HierEdit : Region-Aware Hierarchical Diffusion for Efficient High-Resolution
Editing

Supplementary Material

1. Comparison with Upscaler Baselines.

Here we present a qualitative (Figure 1) example where
the lady’s facial expression and posture totally changed.
Both upscalers show artifacts (eyelash discontinuity and
blurriness), while ours does not. We will add complete
quantitative comparisons in the final version.

2. Example on Full Editing

Figure 2 further illustrates our ability to edit entire images,
even though our focus is on local editing.

3. More Ablation Study

Ablation on Denoising Step Reduction. We further ex-
amine how aggressively denoising steps may be skipped
while preserving output quality. Figure 3 presents results
obtained by skipping {0, 10, 14, 18,22, 24} out of 28 total
steps. Skipping 18 steps offers the best balance between
visual quality and efficiency.

4. Implementation Details

4.1. Experimental Setup.

We adopt FLUX.1-dev [1] as our base model. The net-
work is fine-tuned using LoRA with a rank of 16, trained
for 10,000 steps with a batch size of 6 on six NVIDIA
RTX A6000 Ada GPUs (48 GB each). All evaluations
are performed on a NVIDIA RTX 6000 Ada Pro GPU
(96 GB) server. For training, we employ the IPA300K
dataset [8], which provides paired source and target im-
ages along with textual prompts and bounding-box anno-
tations on 1024 x 1024 resolution. For the off the shelf
low-resolution model selection, we choose either FLUX-
Kontext.dev or OminiControl2. For kernel adaptation, we
permute the token sequence to a "window-first” way, so that
the tokens within one local window will stick to each other
in the sequence and we also adapt our code to Flash Sparse
Attention [5], to skip the masked blocks for speeding up

4.2. Instructional Editing Benchmarks

We provide additional details regarding the quanitative
comparisons in Table 1 in the main paper. We evaluate on
I12EBench [3], ImgEdit [6], CompBench [2], and EmuEdit
[4]. For the composite benchmarks (those measuring mul-

tiple subtasks), we average the scores of the local editing
tasks. The details for each benchmark are listed below.

I2EBench. The I2EBench benchmark, which encompasses
16 diverse image editing tasks spanning both low-level
restoration and high-level semantic modifications. We eval-
uate on the the first category includes 9 low-level tasks:
Deblurring, HazeRemoval, Lowlight, NoiseRemoval, Rain-
Removal, ShadowRemoval, SnowRemoval, WatermarkRe-
moval, and RegionAccuracy. We evaluate using the Struc-
tural Similarity Index (SSIM), comparing edited images
against ground truth references.

CompBench. We evaluate on the local subset of the Comp-
Bench benchmark, which includes add, remove, and replace
tasks. We report the average scores across those three tasks.
For each task, we measure text-image alignment through the
CLIP Score and structural similarity in background regions
using SSIM.

EmuEdit. For the EmuEdit benchmark, we utilize the test
split of the facebook/emu_edit_test_set dataset from Hug-
gingFace, and report two metrics. The CLIPy;, assesses di-
rectional alignment of the edit. The DINO score measures
feature-level preservation.

ImgEdit. We evaluate our method on the ImgEdit bench-
mark using its basic suite, which consists of single-turn edit-
ing tasks. The primary evaluation relies on a GPT-4 judge.
The judge model receives three inputs (the original image,
the edited image, and the textual instruction) and produces
three integer scores ranging from 1 to 5 for different aspects
of the edit. These scores are averaged. We report these
averages across a range of local editing tasks: add, adjust,
compose, extract, remove, and replace.

5. More Examples

We present additional qualitative examples in Figures 5.
The original images are upsampled using the BSRGAN
super-resolution model [7]. For each example, the low-
resolution edited result is displayed inside the black box
located at the lower-left corner. We also include 4K (Fig-
ure 6) and 2K (Figure 7) editing results on synthetic data.
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Figure 1. Comparison with low-resolution editing followed by upscaling.

Figure 2. Our model also supports full image editing by removing
the mask although we focus on local editing.

Figure 3. Ablation on the number of timesteps skipped. Results
shows 18 steps yields an optimal solution balancing the generation
quality and speed. Numbers in red are PSNR values.
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Figure 5. More examples on 4K in-the-wild data.



Change the guy
in the mask to
show white in

red dress

A boho chic lady
in a leather
trench
wandering

Figure 6. More examples on 4K synthetic data.
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Figure 7. More examples on 2K synthetic data.
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