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1. Related Work
Unified Multimodal Large Language Models Many
prior works have focused on empowering a single model
with both understanding and generation capabilities. Al-
though most methods are built upon MLLMs [11, 12, 25],
current mainstream approaches have diverged into different
streams. One direction employs an external diffusion model
for image generation [4, 22, 23, 29]. For example, Omni-
Gen2 [27] uses a diffusion transformer to accept high-level
conditions from the MLLM to produce images. Another di-
rection adopts the image generation process into the auto-
regressive paradigm [1, 26, 28]. [26] employs CLIP for
vision understanding and VQVAE to discretize images for
auto-regressive generation. Recently, some works have at-
tempted to merge auto-regressive generation and diffusion
into a single framework [3, 36]. Transfusion employs a sin-
gle transformer model to generate text in an auto-regressive
manner and images through iterative denoising. Extending
this method further, Bagel employs a mixture of transformer
architectures to separately process text tokens and VAE to-
kens of images.

Reasoning with Images With the introduction of Ope-
nAI’s o1 [15], reasoning with images has been widely ex-
plored for image understanding tasks [7, 10, 14, 31, 32].
These methods have attempted to incorporate more infor-
mation from images into the reasoning process, including
the use of external tools [21, 35], the reuse of image tokens
from the vision encoder [2, 5], and the generation of aux-
iliary images [20, 30]. More recently, the field of visual
generation has also adopted this paradigm [6, 8, 9, 17, 34].
Image-Gen-CoT [8] evaluates the effectiveness of direct
preference optimization [19] for image generation and pro-
poses PARM as a reward model for autoregressive genera-
tion in test-time scaling. Later, T2I-R1 [9] proposes gen-
erating a semantic-level CoT to analyze the given prompt
and design the image. The semantic-level CoT is then fed
back into the model to generate the image. Recently, sev-
eral methods have proposed reflecting on generated images
for improved image generation [18, 33, 37]. [37] utilizes a

text-to-image diffusion model to generate the image, then a
verifier produces reflection and a refined prompt instead of
a correction method, and then the generator generates a new
image. This method does not sufficiently connect the first
generated image with the subsequently generated one, and
therefore does not adequately address the difficulty of gen-
erating an image in one pass. Concurrently, [33] and [18]
propose editing the first generated image instead of creat-
ing an entirely new one. However, there are several key
differences between DraCo and these methods: (1) These
methods follow a post-reflection strategy, rather than the
pre-planning strategy adopted by DraCo. Therefore, they
need to generate the image at the same resolution as the final
output and then edit it, incurring much extra cost. (2) Ad-
ditionally, these methods strictly utilize the image editing
setting to edit the first generated image, such as restricting
the background to remain exactly the same, thereby limit-
ing the editing content. (3) In our pilot study, we find that
the inherent editing capability is insufficient to handle vari-
ous correction scenarios. Therefore, these methods that rely
solely on editing capability cannot sufficiently meet the re-
quirements for correcting errors.

2. More Details of DraCo-CFG
2.1. Original CFG of Bagel
Bagel [3] does not directly support DraCo, so no CFG
can be directly applied to DraCo. However, the task
that most closely resembles DraCo is ”thinking before
editing.” In this scenario, Bagel takes as input: the im-
age to edit (with both ViT features vit and VAE features
vae) and an edit instruction edit. Bagel then generates
a textual chain-of-thought think to analyze how to per-
form the editing, followed by generating the edited im-
age. Bagel employs three forms of multimodal context in
CFG: m(ϕ, ϕ, edit, ϕ), m(vit, vae, ϕ, ϕ), and the full con-
dition m(vit, vae, edit, think). The final output is com-
puted through two sequential steps:

m̂(vit, vae, edit, think)′ = m(vit, vae, edit, think)

+stext · (m(vit, vae, edit, think)−m(vit, vae, ϕ, ϕ)),

(1)

m̂(vit, vae, edit, think) = m̂(vit, vae, edit, think)′

+simg · (m̂(vit, vae, edit, think)′ −m(ϕ, ϕ, edit, ϕ)).

(2)

This formulation has two key issues:
1. Incomplete decoupling of conditions. The three input

conditions, image, edit instruction, and text CoT, are not



fully decoupled in the two multimodal contexts used for
CFG. Instead, two conditions are always dropped simul-
taneously. In m(ϕ, ϕ, edit, ϕ), both the image and CoT
are absent, while in m(vit, vae, ϕ, ϕ), both the edit in-
struction and CoT are absent. This means the CoT is
emphasized twice across these two CFG types. More-
over, emphasizing two different conditions simultane-
ously may produce unexpected results.

