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1. Dataset Construction

In this section, we provide more details about our data con-
struction pipeline and the resulting dataset. Sec. 1.1 ex-
plains how we prompt multi-modal large language models
(MLLMs) to generate instructions. Sec. 1.2 compares dif-
ferent MLLMs for instruction generation. Despite our care-
ful design of data filtering and prompting, a small amount
of low-quality data remains in our training dataset, as dis-
cussed in Sec. 1.3.

1.1. MLLM Prompting

We leverage the multimodal large language model Pix-
tral [2] to generate editing instructions for motion-filtered
frames sampled from video data. The prompt template used
for this process is illustrated in Fig. 2.

The task objective is first specified for the MLLM. To
ensure accurate and context-appropriate instructions, we de-
fine rules for the MLLM to follow. Specifically, the MLLM
is instructed to focus on primary objects in the input im-
ages and identify changes related to attributes such as shape,
size, position, perspective, camera viewpoint, and other fea-
tures. Additionally, constraints are imposed to ensure that
editing instructions are based solely on the content of the
source image, using absolute terms or terms relative to the
source image, without referencing details from the target
image. This restriction prevents information leakage from
the target image, which is unavailable to the model during
training or inference. To enhance practicality, the MLLM
is directed to begin editing instructions with action-oriented
verbs. For cases where changes between input images are
subtle or where transformations are too complex to articu-
late as simple editing instructions, the MLLM outputs N/A,
and these cases are filtered out.

This carefully designed prompting process allows the
MLLM to generate precise and detailed editing instructions
directly from input images. As shown in Fig. 4, the con-
structed dataset includes high-quality images paired with
accurate editing instructions that effectively describe the
transformations from source to target images.

We conducted an ablation study to evaluate the impor-
tance of different components in our prompt design, focus-
ing on the guidelines and examples. As shown in Fig. 1,
removing either element results in less natural and less re-
liable instructions. These results highlight the value of a
structured prompt template in guiding the MLLM to gener-
ate high-quality outputs.

With full template:

Make the cat's face closer to the camera

Template without guidelines:
Adjust the kitten's pose to make it sit upright and face directly
towards the camera.
Template without examples:
Zoom in on the kitten's face, centering it, and slightly blur the
background.

Figure 1. Instructions generated by MLLMs with different
prompting templates.

1.2. Comparison between Different MLLMs
We employ the recently released open-source multimodal
large language model Pixtral [2] to generate image editing
instructions, taking advantage of its robust multimodal pro-
cessing capabilities. We also evaluate other widely adopted
MLLMs, including LLaVA [6] and GPT-4o [1]. Sample
outputs from these models are illustrated in Fig. 3. All three
models perform well in straightforward scenarios (such as
the first sample that involves simple pose and expression
changes). However, in more complex cases (e.g., the third
sample), LLaVA struggles to produce accurate instructions
for transformations requiring advanced understanding and
reasoning. In contrast, both Pixtral and GPT-4o demon-
strate superior performance, generating more precise and
contextually accurate instructions. Given the need to con-
struct a large-scale dataset, we ultimately decided to utilize
the open-sourced model Pixtral for generating the editing
instructions.

1.3. Failure Cases
Despite achieving high-quality data pairs from video
through the proposed dataset construction pipeline, a small
amount of failure cases persist within the dataset. These
failures primarily arise from two aspects: significant con-
tent changes and incorrect understanding or reasoning by
MLLMs. In the first case, although motion filtering is ap-
plied during the frame selection process, some edge cases
remain unfiltered. These instances involve frames with
weak correspondence among the image contents, prevent-
ing the MLLM from generating accurate editing instruc-
tions (as illustrated in Fig. 5(a)). The second issue stems
from limitations in the internal reasoning capabilities of
MLLMs. These models occasionally misinterpret the input
image content (Fig. 5(b)), leading to two types of errors:
(1) failure to identify the primary transformations, resulting
in inaccurate instructions, and (2) generation of instructions
irrelevant to the input images.

