Enabling Instructional Image Editing with In-Context
Generation in Large Scale Diffusion Transformer
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主持人笔记
演示文稿备注
"Hello everyone, it's a great honor to be invited by Chenlin and Demy to share our recent work, ICEdit, with all of you at Pika."


Zechuan Zhang (5:%) 1)

| am currently a PhD student at Zhejiang University in Hangzhou, China.
My PhD supervisor is Prof. Yi Yang. My research interests lie in the
intersection of computer vision, machine learning. | am particularly
interested in 3D vision, multi-modal, diffusion models and image
generation and editing.

Prior to that, | obtained the B.Sc Degree in Geographical Information
Science from Zhejiang University in 2023. | was also a member of
Advanced Honor Class of Engineering Education (ACEE) at Chu Kochen
Honors College (CKC) of Zhejiang University.

Email | CV | GitHub | Google Scholar | Twitter



主持人笔记
演示文稿备注
"Let me briefly introduce myself. My name is Zechuan, and I'm a second-year PhD student from Zhejiang University, working with Professor Yi Yang. Right now, I'm in Cambridge, Massachusetts, doing a research exchange at the Broad Institute of Harvard and MIT."
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主持人笔记
演示文稿备注
"We open-sourced our model in early May. It's an instruction-based image editing model that can edit images according to user prompts—kind of like what GPT-4o does. Actually, we finished all the work by March, but due to some reasons, we had to delay the release until May. During that time, models like GPT and Gemini also released their own image editing features. However, they didn’t perform very well in some aspects—like preserving identity during editing or generation speed. Our model, on the other hand, performs well in identity preservation, and can generate results in around 10 seconds, since it’s essentially a lightweight LoRA. This made it popular among users, and some content creators even helped promote it."
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I Impact on community
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Gaining massive traction on Twitter, Reddit, and the ComfyUl community!
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主持人笔记
演示文稿备注
"There has been a lot of discussion about our work on Twitter, Reddit, and the ComfyUI community."
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I Impact on community

> Attracted over 500,000 followers across all platforms (first month)
> Gained more than 1,500 stars on GitHub
» Remained ranked second on the Hugging Face trending list for a week.
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主持人笔记
演示文稿备注
"In the first month after release, we attracted over 500,000 followers. Our demo on Hugging Face Spaces also reached #2 on the trending list and stayed there for a full week—surpassing well-known models like Qwen3."


®
Introduction

Background:

® Instruction-based image editing has garnered significant attention for its ability to transform
and process images using natural language prompts,

Challenge:

® Existing methods struggle to balance precision and efficiency.
® Training-intensive approaches achieve high-fidelity instruction execution but sacrifice efficiency,
relying on: TOM+ training examples for instruction understanding; Large-scale model parameters

(e.g., billions)

® Training-free methods save costs but suffer from poor editing precision.
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» Training-free methods cannot directly understand
instructional prompts and often fail to handle
complex tasks


主持人笔记
演示文稿备注
"Next, I’d like to briefly introduce our motivation and approach. Since the release of InstructPix2Pix, instruction-based image editing has gained a lot of attention, as it allows editing images using only natural language prompts.
From our research, we found that existing methods can be broadly categorized into two types: training-based and training-free. Both face challenges in balancing precision and efficiency. Training-based methods generally perform well and understand instructions more accurately, but they require massive datasets—for example, Meta’s EmuEdit used 10 million samples—and large model sizes.
On the other hand, training-free methods are more lightweight, but their editing quality is often poor, and they struggle to understand user instructions correctly. In contrast, our method achieves better results while using only 1% of the training parameters and 0.1% of the training data."


Motivation

How to balance precision and efficiency: motivation from previous work based on Large Scale DIT

» No additional structure modification » No fully tuning (e.g. LoRA)
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t %414 Can large scale DiT’s generation capacity and contextual awareness directly address instruction-based image editing?


主持人笔记
演示文稿备注
"By reading some recent work based on large-scale DiT models, we noticed that models like Flux show strong generation capabilities and semantic understanding. In many cases, they can perform well on downstream tasks—such as reference-based image generation—without any training or architecture changes. And with just a small amount of LoRA finetuning, they can even support ControlNet-like functionalities.
This led us to ask: Can large-scale DiTs’ generation capacity and contextual awareness directly address instruction-based image editing?"