2. Sequential computation couples the scales. Un-
like DraCo-CFG, which computes CFG in one round,
this approach uses two sequential rounds. This cou-
ples the scales stext and simg . Formally, let M ≜
m(vit, vae, edit, think), Mtext ≜ m(vit, vae, ϕ, ϕ),
and Mimg ≜ m(ϕ, ϕ, edit, ϕ) denote the latent vec-
tors from the full model, the text-only model, and
the image-only model, respectively. By substituting
m̂(vit, vae, edit, think)′ from Equation 1 into Equa-
tion 2, we obtain:

m̂ = (1 + stext)(1 + simg)M

− stext(1 + simg)Mtext − simgMimg

(3)

As shown, Mtext is controlled by both stext and
simg , meaning the condition from Mtext may be over-
emphasized.

2.2. System Prompt
In DraCo-CFG, we adopt different system prompts for
m(ϕ, ϕ, ϕ), m(ϕ, vit, ϕ), and m(p, vit, v) to ensure more
emphasis on the specific condition. We omit the details of
the system prompt in the full submission for brevity. In
practice, we do not adopt system prompt for m(ϕ, ϕ, ϕ).
For m(ϕ, vit, ϕ), we want the model to fully construct the
draft image, so the prompt is:

Draft-Only System Prompt

You should generate a larger image with the same
content as the input image, with better details and
clarity.

For full condition m(p, vit, v), the system prompt is:

Full-Condition System Prompt

You should first generate a scratch image. Then you
should analyze whether the scratch image is aligned
with the prompt. If not, you should think about
how to modify the scratch image to make it aligned
with the prompt and then modify the scratch image.
The analysis process is enclosed within <think>
and </think> tags, i.e., <think> analysis
process here modification process here (optional)
</think> modified image here (optional).

3. More Dataset Details
We provide additional examples of our proposed DraCo-
240K in Figure 1. As shown, the subset for general cor-
rection includes various correction scenarios such as ob-
ject replacement and background modification. For instance
manipulation, the focus is on handling objects of the same
class. The training data includes either adding, removing, or
changing attributes for one or multiple instances in the im-
age. Regarding layout reorganization, we include examples
that require swapping the positions of objects, or adding or
removing an object at a specific position relative to exist-
ing objects. To guarantee the accuracy of the generated
prompts, we conduct cross-validation for prompts in in-
stance manipulation and layout reorganization. The reason
is that prompts in instance manipulation contain numeracy
information about objects, and prompts in layout reorgani-
zation contain spatial information, which is universally ac-
knowledged that current MLLMs, even powerful ones like
Qwen3-VL [24], still struggle to accurately capture. There-
fore, we also use GroundingDINO [13] to detect all the ob-
jects present in the prompt and record their positions and
numbers. We only retain samples where the detection re-
sults align with the prompt. Besides, the draft images in the
dataset are roughly the same size as the final images. We
downsample the draft images to a size of 384 × 384 during
training. For the verification, we deliberately add a conclu-
sion about what needs to be changed so that the model can
better follow the correction instruction.

4. More Experiment Details
To facilitate Bagel to generate valid small resolution images
as a valid draft, we first conduct a text-to-image fine-tuning
stage before training for DraCo. We input various forms of
prompts to Bagel to generate 1024 × 1024 images. Then
we resize these images to 384 × 384 to train the model.
We also adopt images generated from GPT-4o [16]. Dur-
ing training, half of the images in trained in 384 × 384,
and half is trained in 1024 × 1024 to ensure the model’s
generation capability of both sizes of images. We finetune
the model for 14K steps and adopt the EMA weight. We
continue training on this weight for DraCo.

5. Limitations and Future Work
While DraCo demonstrates significant improvements in
text-to-image generation through interleaved reasoning,
several limitations remain. The application of this paradigm
to other fields has not been extensively studied. Specifically,
the low-resolution draft designed in DraCo cannot be di-
rectly or optimally used in other scenarios, such as videos,
3D assets, or scenes. Clearly, using a low-resolution draft
still seems computationally expensive for video generation.
The draft for different modalities requires capturing the ma-
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“A black road bicycle lettering 
on a wooden surface, a clear 
wine glass floating above the 

bicycle, centered directly 
over the frame“

“A black backpack with brown 
leather straps is on the left of 
a black microwave oven, both 
placed on a wooden table. The 

microwave is to the right of the 
backpack. A window is behind 

the microwave."