Interesting future work could address these challenges.
One direction is to enhance the motion filtering procedure
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Task Prompt:
You are provided with two images sampled from a video. Assume an image editor accepts text instructions to modify
the first image. Your task is to output an instruction for the editor to transform the first image to resemble the second
image. The instruction must be concise, clear, and no longer than 20 words.

Guidelines:
1. Focus on the Main Elements:
Describe changes to key objects in the image, in terms of shape, shape, position, orientation, perspective, and back-
ground, etc.
2. Use Only the First Image for Context:
Generate the instruction based solely on the first image. Do not use descriptive references to the second image.
3. Use Absolute or Relative Terminology Regarding the First Image:
Specify changes directly and concretely, referencing the first image for orientation or context when necessary. Se-
quential instructions are allowed, as long as they remain concise and directly address the editing process. For example:
Rotate the object clockwise by 30 degrees, then move it to the top-left corner. Make the woman look to her left.
4. Action-Oriented Language:
Start the instruction with verbs like Make, Have, Change, Adjust, Move, etc. Alternatively, propose edits with
How about.
5. Fallback for Subtle or Complex Transformations:
If the transformation from the first image to the second image is too subtle to identify or too complex to achieve,
output N/A.

Response Format:

{
"instruction": "<Your concise editing instruction>"

}

Example:
Context: A person is looking straight in the first image and slightly turned to their left in the second image.
Response:

{
"instruction": "Make the person turn slightly to their left."

}

Figure 2. Mutimodal LLM prompting process.

Adjust the bird's head position slightly to the 
left

Pixtral-12B:

Adjust the bird's head to face slightly more 
toward the camera

GPT-4o:

Make the bird look to its left, then add a smileLLaVA-OV-7B:

Change the man's facial expression to happy and 
raise his arms with fingers pointing upwards

Pixtral-12B:

Make the person smile widely and raise both 
hands near their face

GPT-4o:

Make the person smile and have their hands 
raised in a questioning gesture

LLaVA-OV-7B:

Lower the woman's upper body so that she is in a 
push-up position.

Pixtral-12B:

Shift the person from a downward-facing dog 
pose to a plank position with arms extended

GPT-4o:

Make the woman look to her left, then add a smileLLaVA-OV-7B:

Figure 3. Image editing instructions generated by different multimodal LLMs.
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Rotate the robot to the left so that its left hand is 
visible and its body is slightly turned

Make the man smile Change the man's expression to surprise

Move the hands to the right side of the keyboard Remove the hands from the neck and place them by 
the sides

Change the person's action to drinking from the 
water bottle

Make the person wave their right hand Change the person's pose to have them holding a 
coffee cup in their right hand and smile

Lower the person's body closer to the ground

Rotate the bird so that it faces to the right Adjust the seal's head to look upwards and slightly to 
the left

Make the cat's face closer to the camera Change the cat's orientation to the right Add a finger near the lips, making a 'shushing' 
gesture

Remove the bubbles from the drink Raise the person's arms upward towards the sun Remove the person's hands from the image

Fill the bowl with batter

Figure 4. Samples in the constructed dataset.
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to ensure the selection of more suitable frames for image
editing. Additionally, refining the prompting process for
MLLMs and exploring the use of more advanced, larger-
scale MLLMs could improve the accuracy and relevance of
the generated editing instructions.

2. Evaluation Details
2.1. Benchmark
We constructed a benchmark specifically designed for the
editing types discussed in our main paper. The images in the
benchmark were sourced from prior research works [4, 7, 9]
and publicly available internet datasets. For each image,
we manually created non-rigid editing instructions, such
as “Change the view to the side” or “Make the man give
a thumbs-up.” During the benchmarking process, each
method generates four edited images per instruction, with
different random seeds. The evaluation metrics included
CLIP-I (calculated as the average across the four images),
which quantifies appearance and identity preservation, and
CLIP-D and CLIP-Inst (calculated as the maximum across
the four images), which evaluate alignment with the text in-
structions.

