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Supplementary Material

A. Appendix

We provide additional information and results in the appendix, as outlined below:

» Appendix A.1: Ethics Statement, discussing about how we prevent the misuse of DC-AR.

* Appendix A.2: Implementation Details, including the training hyper-parameters for tokenizer and generator, inference
hyper-parameters for generator.

* Appendix A.3: Additional text-to-image generation of DC-AR and other popular methods.

* Appendix A.4: Qualitative comparison between DC-AR and the discrete-only baseline.

* Appendix A.5: Additional experiments to help clarfiy the advantages of DC-AR.

A.l. Ethics Statement

The misuse of generative Al for creating NSFW (not safe for work) content continues to be a critical concern within the
community. To address this, we have integrated DC-AR with ShieldGemma-2B [72], a robust LLM-based safety check
model. In our implementation, user prompts are first evaluated by the safety check model to detect NSFW content, including
harmful, abusive, hateful, sexually explicit, or otherwise inappropriate material targeting individuals or protected groups. If
a prompt is deemed safe, it is forwarded to DC-AR for image generation. If not, the prompt is rejected and replaced with
a default prompt (“A red heart”). Through rigorous testing, we have demonstrated that our safety check model effectively
filters out NSFW prompts under strict thresholds, ensuring that our pipeline does not produce harmful Al-generated content.

A.2. Implementation Details

Tab. 7 and Tab. 8 present the hyper-parameters used for training the tokenizer and generator, respectively. For image gener-
ation, we employ the following sampling hyper-parameters: a randomized temperature of 4.5, a CFG (Classifier-Free Guid-
ance) scale of 4.5, a constant CFG schedule, 12 sampling steps for discrete tokens, and 20 diffusion steps for residual tokens.

Hyper-parameters Configuration Hyper-parameters Configuration
optimizer Adam optimizer Adamw
b1 0.9 B 0.9
Ba 0.95 Ba 0.96
discriminator loss weight 0.5 condition dropout 0.1
perceptual loss weight 1.0 attention dropout 0.1
L loss weight 0.0 cross-entropy loss weight 1.0
L, loss weight 1.0 diffusion loss weight 1.0
weight decay 0.0 weight decay 0.03
learning rate le-4 learning rate le-4
Ir schedule constant Ir schedule cosine
batch size 128 batch size (256x256) 1024
training epochs (continuous warm-up) 10 batch size (512x512) 1024
training epochs (discrete learning) 40 training steps (256 x256) 200K
training epochs (alternate fine-tuning) 10 training steps (512x512) 50K

Table 7. Training hyper-parameters for our tokenizer.

Table 8. Training hyper-parameters for our generator.
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Figure 7. Additional text-to-image generation results of DC-AR.

A.3. Additional Text-to-image Examples

Fig. 7 and Fig. 8 includes more qualitative examples of text-to-image generation results of DC-AR.
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Figure 8. Additional text-to-image generation results of DC-AR.



Discrete-only DC-AR

Figure 9. Qualitative Comparison: Images Generated by DC-AR vs. the Discrete-Only Baseline. For each pair of images, the left
image is produced by the discrete-only baseline, while the right image is generated by DC-AR.

A 4. Qualitative Comparison of DC-AR and discrete-only baseline.

We present qualitative comparison examples of images generated by DC-AR and the discrete-only baseline. From these
examples, it is evident that the diffusion head and residual tokens significantly enhance image refinement, particularly in
capturing fine details such as eyes and textures.

A.5. Additional Experimental Results.

In this section, we provide some other experiments related to DC-AR.
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Figure 11. gFID Results on ImageNet 256 <256 for MAR-B
at Different Sampling Steps. MAR-B requires 64 sampling
steps to achieve its best performance, significantly lagging be-
hind our method, which attains optimal performance in just 12
steps.

Figure 10. The resolution generalizability of DC-HT allows us
to train a 512x512 model by fine-tuning from a pre-trained
256x256 model, achieving significantly faster convergence
compared to training from scratch.

Training Loss Curve: Fine-Tuning vs. Training from Scratch. Fig. 10 illustrates the training loss curves for fine-tuning
and training from scratch on 512512 models over the first 30K steps. It is evident that fine-tuning from a pre-trained
256256 model enables the 512x 512 model to converge significantly faster than training from scratch.

Sampling Step Requirements for MAR. Our primary motivation for adopting a hybrid generation framework, rather than
following MAR’s paradigm of exclusively using continuous tokens, stems from the observation that MAR typically requires a
large number of steps to achieve optimal performance. This is demonstrated in Fig. 6, where we evaluate the official MAR-B
model for class-conditional image generation on ImageNet at 256 x256 resolution. Despite the image token sequence length
being 256, MAR-B requires 64 steps to reach its optimal performance, resulting in a substantial inference cost. In contrast,
DC-AR achieves optimal performance in just 12 steps, making it significantly more efficient during sampling.

A.6. Discussion of DC-AR and Related Works.

As a novel autoregressive image generation framework, DC-AR draws inspiration from several related works in the field
while introducing significant innovations that distinguish it from each of them.

Difference with MaskGen [31]. Both MaskGen and DC-AR adopt the masked autoregressive generation paradigm for text-
to-image generation and employ an image tokenizer with a high compression ratio for efficient generation. However, their
technical approaches to building the tokenizer and generator differ substantially. On the tokenizer side, MaskGen follows the
recent trend of using a 1D compact tokenizer to achieve a high compression ratio. However, a major limitation of such 1D
tokenizers is their lack of generalizability across different resolutions. Consequently, MaskGen must train separate tokenizers
and generators from scratch for each resolution, leading to significantly higher training costs, especially for resolutions of
512x512 or higher. In contrast, DC-AR utilizes a single tokenizer trained on 256256 images for all resolutions and fine-
tunes the generator for higher resolutions from a pre-trained low-resolution model, resulting in much greater efficiency. On
the generator side, MaskGen combines the MaskGIT paradigm for discrete token generation with the MAR paradigm for
continuous token generation. In contrast, DC-AR introduces a novel hybrid generation framework that leverages the superior
representation capability of continuous tokens while maintaining the high inference speed of discrete tokens.

Difference with HART [53]. HART proposes the idea of hybrid tokenization, using a transformer model to generate
discrete tokens and a lightweight diffusion head to generate continuous tokens. While DC-AR inherits these ideas, it adapts
them in a fundamentally different setting. HART follows the VAR paradigm, which generates images through progressive
next-scale refinement. In contrast, DC-AR adopts the MaskGIT paradigm, which generates images through progressive
unmasking. Although the VAR paradigm is widely recognized for its high generation quality and speed, we believe the
MaskGIT paradigm offers unique advantages, including fewer tokens (VAR requires additional tokens due to its multi-scale
tokenization design) and a natural suitability for image editing tasks. Building on this foundation, DC-AR introduces novel
methods, such as a single-scale hybrid tokenizer with a 32x compression ratio (via our three-stage adaptation strategy)
and an efficient hybrid generation framework that extends MaskGIT (via our discrete token-dominated generation pipeline).
Notably, in the results section, we do not include comparisons with VAR-based methods, as we aim to focus the discussion



on how DC-AR advances the MaskGIT paradigm. In future work, we plan to explore adapting our approach to the VAR
paradigm to design even more effective generation frameworks.