I Motivation

IN-CONTEXT EDIT

j “Make the sun rise”



主持人笔记
演示文稿备注
"Our idea is illustrated in this concept diagram. We treat the DiT generative model like a painter. The reference image that needs to be edited is placed on the left side of a diptych, and the model—like the painter—is asked to draw the right side based on the instruction and the left image.
Since the left (input) and right (output) images are in the same context, we call this approach in-context edit. Inside the model, the image tokens from both sides are concatenated together as a single sequence."


I Exploration
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主持人笔记
演示文稿备注
"Based on this concept, we designed two training-free editing frameworks—one built on a text-to-image (T2I) model and the other on an inpainting model.
The inpainting-based framework on the right is more straightforward. The reference image is placed on the left side of the diptych, and the right side is a blank mask. The inpainting model then fills in the masked area based on the instruction, producing the final edited result.
The T2I-based framework on the left is a bit more complex, since T2I models don’t take images as direct input. So, we first invert the source image and extract its features. We initialize the denoising process with a noise image the size of the full diptych. During generation, we continuously inject the reference image features into the left side to reconstruct it, while letting the right side generate freely. This way, the model learns to ‘paint’ the right side based on the left side indirectly."


B
I Exploration-Input Prompt Variants

» In-context Prompt — instructions embedded in structure "A diptych with... On the right, the same scene but

{instruction}";

> Global Descriptive Prompt - uses full input/output captions ("On the left {input} On the right {output}").

Fa .

A diptych with two side-by-side
images ... same as on the left but {Add a
rainbow to the sky}.

iy Ny

2 A diptych with two side-by-side ... same
Make it snow as on the left but {make it snow}.

Direct Edit Instruction In-Context Edit Prompt

Input caption: V
Some palm trees
and other plants are
sitting on a highway
overpass on a

Output Caption:
Some palm trees and
other plants are
sitting on ... on a
cloudy day with a

cloudy day. rainbow in the sky.
Input caption: Output Caption:.
Two boys play with Two boys play with
a yellow frisbee = a yellow frisbee
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主持人笔记
演示文稿备注
"We also explored how different types of prompts affect the editing results. Since these foundation DiT models were not trained on instruction datasets, they typically understand only descriptive prompts—for example, those that describe a full scene, as shown on the right. When given a direct editing instruction, their performance is often poor.
However, asking users to write full descriptive prompts is not practical—most users just want to give a simple instruction, like telling the model what to change. So, we came up with a guiding prefix that wraps the instruction in a descriptive context: 'A diptych with... On the right, the same scene but {instruction}.' We call this an in-context prompt, and we found that it significantly improves editing success."
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Exploration

Training-Free Methods Show Limited Performance.

» Both T2l and inpainting DiT frameworks (based on Flux) yield suboptimal results.

» Despite these shortcomings, both demonstrate potential in following instructions and modifying edited regions

T2I In-context Edltmg Framework Results (based on Flux.1 dev)
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主持人笔记
演示文稿备注
"Here we show some editing results from our training-free frameworks. The top row is based on the T2I framework, and the bottom row uses the inpainting-based framework. While both have visible flaws in the outputs, they still demonstrate potential in following instructions and modifying the intended regions."


Exploration
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Discussion of the two training-free framework

» While both frameworks demonstrate some editing capability,

their zero-shot performance is unsatisfactory (a) Ablation study on model structure (34.2).

Settings Params CLIP-1 1 CLIP-T 1 GPT ¢
) ) ) i .. Training-free w/o IC prompt - 0.681 0.258 0.14
> We attribute this to the lack of learned image-to-image editing Training-free w/ IC prompt - 0794 0273 024
priors. This limitation could be mitigated through lightweight Only MoE module 130M  0.929  0.300  0.51
adjustments, such as finetuning or test-time scaling. LoRA (1=64) w/IC prompt 240M 0911 0301 060
Ours w/o IC prompt 214M  0.896 0.300  0.62
Ours 214M  0.907 0.305 0.68

» Given that the T2I DiT framework requires time-consuming
image inversion, we favor the inpainting-based framework for
its straightforward operation, which facilitates further
finetuning.


主持人笔记
演示文稿备注
"Through both qualitative and quantitative experiments, we found that while both frameworks show some editing capability, their zero-shot performance remains unsatisfactory. We attribute this to the lack of learned image-to-image editing priors.
This limitation, however, can be mitigated through lightweight adjustments such as finetuning or test-time scaling. Considering that the T2I DiT framework involves time-consuming image inversion, we prefer the inpainting-based framework for its more straightforward workflow, which makes it more suitable for further finetuning."


