size. The performance advantage of GRN becomes even more pronounced
when compared to autoregressive counterparts such as Nova [14], Emu3 [56],
and Lumos-1 [49]. While the 8B parameter model, InfinityStar [35], currently
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holds a higher overall score of 83.74, we are confident that the performance gap
can be bridged by scaling up the size of GRN. We present qualitative results in
Fig. 6. Please refer to Fig. 6 and Fig. 7 in the Appendix for additional results.
The generated videos not only accurately capture the semantic details of the
user prompts but also maintain a high degree of aesthetic and visual quality.

4.5 Ablation Studies

Table 6: Predict Indices vs. Predict
Bits on the C2I generation task.

CFG interval τ FID↓ IS↑
GRNind-B 2.4 [0.4,1] 1.33 3.56 280.3
GRNbit-B 2.4 [0.44,1] 1.23 3.63 285.5
GRNind-L 2.0 [0.40,1] 1.30 2.64 314.8
GRNbit-L 1.9 [0.45,1] 1.20 2.47 287.0

Predict Indices vs. Predict Bits As
detailed in Sec. 3, GRN supports predict-
ing either discrete indices (GRNind) or
their binary representations (GRNbit). We
compare these two prediction targets on
the 256×256 class-conditional image gen-
eration task using two model scales: GRN-
B (130M) and GRN-L (458M). For each variant, we performed a grid search to
identify the optimal decoding parameters, including CFG, CFG interval, and the
temperature τ . The results, presented in Tab. 6, indicate that both approaches
achieve comparable performance. Specifically, for the smaller GRN-B model,
predicting indices yields a slightly better FID score. Conversely, for the larger
GRN-L model, predicting bits proves superior, achieving a lower FID of 2.47
compared to 2.64. This suggests that GRN is well-suited for both prediction
formats on the class-to-image generation task.

Predict Indices Predict Bits

Fig. 7: Predict Indices vs. Predict Bits on the T2V task.

We further extend this
comparison to the more
challenging T2V genera-
tion task. As illustrated
in Fig. 7, we observe
that the bit prediction ap-
proach generates better
videos with fewer artifacts. We hypothesize that this is because predicting bits
provides a more explicit supervisory signal and mitigates the token aliasing effect
inherent in index prediction, thus demonstrating superior performance on com-
plex generation tasks. While some prior works argue that bit prediction assumes
independence between bits, leading to suboptimal results, our global refinement
mechanism effectively addressed this issue.

Table 7: Ablation on Global Refine-
ment Mechanism.

CFG interval τ FID↓ IS↑
Refine 2.4 [0.44,1] 1.23 3.63 285.5
Mask 2.4 [0.44,1] 1.23 185.62 4.3
Mask 8.0 [0.00,1] 0.50 18.13 220.2

Global Refinement Mechanism In
the ablation study, we validate the
effectiveness of our global refinement
mechanism, termed Refine. We con-
trast its performance with a conven-
tional mask-based generation pipeline
like MaskGIT [7] or BERT [17], where previously generated tokens are fixed.
The results are striking: using identical decoding hyperparameters, the mask-
based approach collapses into generating nonsensical outputs (FID=185.62),
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10 
steps

30 
steps

50 
steps

Fig. 8: Complexity-Aware Sampling: T2I Qualitative Results.

as detailed in Tab. 7. Even with optimal decoding parameters found via grid
search (higher CFG, lower temperature τ), the mask-based method (FID=18.13)
still lags significantly behind our approach (FID=3.63). This experiment clearly
demonstrates that our refinement paradigm effectively mitigates error propaga-
tion, a critical weakness in standard AR, and thus achieves superior performance.

Fig. 9: Complexity-Aware Sampling.

Complexity-Aware Sampling We eval-
uate the efficacy of our complexity-aware
sampling on GRNbit-B, with hyperparam-
eters set to k = 700, b = −620. Follow-
ing standard settings in diffusion models,
we set the maximum number of refine-
ment steps to Tmax = 50. To strike a bal-
ance between performance and efficiency,
we empirically set the minimum number of steps to Tmin = 20. We synthe-
size 63K images and plot the distribution of their allocated generation steps in
a histogram (Fig. 9). The results demonstrate that our proposed method en-
ables GRN to dynamically allocate computational resources based on varying
levels of complexity. As observed, different examples are assigned different num-
bers of refinement steps, ranging from 20 to 50. Over 97.9% of samples require
fewer than 50 refinement steps. Intriguingly, around 6.3% images are generated
using a minimum of 20 steps, which suggests the model possesses high confi-
dence in these particular predictions. Compared to the fixed-step baseline (50
steps for all samples), our complexity-aware sampling reduces FID from 3.56 to
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3.47 while offering significant speedup (max 2.5×, avg 1.25×). Furthermore, we
apply complexity-aware sampling to the text-to-image generation task and set
Tmin = 10. The qualitative results in Fig. 8 visually confirm that our method
effectively enables complexity-aware, adaptive-step generation. For future work,
we plan to explore refinement-step distillation, which is naturally compatible
with complexity-aware sampling and enable more efficient visual generation.

Training and Inference Cost As shown in Tab. 3, we report Gflops for one
forward pass in C2I. Training cost is comparable to one forward pass while
inference cost scales with steps. For T2I, GRN-2B takes 2-8s per 1024×1024
image with an average of 4s (vs. Infinity 1s, FluxDev 12s, Qwen-Image 33s).
For T2V, GRN takes 125s for a 480p, 81-frame video (vs. Wan2.1 480s, Wan2.2
437s). Note that these baselines use Diffusers optimizations, wheras GRN runs
in bare PyTorch eager mode. We test these results using the same devices.

5 Conclusion
In this paper, we introduce GRN, a next-generation visual synthesis framework
characterized by a global refinement mechanism and complexity-aware genera-
tion. We propose Hierarchical Binary Quantization (HBQ) to develop a series
of discrete image and video tokenizers that are on par with their continuous
counterparts while using the same number of latent channels and offering a
significantly higher compression rate. In the generation phase, GRN sets new
state-of-the-art results in both image reconstruction and class-conditional im-
age generation. Extensive experiments demonstrate that, at equivalent scales,
GRN surpasses existing autoregressive and diffusion-based approaches in both
text-to-image and text-to-video generation tasks.

Moreover, as an autoregressive framework built entirely on discrete tokens,
we believe GRN can be more naturally integrated into large language models.
Unified learning over discrete text and visual tokens could substantially promote
multimodal understanding and generation. At a fundamental level, GRN resolves
the issues of quantization loss and error accumulation that have long limited
visual autoregressive generative models. We believe it has the potential to emerge
as a strong competitor to the currently dominant Transfusion [70] architecture.

6 Limitation

Due to limited computational resources, we have not scaled up the training com-
pute or model size to the level of leading visual generation models. In addition,
for the text-to-video generation task, we observe that GRN performs better in
human-related scenarios. The generated videos may sometimes lack rich visual
details and exhibit distortions. We will try to address these in the future.
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