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Supplementary Material

Task Link
semantic-invariant style transfer Fig. 3
semantic-variant style transfer Fig. 4
different types of dense prediction Fig. 5
semantic-invariant image editing Fig. 6
semantic-variant image editing Fig. 7

image resolution under various degradations Fig. 8

Table 1. Generation results on more tasks.

1. Instruction Format

In our unified framework, the instruction consists of three
parts: (1) layout instruction, which describes the layout of
the grid image, (2) task instruction, which specifies the task
type, and (3) content instruction, which describes the con-
tent of the target image. Fig. 1 illustrates the instructions
for concept fusion of style, subject, and layout (Fig. | up-
per) and image editing with reference (Fig. | bottom). The
content instruction is omitted for some tasks that provide
strong visual cues, like style transfer.

2. More Visualizations

In the manuscript, we have provided results on conditional
image generation and subject-driven generation. Here, we
further show results for the other meta-tasks, as summarized
in Tab. 1. In style transfer and dense prediction, we also
show the impacts of in-context learning and further confirm
its effectiveness.

3. Fine-tuning FLUX.1-dev Model

Apart from FLUX.1-Fill-dev, we also adapt our method
to FLUX.I-dev [3], a common text-to-image generative
model. Unlike the infilling model that shares a consistent
objective with universal image generation, FLUX.1-dev re-
quires customized modifications to process clean condition
images and noise target images. Specifically, after concate-
nating images in a grid layout like the infilling model, we
always keep the region corresponding to the conditions as
clean latent embeddings throughout the sampling process.
This strategy requires modifications in image sampling be-
cause FLUX.1-Fill-dev takes noise latent embeddings as in-
put. Moreover, for the adalLN-Zero block [6], it is critical to
calculate the separate mean and shift parameters for the re-
gions of clean conditions and noise target by feeding 7' = 0
and T' = t into the adalLN-Zero, respectively. ¢ indicates
the timestep in each sampling step and gradually increases

from O to 1 along the sampling process. This strategy aligns
with the pre-training domain of FLUX.1-dev, where differ-
ent noise levels correspond to different mean and shift. As
shown in Fig. 2, this strategy ensures the visual fidelity.

4. Evaluation Metrics

4.1. Conditioning Generation

We assess the models from controllability, quality, and text
consistency to evaluate image generation quality in condi-
tioning generation and image restoration tasks.

Controllability. For conditional image generation, we mea-
sure the difference between the input conditions and those
extracted from generated images. Specifically, we calculate
the F1 Score for the cany-to-image task and RMSE for the
depth-to-image task. Additionally, for debluring, we mea-
sure the RMSE between original and restored images.

Quality. We measure the Generation quality using FID [1],
SSIM, MAN-IQA [10], and MAN-IQA [10]. FID [1] mea-
sures the similarity between generated and real image fea-
ture distributions. SSIM evaluates perceptual quality by
comparing luminance, contrast, and structural patterns be-
tween images. It calculates local patch statistics and com-
bines them into a composite score ranging from —1 to 1,
with higher values indicating better structural preservation.
MANIQA [10] and MUSIQ [2] leverage neural networks to
predict image quality scores.

Text consistency. Leveraging the powerful multi-modal
capability of CLIP [7], we also measure the semantic align-
ment between generated images and text prompts, which
reflects how the model accurately follows instructions.

4.2. Subject Driven Generation

Following DreamBooth [8] and BLIP-Diffusion [4], we
measure DINOv2 [5], CLIP-I [7], and CLIP-T scores for
the comparison of subject-driven image generation. DI-
NOv2 [5] and CLIP-I scores measure the alignment be-
tween the reference subject and generated images through
cosine similarity and CLIP score, respectively. CLIP-T
measures the alignment between the generated image and
the corresponding text prompt.

4.3. Style Transfer

Following StyleDrop [9], we assess the performance of
style transfer according to text consistency and style align-



ment. For text alignment, we measure the cosine similarity
between embeddings of generated images and text prompts,
where the embeddings are extracted by CLIP [7]. Regard-
ing style consistency, we measure the cosine similarity be-
tween embeddings of generated images and style reference.
Note that these two metrics should be considered together
because the style consistency will reach 1.0 if the model col-
lapses, where the model completely copies style reference
as a composite image and ignores text instructions.
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(a) Concatenated images (b) Language instructions
Figure 1. Examples of language instructions that contain prompts about the layout of the concatenated image, task intent, and content of
the target image.
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(a) separate mean and shift (b) unified mean and shift

Figure 2. Effects of separate mean and shift in fine-tuning FLUX.1-dev.
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Figure 3. Semantic-invariant style transfer.
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Figure 4. Semantic-variant style transfer.
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Figure 5. Dense prediction.



Reference Input image Edited image Reference Input image

Edited image

Figure 6. Semantic-invariant image editing with reference. We do not show the results with in-context examples because the model can
achieve correct editing without examples. The three images for each item are reference, input, and output, respectively. We replace the
subject in the input image with the reference.

Reference Input image Edited image Reference

Figure 7. Semantic-variant image editing with reference. We do not show the results with in-context examples because the model can
achieve correct editing without examples. The three images for each item are reference, input, and output, respectively. We replace the
subject in the input image with the reference.



Figure 8. Image restoration. We show the degraded image on the left and the restored image on the right for each degradation. We do not
show the results with in-context examples because the model can achieve correct restoration without examples.
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