"The first two rows in the table on the right show a clear improvement in training-free methods when using in-context prompts. However, there is still a significant performance gap between training-free frameworks and the finetuned model."
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Table 1: Dataset Statistics by Task Type

Task Type Removal Addition Swap

Attribute Mod. Style Total

Count 13,272 11,938 5,823

11,484 10,530 | 53,047

OMNIEDIT: BUILDING IMAGE EDITING GENERALIST
MODELS THROUGH SPECIALIST SUPERVISION
L3Cong Wei*, 2*Zheyang Xiong®, ' *Weiming Ren, *Xinrun Du, '*Ge Zhang, ' *Wenhu Chen

! University of Waterloo, >University of Wisconsin-Madison, Vector Institute, *"M-A-P
cong.wei@uwaterloo.ca, zxiongd4 @wisc.edu, wenhuchen @uwaterloo.ca

https://tiger-ai-lab.github.io/OmniEdit/

Py .q’

e

Lat there be a shark in the watar

OmniEdit

MAGICBRUSH -7: A Manually Annotated Dataset
for Instruction-Guided Image Editing

Kai Zhang'* Lingbo Mo'*  Wenhu Chen? Huan Sun' Yu Su!
!The Ohio State University ~ 2University of Waterloo
{zhang. 13253, mo.169, su.809}Cosu.edu
https://osu-nlp-group.github.io/MagicBrush

Tum1 (c) Tum?2 (d)

Magicbrush



主持人笔记
演示文稿备注
"We performed finetuning based on the inpainting framework. Specifically, we added LoRA modules into the MMDiT blocks of Flux for finetuning. Inspired by recent work in the LLM field and considering the diversity of image editing tasks, we adopted a mixture-of-experts (MoE) design for LoRA. Multiple LoRA experts are trained together, which improves model flexibility while maintaining efficiency.
The expert selection is implicit—at each denoising step and in each block, every token selects an expert. Over the course of generation, different experts are activated at different stages.
As for training data, we initially used around 10K samples from the MagicBrush dataset and observed a significant improvement. However, since MagicBrush covers only a limited range of editing tasks, we further sampled additional data from OmniEdit to increase task diversity. In total, we used about 50K samples—roughly only 0.1% of the data size used in many previous editing works."


&
Experiment

Test results in paper

Table 1: Quantitative results on Emu Test set (§4.1). Following [4, 3], we compute CLIP-I and
DINO scores between the source and edited image, while CLIP-out measures the distance between
output caption and edited image. We also employ GPT-40 to evaluate the edited results. The Train.
Pa. means parameters finetuned for the editing task. * indicates methods that rely on output captions.

Methods Base Model  Train. Pa. Data Usage CLIP-I{+ CLIP-Out{ DINOT GPT
InstructP2P [cvpr23) SD 1.5 0.9B 0.45M 0.856 0.292 0.773 0.36
MagicBrush ewrps23 SD 1.5 0.9B 0.47M 0.877 (0.298 0.807 0.48
EmuEdit jcver24)  Close Source 2.8B 10M 0.877 0.306 0.844 0.72
UltraEdit veurrps24] SD3 2.5B 3M 0.880 0.304 0.847 0.54
FluxEdit [huggingface] Flux.1 dev 12B 1.2M 0.852 0.282 0.760 0.22
FLUX.1 Fill [huggingface] Flux.1 Fill - - 0.794 0.273 0.659 0.24
RF-Solver Edit* fienr 25 Flux.1 dev - - 0.797 0.309 0.683 0.32
ACE++ [arxiv2s] Flux.1 Fill 12B 54M 0.791 0.280 0.687 0.24
ICEdit (ours) Flux.1 Fill 0.2B 0.06M 0.907 0.305 0.866 0.68

Table 2: Quantitative results on MagicBrush
test set. Following [+], all metrics are calculated
between the edited image and GT edited image
provided by MagicBrush [].

Methods L1y CLIP-I ¢t DINO 1
InstructP2P 0.114 0.851 0.744
MagicBrush 0.074 0.908 0.847
UltraEdit 0.066 0.904 0.852
FluxEdit 0.114 0.779 0.663
FLUX.1 Fill 0.192 0.795 0.669
RF-Solver Edit* 0.112 0.766 0.675
ACE++ 0.195 0.741 0.591

iﬁ\ /%7!{ iﬁ ICEdit (ours)  0.060 0.928 0.853



主持人笔记
演示文稿备注
"We evaluated our model on several standard benchmarks. Despite using only 0.2B trainable parameters and 0.05M training samples, our performance matches that of state-of-the-art models."
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Results

Our method achieves higher editing accuracy and better preservation of non-editing regions
compared to existing approaches.
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主持人笔记
演示文稿备注
"Here we show some results. Our method achieves higher editing accuracy and better preservation of non-edited regions compared to existing approaches."