2.2. User Study
To further validate the effectiveness of the proposed
method, we conducted a user study. Specifically, we se-
lected the best sample from the four generated images of
each model to represent its output, and a total of 20 sam-
ples were chosen to form the complete user study. Each
case in the study consists of a source image, a target editing
instruction, and the edited results from Imagic [4], Instruct-
Pix2Pix [3], MagicBrush [10], and our model. An example
question from the user study is shown in Fig. 6.To eliminate
potential bias, the cases and response options within each
case were randomly shuffled during the answering process.
In total, we collected 800 responses from 40 professional
participants. The results showed that the majority of partici-
pants preferred the results generated by our method, provid-
ing additional evidence for the effectiveness of the proposed
approach.

3. Additional Results
3.1. Results of the Model Trained with Mixed

Datasets
Our dataset is constructed from video data. Therefore, the
model trained solely on this dataset does not support artistic
edits, such as global stylization, color changes, or local re-
placements, which is enabled by previous instruction-based
image editing works [3, 8, 11]. This can be simply mitigated
by combining our dataset with existing datasets. To demon-
strate this, we combined the InstructPix2Pix dataset with

our dataset during training. As demonstrated in Fig. 7, the
model trained on the mixed dataset successfully supports
artistic edits, such as altering textures and styles while still
being able to support non-rigid editing which is challeng-
ing with previous approaches. However, unlike our dataset,
since InstructPix2Pix dataset contains lower-quality target
images generated from zero-shot editing models, we ob-
serve a slight drop in terms of the model’s ability to pre-
serve the original content when dealing with edits that re-
quire structural changes.

3.2. Results of Larger Base Models
In the main paper, we present results from a model fine-
tuned on Stable Diffusion V1.5. However, our proposed
method is not limited to any specific text-to-image (T2I) dif-
fusion model, allowing for flexibility with more advanced
models. For instance, we can finetune a larger and more
powerful T2I model on our dataset using the proposed Spa-
tial Conditioning strategy to achieve higher-quality, high-
resolution image edits. FLUX 1 is a model [5] with 12B pa-
rameters, offering state-of-the-art performance image gen-
eration with top of the line prompt following, visual qual-
ity, image detail and output diversity. As demonstrated in
Fig. 8(c), when finetuned with our approach, it can generate
high-resolution (1024 × 1024) edits while maintaining the
fine details of the source image, even at elevated resolutions.

3.3. Additional Qualitative Results
Additional edited results from the model presented in the
main paper are shown in Fig. 8. Our method demonstrates
strong performance in editing both real and synthetic im-
ages. Moreover, with the incorporation of masks or spatial
controls, it seamlessly achieves precise editing.
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Add a shadowed figure in the foreground on the right 
side of the image

Move the person to the middle of the pool on a lounge 
chair

Change the background to a plain blue wall with white 
panel designs

Add more shredded carrots and cucumbers around 
the tofu in the bowl

Remove the small bush on the left side of the field Rotate the camera so the person is facing forward 
and smiling

(a) Inaccurate instruction due to drastically contents change

(b) Inaccurate instruction due to wrong understanding or reasoning of MLLMs

Figure 5. Inaccurate instructions due to (a) drastic content change and (b) wrong understanding and reasoning of MLLMs.

Figure 6. Illustration of the user study.
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Turn it into night, and add a 
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Make it snowy Turn it into a sketchTurn the hair to blackMake the woman wear
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Make the woman smile

Figure 7. Results of the model trained on the mixed dataset (ours and InstructPix2Pix dataset).
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Zoom in on the robot

Lower the dog's head Make the dog stand Have the dog face the side

Shift the camera view to the right

Make the man smile Make the man face the camera

Have the wolf look at the camera

Make the woman look at the cameraClose the dog’s eyes

Open the man’s eyes

Close the man’s eyes and make him smileMake the woman smile

(a) Additional qualitative results

(b) Additional results with local mask and spatial controls

(c) Results of larger base model FLUX.1 Dev

Close the cat’s eyes

Figure 8. Additional editing results using (a) text-only instructions, (b) local masks or spatial controls, and (c) fine-tuned larger and more
powerful base T2I models, such as FLUX.1, for high-quality image editing.
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