Prompt

Prompt

The current image shows a fountain near the bridge. 
However, the prompt specifies purple flowers in the 
foreground. The bridge, water, and sailboat should 
remain unchanged. Replace the fountain with 
purple flowers while keeping the image structure 
and layout the same. So the editing to the image is:
Replace the fountain with purple flowers.

The image features pyramids under a starry night 
sky. The prompt requires a sunset sky. The pyramids 
and desert should remain unchanged. Replace the 
starry sky with a sunset sky with clouds, ensuring 
the lighting on the pyramids matches the warm 
tones of  the sunset. So the editing to the image is: 
Replace the starry sky with a sunset sky.

The image has two potted plants and two tacos. 
The target requires one potted plant and one taco 
shell. The structure and layout should stay the 
same. The second plant and filled tacos must be 
removed, leaving one plant and an empty taco shell.
So the editing to the image is: Remove the second
potted plant and filled tacos.

The left birdhouse is bright yellow and red, not 
muted pastels. Change its roof  to soft pink and 
body to mint green while preserving shape and 
position. So the editing to the image is: Change the
left birdhouse’s roof  to soft pink and body to mint 
green.

The bicycle is floating above the wine glass, but the 
prompt requires the wine glass to float above the 
bicycle. Their vertical positions must be swapped to 
match the target. Swap the vertical positions of  the 
bicycle and the wine glass. So the editing to the
image is: Swap the position of the bicycle and wine
glass.

The prompt requires a microwave to the right of  
the backpack. The current image lacks the 
microwave entirely. Adding it to the right side of  
the backpack satisfies spatial and object 
requirements. So the editing to the image is: Add a 
black microwave oven to the right of  the backpack 
on the table.

Verification

Verification

VerificationPrompt

Final Image

Final Image

Final Image

Draft Image

Draft Image

Draft Image

Figure 1. More Examples of DraCo-240K.

jor difficulty during generation, such as consistency in the
video, and then constructing the form of the draft to give a
second chance for the most challenging part. These are not
clearly studied in this work. Moreover, the role of humans
in improving data curation and the training loop is not well
studied. Incorporating humans in this process could help
better align the generation and correction methods.

6. Qualitative Examples

We show more qualitative examples and comparison in
Fig. 2. In Fig. 2 (a), we showcase the draft image, final
image, and its corresponding prompt. The examples in-
clude various correction scenarios, including: position cor-
rection, rare attribute generation, precise object editing, and
numeracy correction. We also show more detailed exam-



“A photo of a purple sheep and a pink banana”

“A photo of a hot dog left of a suitcase”

“Two cars in the street, the car on the left is red, but 
the one on the right is not”

“A photo of three handbags”

“A photo of one purple TV and two orange books”

“Five buttons sewn onto a piece of fabric.”

“A photo of 
seven pizzas”

“The image displays eight pizzas, but the prompt specifies seven. The bottom-
left pizza must be removed to match the count. So the editing to the image is: 

Remove the bottom-left pizzas”

“a serene blue cup 
sits hidden 

behind a matching 
blue toilet."”

“The image shows a blue toilet but lacks a blue cup. The toilet's position should 
remain unchanged. Add a blue cup, ensuring it matches the toilet's color. So the 

editing to the image is: Add a blue cup beside the toilet

Draco

Bagel
(Baseline)

“A bright red 
sandwich and a pastel 
green truck displayed 
together on a metal 

picnic table”

“A photo of one wine 
glass, one handbag, 

and one giraffe”

“Three small boxes 
that are not yellow 
on a large blue box”

“A photo of a 
monkey composed 
of tightly packed, 
colorful jellybeans”

“A couch is 
positioned to the 
right of a fish”

“A photo of two 
TVs on the above 
and two umbrellas 

on the below”

T2I-R1

(a) Visualization of Draft and Final Output

(b) Visualization of Draft, Verification, and Final Output

(c) Comparison with Other Methods

Figure 2. More Qualitative Examples of DraCo.

ples including the verification in Fig. 2 (b). During verifica-
tion, the model first analyzes the inconsistency between the
prompt and the image, then proposes a correction method,
and also highlights what should not be changed. Ultimately,
the model summarizes the correction in its final outcome. In

Fig. 2 (c), we compare our method with the CoT-powered
method, T2I-R1 [9], and our baseline model, Bagel [3]. As
shown, T2I-R1 tends to generate artifacts, e.g., half of the
giraffe and the monkey, or over-saturated images. While
Bagel cannot accurately follow the prompt. In contrast,



DraCo produces satisfying results with both high quality
and precise alignment of the prompt.
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