Test time scaling

» During inference, we find that initial noise significantly shapes editing outcomes, with some
inputs producing results better aligned with human preferences.

» Ininstruction-based editing, we observe that success in instruction alignment often become
evident in few inference steps, we can evaluate edit success with only a few steps

This 1s because 1t features a dark hlue sky filled

Image 2 best aligns with the edit imnstruction.
with stars, which 1s characteristic of a night scene.

O
o
3 b > | Image 1 best aligns ... ... In contrast, Image 2 has
IB a daytime appearance with a light blue sky,
VLM Judge A indicating 1t does not meet the edit requirement|
: O
i o
— |B|—> ;
Source Image
VLM Judge §&
Ly — Seed 1
4 step 10 step 28 step 50 step - - Source Image
Tt ! ; g8 | Early Step Results

Early Step for Filter Increased Step for Quality

Figure 6: Illustration of Inference-Time Scaling Strategy (§3.3). The upper rows demonstrate
that edit success can be assessed within a few initial steps. These early results are used to filter the

optimal initial noise with VLM judges.


主持人笔记
演示文稿备注
"During inference, we found that the initial noise has a significant impact on the editing outcome—some seeds produce results that better align with human preferences.
In instruction-based editing, we also observed that whether an edit aligns with the instruction is often evident within just a few inference steps. This means we can evaluate the success of an edit early on.
Based on this, we designed an inference-time scaling strategy to select better results more efficiently. Specifically, we first generate multiple candidates using different random seeds and a small number of inference steps (e.g., 10 steps). Then, we use a vision-language model (VLM) judge to evaluate which result follows the instruction best. Finally, we rerun the full inference (e.g., 50 steps) only with the selected seed. This approach helps us achieve better results while keeping the process efficient."


®
Results

The proposed inference-time scaling strategy can quickly filter the best editing
candidates at the inference stage, improving editing quality and stability.
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主持人笔记
演示文稿备注
"Here is a simple comparison between using the inference-time scaling strategy and generating results with a fixed random seed. The results produced by our inference-time scaling approach are more aligned with human preferences."


I Results

More harmonious editing results
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主持人笔记
演示文稿备注
"In addition, thanks to the strong generative priors of DiT, our model often produces more visually harmonious results during editing. For example, it can automatically add shadows, adjust font capitalization, remove reflections or mirrored objects, and handle physical lighting effects more naturally."


Results

Multi-task and ID consistent editing
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%1 # In-Context Edit: Enabling Instructional Image Editing with In-Context Generation in Large Scale Diffusion Transformer



主持人笔记
演示文稿备注
"In addition, our model is capable of handling a wide range of editing tasks, and it performs surprisingly well in preserving identity during human edits. This was an unexpected but exciting finding. We believe this strong identity preservation is largely due to the in-context design, which allows the model to effectively capture information from the reference image."


I Results
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主持人笔记
演示文稿备注
"The model can also be applied to multi-turn editing and certain image-to-image tasks, even though we didn’t specifically train it for these scenarios. These capabilities emerged naturally, demonstrating the model’s strong generalization ability."


I Some Limitations )i F
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» Object Movement: Instructions requiring spatial relocation (e.g., "move the chair to the corner")
may fail due to insufficient exposure to motion oriented data in general editing datasets.

» Semantic Understanding Limitations: While T5 demonstrates strong textencoding capabilities,
its semantic understanding remains constrained, particularly in resolving polysemous terms
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r | F | IIIIT] | —-0
e - ? -
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OVC _LACD C d O 3 DIC Add 0 O C O

Figure 7: Some failure cases of our methods, such as object movement, semantic ambiguity.
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主持人笔记
演示文稿备注
"Of course, our model also has some limitations. We found that it performs poorly on edits involving object motion. Instructions requiring spatial relocation—such as 'move the chair to the corner'—often fail, likely due to the lack of motion-related examples in general image editing datasets.

In addition, the model’s ability to understand editing instructions is still limited. While T5 provides strong text encoding capabilities, its semantic understanding—especially when dealing with polysemous or ambiguous terms—remains constrained."
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Thanks!



主持人笔记
演示文稿备注
"Thank you very much for your attention. I'm happy to take any questions."
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